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Search engines, Recommender systems, and Online advertising are playing fundamental roles in modern web
and mobile applications. In these information systems, the most significant component is the ranking system,
which selects a list of items likely to interest a user from billions of candidate items. At its core, Deep learning
to Rank (DLTR) has become indispensable for building high-performance ranking models, driving significant
gains in user engagement and business growth. In this article, firstly, we outline the key problems and
challenges in industrial-scale ranking systems. Secondly, we provide a comprehensive review of deep learning
models deployed across multiple stages of the industrial ranking pipeline, including matching, pre-ranking,
fine-grained ranking, post-ranking, and relevance-ranking. Finally, we explore novel perspectives for future
research, such as leveraging Large Language Models (LLMs). The papers discussed in this survey are listed in
https://github.com/guyulongcs/Awesome-Deep-Learning-Papers-for-Search-Recommendation-Advertising.
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1 Introduction

The proliferation of web and mobile applications (e.g., Google [124], Meta [129], YouTube [38],
Amazon [109], TikTok, Douyin [21]) has profoundly transformed and enriched daily life. However,
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Fig. 1. The multi-stage cascading ranking system in industrial search engines, recommender systems, and
online advertising.

this proliferation has exacerbated the problem of information overload, as these platforms host
millions or even billions of items.

To address this problem, industrial Search engines, Recommender systems, and Online adver-
tising employ sophisticated ranking systems to deliver a personalized list of top-K items from
billions of candidates to each user within hundreds of milliseconds. Industrial ranking systems face
several critical challenges: providing real-time personalized results under strict latency constraints,
managing the immense computational complexity of evaluating billions of items for billions of
users, and working within hardware resource limitations.

To tackle these challenges, industrial ranking systems typically adopt a Multi-stage Cascading
Ranking System paradigm (Figure 1), which decomposes the ranking task into sequential stages
(e.g., matching, pre-ranking, fine-grained ranking, and post-ranking stages), where each stage
makes a different balance between efficiency and accuracy. Specifically, each stage progressively
employs more sophisticated models to narrow down the candidate set, for instance, reducing the
pool from 10? items in the corpus to 10* after matching, 10° after pre-ranking, 10? after fine-grained
ranking, and finally to around 10 items after post-ranking.

Ranking models in the Multi-stage Cascading Ranking System are typically built using Learning
to Rank (LTR) [112], which leverages machine learning to learn models based on user feedback
[74, 93, 112, 124, 211]. Initially, classical approaches such as Logistic Regression (LR) [124]
and Gradient Boosting Decision Trees (GBDT) [60] were widely adopted in industrial LTR
before the deep learning revolution [94, 96]. Since 2012, Deep LTR (DLTR) [38, 60, 138, 210, 240]
has achieved remarkable success in industrial ranking systems, driving substantial performance
gains over traditional methods. More recently, the rise of Large Language Models (LLMs) (e.g.,
GPT [15], GPT-4 [2], ChatGPT [131], LLaMA [174]) in Natural Language Processing (NLP) has
introduced new possibilities for ranking (e.g., GR [215], TIGER [148]).

This survey provides a comprehensive review of DLTR approaches in industrial ranking systems.
First, we outline key problems and challenges in industrial ranking systems, and review the
traditional methods that were prevalent prior to the deep learning era (i.e., before 2012). Second,
we review deep learning-based approaches which are widely deployed in industrial Multi-stage
Cascading Ranking Systems between 2012 and 2026, focusing on methods validated through online
A/B testing in large-scale industrial environments. Third, we explore emerging paradigms such
as LLMs-based ranking models, which have gained prominence since 2022. Finally, we discuss
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open research problems (e.g., Cold-start problem [39], The Feedback loop problem [58], Long-term
reward optimization problem [248]) and research directions (e.g., LLM-based ranking) that are
critical for future advancements.

Differences from Previous Surveys. Although several existing surveys [34, 46, 97, 102, 106, 190, 225]
provide valuable overviews of deep learning for ranking, they exhibit several critical limitations.
First, they are primarily written from an academic perspective, often neglecting the practical
constraints and challenges of industrial-scale systems. Many of the methods discussed are validated
only on small-scale public datasets, and their efficacy in large-scale industrial environments remains
unproven. Second, they lack coverage of recent advances in industrial ranking systems such as
LLM-based ranking models, as many of them were published several years ago. While some recent
surveys [46, 106, 190] focus exclusively on LLM-based approaches, they often omit other crucial deep
learning paradigms, and the methods they discuss are frequently not validated in industrial settings.

Methods for Collecting Papers. For this survey, we used Google Scholar to identify relevant
literature on Search engines, Recommender systems, and Online advertising, which were published
in top-tier conferences (e.g., KDD, SIGIR, WWW, CIKM, ICDM, RecSys, ICLR, NeurIPS, ICML,
AAAL JJCAI) and journals (e.g., TOIS, TKDE) from 2000 to 2026. Our search keywords include
“information retrieval,” “recommender system,” “online advertising,” “matching,” “ranking,” “post
ranking,” “relevance,” “deep learning,” and “large language models.” A key filter was our requirement
that selected approaches must have their effectiveness validated through online A/B testing in
large-scale industrial environments. This selection criterion ensures that this survey contains
state-of-the-art methods proven in real-world industrial ranking systems.

In summary, the key contributions of this survey are:

—We introduce a systematic outline of the fundamental problems and challenges in industrial
ranking systems.

— We provide the first comprehensive review of DLTR approaches validated and deployed in
industrial settings.

—We offer an in-depth review of the emerging LLM-based ranking methods, examining their
promising abilities (e.g., semantic understanding, scaling laws) and integration challenges
within existing industrial architectures.

— We highlight critical open problems and future research directions essential for advancing
the state of the art in industrial ranking.

Outline of This Article. As shown in Figure 2, the remainder of this article is structured as follows:
Section 2 introduces preliminaries and key problems of industrial ranking systems in search,
recommendation, and online advertising. Section 3 provides an overview of deep learning models
within the multi-stage ranking paradigm. Sections 4-8 present detailed reviews of deep learning
approaches for matching, pre-ranking, fine-grained ranking, post-ranking, and relevance-ranking,
respectively. Section 9 discusses evaluation datasets and metrics. Section 10 explores future research
directions and open problems. Section 11 concludes the survey.

2 Overview of Ranking Systems in Search Engines, Recommender Systems, and Online
Advertising

In this section, we provide an overview of ranking systems in Search engines, Recommender systems,
and Online advertising. Section 2.1 introduces the overview of Search engines, Recommender
systems, and Online advertising. Section 2.2 details an overview of ranking systems in these
information systems. Finally, Section 2.3 introduces DLTR, the dominant methodology for learning
ranking models in industrial ranking systems.
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Fig. 2. Outline of this article.

2.1 Search Engines, Recommender Systems, and Online Advertising

Search engines, Recommender systems, and Online advertising, which select a list of items likely to
interest a user from billions of candidate items, serve as the primary engines for user growth and
business growth, playing vital roles in modern web and mobile applications. These technologies are
foundational to a wide range of platforms, including short-video services (TikTok, YouTube Shorts,
Douyin, Kuaishou), E-commerce (Amazon, Temu, TikTok Shop, Alibaba, Pinduoduo, JD.com), video
streaming (YouTube, Netflix), image-sharing platforms (Instagram, Pinterest), social networks
(Meta, WeChat, X, Reddit), local-life services (Yelp, Meituan), question-and-answer sites (Quora),
and news sites (Google News). They can enhance user engagement (e.g., satisfaction and retention)
and drive revenue growth via product sales and online advertising.

This section introduces the close relationships between Search engines, Recommender systems,
and Online advertising in Section 2.1.1. Building on this foundation, Section 2.1.2 explains our
motivation for discussing them within a unified survey. Section 2.1.3 then compares industrial and
academic research in ranking, highlighting the importance of online A/B testing in industrial ranking
systems. Consequently, this survey focuses specifically on approaches that have demonstrated
success in large-scale industrial applications.

2.1.1 Relationships between Search Engines, Recommender Systems, and Online Advertising. The
fields of Search engines, Recommender systems, and Online advertising are deeply interconnected.
Search engines (e.g., Google Search, Amazon Search) can be viewed as specialized Recommender
systems that employ relevance models (e.g., MASM [206], ReprBERT [207]) to select items relevant
to the user’s query. Online advertising is broadly categorized into search advertising and recom-
mendation advertising. The former can be understood as a specialized application of search engine
technology, while the latter applies recommender system techniques, with both systems designed
to select and present advertisements. Consequently, the underlying ranking systems across these
domains share the common paradigm.

2.1.2  Motivation for Discussing Ranking in Search Engines, Recommender Systems, and Online
Advertising in a Unified Survey. Although Search engines, Recommender systems, and Online ad-
vertising are often treated as three domains, this survey integrates them based on four fundamental
commonalities:

— A unified problem formulation. The core problem in Search engines, Recommender systems,
and Online advertising is essentially the same: effectively ranking a massive corpus of items
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in response to a user’s request. This shared objective provides a common foundation for
analyzing ranking techniques.

— A shared architectural paradigm. Industrial ranking systems across these domains typically
follow the same architectural framework: The Multi-stage Cascading Ranking System. This
pipeline, typically consisting of Matching, Pre-ranking, Fine-grained ranking, and Post-ranking
stages, is a universal design pattern for scalable ranking across all three domains.

—Cross-domain technical synergy. The deep learning models employed in these domains are
highly transferable. For instance, the Two-Tower architectures are standard for efficient
matching, while the Embedding and Multi-Layer Perceptron (MLP) paradigm forms the
backbone for fine-grained ranking models, enabling direct knowledge transfer.

—The value of a holistic view. A domain-specific perspective often leads to a fragmented
understanding. By integrating these fields, this survey provides a complete and coherent
picture of industrial ranking, providing researchers and practitioners with a unified technical
framework that fosters cross-domain innovation.

2.1.3  Comparison of Industrial and Academic Research in Search Engines, Recommender Systems,
and Online Advertising. Industrial and academic research in Search engines, Recommender systems,
and Online advertising both aim to improve ranking based on machine learning. However, they
differ in several key aspects:

—Objectives. Academic research is driven by conceptual breakthroughs and exploration of new
directions, guiding long-term progress. In contrast, industrial research focuses on enhancing
the performance and profitability of online services.

—Evaluation method. Academic research typically evaluates models on offline public datasets
using metrics such as Recall@K and Area Under the Receiver Operating Characteristic
Curve (AUC). The public datasets are small-scale (e.g., millions of examples). While useful for
controlled comparisons, these methods fail to capture the complexities of dynamic production
environments. Industrial practice treats offline results as a preliminary check, with ultimate
validation coming from online A/B tests that measure improvement in online metrics. In
offline testing, it uses large-scale industrial datasets (e.g., billions of examples) collected from
online services and uses offline metrics to validate the model’s effectiveness. In online A/B
testing, online metrics (e.g., Gross Merchandise Volume (GMV) and orders) are used to
evaluate the model’s final performance in online services. Due to the gap in evaluation, some
methods in academic research may not be effective in industrial scenarios.

—Consideration of system limitations and hardware costs. Academic research methods often
neglect system limitations and hardware costs. However, industrial research methods need
to thoroughly consider these problems. For example, industrial ranking systems have strict
latency constraints (e.g., a few hundred milliseconds). Industrial ranking systems often need
to make a tradeoff between performance improvement, system latency, and hardware costs.

Due to the gap between academic and industrial research in ranking, some academically popular
approaches have seen limited adoption in industrial ranking systems, such as Deep Reinforcement
Learning (DRL)-based ranking.

—DRL-based ranking. DRL-based ranking methods [41, 234, 248, 250] are popular in academic
research. These approaches treat ranking as a sequential decision-making problem. The goal is
to learn a policy that generates a list of items based on the user’s state to maximize long-term
cumulative reward (e.g., total time spent on the platform). Despite its theoretical appeal, they
face significant challenges in industrial settings: (1) The scales of state space and action space
in these models are extremely large because there are billions of items in industrial ranking
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systems. The state is usually represented as the sequence of historically interacted items,
and the action space encompasses the entire item corpus. This leads to unstable training and
difficulties in model convergence. (2) On-policy-based models are sample inefficient. They need
a massive amount of interaction data to learn from the current policy. The exploration needed
to collect this data can severely degrade the user experience and harm key online metrics
during training. (3) Off-policy-based models can use historical data. However, accurately
estimating the performance of a new policy using logs generated by a different production
policy is notoriously difficult and often unreliable.

Therefore, to demonstrate practical utility, models in academic research must ultimately be
validated through large-scale online A/B testing.

This survey focuses on approaches that have been rigorously tested and proven successful in
large-scale industrial ranking systems, offering researchers in academia and industry a clearer
understanding of practical challenges and proven techniques.

2.2 The Ranking System in Industrial Information Systems

In these industrial information systems (i.e., Search engines, Recommender systems, and Online
advertising), the core component is the ranking system, responsible for generating a personalized
list of top-K items for each user in real time from a large item corpus.

This section introduces the definition of the ranking problem in Section 2.2.1. It then introduces
the evaluation metrics in Section 2.2.2 and discusses the key challenges of the industrial ranking
system in Section 2.2.3. Finally, it presents the Multi-stage Cascading Ranking System paradigm in
Section 2.2.4.

2.2.1 Definition of the Ranking Problem. Consider a set of m users U = {uy, uz, ..., U} and a
set of nitems J = {iy, iy, ..., in }. Each user u; has a list of interacted items 7,,,, which the user has
expressed his/her feedback on. This feedback can be explicit, such as a rating score, or implicit,
inferred from users’ behaviors (e.g., click, add to cart, purchase behaviors in E-commerce; stay, like,
follow, collect, share, comment behaviors in content applications).

Definition 2.1. The Ranking Problem: For a user u € U, the ranking problem is to generate an
ordered list of top-K items [iy, iy, ..., ix ] (i; € I, j € [1,K]) from the entire item set 7.

2.2.2  Evaluation Metrics of Industrial Ranking System. For an industrial ranking system, the
evaluation metrics consist of performance metrics and efficiency metrics. The design of a ranking
system typically involves a tradeoff between performance and efficiency. While more complicated
ranking models often achieve better business metrics, they have the disadvantages of higher
computational cost, increased latency, and reduced throughput.

Performance Metrics of Industrial Ranking System. The primary goal of a ranking system is to
optimize online business performance metrics. These metrics are domain-specific: e-commerce plat-
forms focus on Orders and GMV [21, 105]; web search engines prioritize Clicks and Query-Change
Rate [115]; content platforms track metrics like user’s Active Days, Stay time, and Engagement
metrics [245]; and online advertising systems optimize for Ad Revenue and Effective Cost Per
Mille (eCPM) [245]. These online metrics are detailed in Section 9.4.

Efficiency Metrics of Ranking Systems. The key metrics for evaluating computational efficiency
are as follows:

—Floating-Point Operations (FLOPs). In machine learning, a model’s FLOPs represent the
number of FLOPs required for a single inference, indicating its computational complexity.
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—Latency. Latency refers to the total time taken to process a user request and return a ranking
result.
—Throughput. Throughput is the number of user requests a system can process per unit of time.

2.2.3 Challenges of the Ranking System. Industrial ranking systems must overcome several
critical challenges:

—Ranking quality. The system must identify a small set of highly relevant items for a user from
a pool of billions, as the quality of results directly impacts user satisfaction and revenue.

—Scalability. The system must efficiently handle millions or even billions of users and items.

—Low latency. Personalized rankings must be generated under strict latency constraints, typi-
cally within a few hundred milliseconds.

—Dynamic environment. The ranking system must rapidly adapt to shifting user interests and
new items.

—Hardware constraints. Deployment is constrained by the high cost of computational (e.g.,
GPU, CPU) and storage (e.g., memory) resources required to serve billions of users.

The combined constraints of high hardware costs and low latency make it infeasible to score
billions of items per user using a single complex ranking model.

2.24 The Multi-Stage Cascading Ranking System. To address these challenges, industrial ranking
systems typically adopt the Multi-stage Cascading Ranking System paradigm, which consists of
several ranking stages: matching, pre-ranking, fine-grained ranking, post-ranking, and relevance-
ranking (as shown in Figure 1).

— Matching (candidate generation). This stage retrieves a subset of N (e.g., N; = 10*) items from
all the N (e.g., N = 10°) items in the corpus. Industrial matching modules typically employ
multiple matching methods (e.g., collaborative filtering, embedding-based) in parallel and
blend their resulting candidate sets.

—Pre-ranking. This stage further narrows down the candidate set from the matching stage (e.g.,
from N; = 10* to N, = 10° items) using a faster, lighter-weight ranking model.

—Fine-grained ranking. This core ranking stage applies a more complex and accurate model to
the pre-ranked candidates to select a shortlist (e.g., N3 = 10? items).

—Post-ranking. This stage finalizes the top-K items (e.g., K = 10') from the ranking output,
often incorporating diversity constraints or business factors.

—Relevance-ranking. The Relevance-ranking model [80, 206, 211] calculates the relevance score
between a user’s query and candidate items. It is critical for search engines, but is generally
not required for pure recommender systems. Relevance-ranking can be utilized within the
matching, pre-ranking, or fine-grained ranking stages.

The multi-stage cascading paradigm enables the efficient generation of high-quality item lists
from corpora of millions or billions of items. Downstream stages (e.g., fine-grained ranking) usually
employ more accurate but computationally expensive models, resulting in higher latency compared
to upstream stages (e.g., matching). The total end-to-end latency for an industrial ranking system
typically is less than several hundred milliseconds. The key advantage of this paradigm is the ability
to balance ranking quality, hardware cost, and latency by strategically adjusting model complexity
and candidate set size at each stage.

In each stage of the multi-stage cascading paradigm, ranking is performed based on ranking
models and ranking strategies.
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The Ranking Models. Within each stage, ranking models are learned to estimate key unilateral
scores (e.g., Click-Through Rate (CTR), Conversion Rate (CVR), or Dwell Time [38]) for each
candidate item.

The Ranking Strategies. In each ranking stage, a ranking strategy (or formula) combines these
unilateral scores into a final ranking score for each item. The ranking strategies are domain-specific.

In e-commerce search and recommendation, the final ranking score s is often defined to jointly
optimize for clicks (i.e., CTR), orders (i.e., CTR - CVR), and GMV (i.e., Gross Merchandise Value,
CTR - CVR - price) [60, 228, 246], as shown in Equation (1) or (2):

ranking_score = ap * CTR + oy * CTR * CVR + oz * CTR = CVR = price, (1)

ranking_score = (1 + aq * CTR)" % (1 + ay * CTR « CVR)# % (1 + ap « CTR » CVR = price)ﬂz,
)
where « and f are tunable weight parameters, and price denotes the selling price of the item.
For content platforms (e.g., YouTube, TikTok, Douyin, Tencent Videos), the ranking score is
typically designed to maximize user engagement, as defined in Equation (3):

I
ranking_score = 1_[(1 +a; x CVR;)Pi, (3)
i=1
where each CVR; corresponds to an interaction signal (e.g., completion rate, follow rate, like rate,
collection rate, share rate, comment rate, or dwell time) [171], and @ and f are weight parameters
that control the influence of each signal.
In online advertising, the ranking score is typically the estimated eCPM (Equation (4)), which
directly maximizes platform ad revenue [240]:

CTR - bid - 1,000 : Cost-Per-Click Ads, )
CTR - CVR - bid - 1,000 : Cost-Per-Action Ads,

where bid is the advertiser’s bid price of the ad. Revenue in the Cost-Per-Click (CPC) pricing
model is based on clicks, while in the Cost-Per-Action pricing model, it is based on conversions.
The accuracy of core ranking models (e.g., CTR, CVR prediction) has a direct and significant
impact on key online business metrics (e.g., User Retention, GMV, Advertising revenue) [240]
because their ranking scores are directly used in the ranking strategy (i.e., ranking formulas).

ranking_score = eCPM = {

2.3 DLTR in Ranking Systems

In Multi-stage Cascading Ranking Systems, DLTR is widely employed to learn the ranking models
within each stage.

2.3.1 LTR. LTR [112] applies machine learning to learn ranking models that select top items
from a candidate set. Traditional LTR methods (e.g., Matrix Factorization (MF) [93], LR [124],
GBDT [211], and LR and GBDT [74]) have achieved great success in learning ranking models.

2.3.2 DLTR. Deep learning [96] has driven remarkable progress across Al domains, including
NLP, Computer Vision, and Speech Recognition. Inspired by this success, DLTR leverages Deep
Neural Networks (DNN) to learn ranking models, leading to substantial performance gains in
industrial systems since 2012 [38, 60, 210, 240]. Most recently, methods based on LLMs have shown
promising results for ranking tasks [51, 159, 215].

Model Architecture of Deep Ranking Models. Deep ranking models are built using popular deep
learning components, such as Embedding, MLP, and Transformer (shown in Figures 3-6).

Labels of Deep Ranking Models. These models are trained using implicit or explicit feedback
signals from user interactions. In E-commerce sites, common labels include clicks, add-to-cart
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actions, and purchases. In short-video platforms, labels include users’ dwell time, share, comment,
and collect behaviors on short-videos.

Features of Deep Ranking Models. The input features for deep ranking models typically encompass
user profiles [61], user behavior history, item profiles, contextual signals, queries (in search), and
cross-features.

—User profile. It consists of the user’s demographic and static information, such as user ID, age,
and gender.

—Users’ historical behaviors. They contain a sequence of items a user has historically interacted
with in the system.

—Item profile. It consists of the candidate (i.e., target) item’s attributes, such as item ID, category,
and textual description.
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— Contextual features. They contain contextual information, such as time, location, and device
type.

—Query. In search scenarios, the query feature is the user’s textual input. In recommendation
scenarios, this feature is often absent.

—Cross-features. They consist of cross-features representing interactions between different
entities (e.g., between user profile and item profile, between user’s historical behaviors and
candidate item, between query and candidate item).

3 Overview of Deep Learning in Ranking Systems

In this section, we provide an overview of the deep learning techniques most commonly employed
for industrial ranking systems.
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Deep learning [96] is a subfield of machine learning that focuses on utilizing multi-layered neural
networks to perform tasks such as classification, regression, and representation learning. It has
achieved great success in numerous Al domains (e.g., NLP [43, 126], Computer Vision [70, 94],
Speech Recognition [227]).

Popular deep learning techniques in industrial ranking include Embedding, Multi-MLP, Sequential
Models, Multi-task Modeling, DRL, LLMs, and so on.

3.1 Embedding

Embedding techniques (e.g., Word2vec, Network embedding, Graph Neural Networks) learn to map
discrete entities (words, items, users) into dense, continuous vector spaces that capture semantic
relationships, providing rich inputs for downstream networks.

Word2vec. Word2vec [126], which learns distributed vector representations of words, is the
foundation of modern deep learning in NLP.

Network Embedding. Network Embedding methods (e.g., DeepWalk [139], Node2vec [55], Struc2vec
[152], NetMF [144]) extend the Word2vec paradigm to Network presentation learning, learning
embedding vector representations of nodes in a network.

Graph Neural Networks. Graph Neural Networks (e.g., GCN [92], GAT [176], GraphSAGE [69])
have advanced graph modeling by learning node embeddings that incorporate both node features
and the graph’s topological structure (edges).

3.2 MLP

MLP [154] is a stack of fully connected layers with non-linear activation functions, forming a
foundational feed-forward architecture for learning complex feature interactions.

3.3 Sequential Models

Sequential Models (e.g., RNN, Attention, Seq2Seq, Transformer) learn the temporal dependencies
and patterns of sequential data.

Recurrent Neural Network (RNN). RNNs (e.g., LSTM [77], GRU [37]) utilize recurrent con-
nections, where the output of a neuron at one timestep is fed back as input to the network at the
next timestep. This mechanism allows RNNs to model temporal dependencies within sequences
effectively.

Attention. Attention mechanism [7, 175] allows a model to dynamically focus on the most relevant
parts of its input when making predictions, greatly improving performance on sequence tasks.

Seq2Seq. Seq2Seq [168] models use an encoder (e.g., an LSTM) to compress an input sequence
into a context vector, and use a decoder to generate an output sequence.

Transformer. Transformer [57, 175] is a network architecture that relies on a multi-head atten-
tion mechanism and point-wise feed-forward networks, eliminating the need for recurrence and
convolutions.

3.4 Multi-Task Modeling

Multi-task learning (e.g., Multi-Gate Mixture-of-Experts (MMOoE)) seeks to construct a single
model capable of learning multiple tasks concurrently.

MMoE. MMoE [119] adapts the Mixture-of-Experts framework to multi-task learning. It shares
expert submodels across all tasks and employs a gating network trained to learn the weighting of
these experts.
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3.5 DRL

DRL is a machine learning subfield that integrates Reinforcement Learning (RL) with deep
learning. It trains agents to make decisions by interacting with an environment to maximize
cumulative reward, utilizing DNNs to represent state, policies, value functions, or environment
models. Key approaches include Deep Q-learning, Policy Gradient, and Actor-Critic methods.

Q-Learning. Deep Q-network [128] approximates the optimal action-value function using a DNN
and incorporates techniques such as experience replay and target networks to stabilize training.

Policy Gradient. Policy gradient methods (e.g., REINFORCE [188]) directly optimize the agent’s
policy by adjusting parameters in the direction that increases expected rewards.

Actor-Critic. Actor-critic algorithms (e.g., Asynchronous advantage actor-critic [127], Proximal
Policy Optimization [156]) combine the strengths of value-based and policy-based methods. The
actor updates the policy, while the critic evaluates the current policy using a value function.

3.6 LLMs

LLMs (e.g., BERT, GPT), which leverage large-scale Transformer-based models for pre-training and
fine-tuning, have achieved remarkable performance. It has been one of the most exciting research
fields in Deep learning. LLMs, which consist of Textual LLMs [9, 146, 166] and Multi-Modal LLMs
(MLLMs) [2, 10, 145, 172], have demonstrated appealing scaling laws [91].

Textual LLMs. Textual LLMs [9, 146, 166] scale up Transformer-based autoregressive language
models for text understanding, significantly enhancing task-agnostic and few-shot performance in
NLP tasks. Some popular textual LLMs include:

— GPT. The GPT series (GPT [146], GPT-2 [147], GPT-3 [15], GPT-4 [2]) attains state-of-the-art
performance in natural language understanding through generative pre-training on diverse
unlabeled text corpora, followed by discriminative fine-tuning for specific tasks. They are
widely used in generative chatbots like ChatGPT [131].

— Qwen. Qwen [9, 198] is an open source LLM developed by Alibaba.

MLLMs. A primary limitation of textual LLMs is their reliance solely on text features, which fail
to capture multi-faceted information (e.g., images, audio) of items. To address this, MLLMs [2, 10,
145, 172] scale up Transformer-based models to process diverse data types such as text, images,
audio, and video, enhancing their content understanding capabilities compared to textual LLMs.
Prominent MLLMs include:

— GPT-4. GPT-4 [2] is a large-scale multi-modal model capable of accepting both image and text
inputs.

— Qwen-VL. Qwen-VL [10] is Alibaba’s MLLM-based on Qwen.

— Gemini. Gemini [172] is a family of highly capable MLLMs developed by Google.

Scaling Laws [91]. LLMs demonstrate compelling scaling laws, where model performance (e.g.,
cross-entropy loss) follows a power-law relationship with model size, dataset size, and computa-
tional resources used for training. Larger models are substantially more sample-efficient.

The subsequent sections provide detailed reviews of deep learning approaches for each stage of
the Multi-stage Cascading Ranking System: matching (Section 4), pre-ranking (Section 5), fine-
grained ranking (Section 6), post-ranking (Section 7), and relevance-ranking (Section 8).

4 Deep Learning Based Matching

This section introduces deep learning-based methods for matching, which is the first stage in a
Multi-stage Cascading Ranking System. These methods are summarized in Table 1. We define the
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Table 1. Deep Learning Based Methods for Matching

DL | LLM Method Types Models

No | No | Traditional Machine Learning User-CF [109, 155], Item-CF [109], MF [93], Swing [202], Sceptre [122]
Yes | No Embedding Item2vec [11], Airbnb [54], EGES [180], GATNE [20]

Yes | No Two-tower Two-tower [210], DSSM [80], Amazon [130], DSPR [222], TwinBERT [116], DAT [213]
Yes | No Multi-interest MIND [98], ComiRec [19], Trinity [196], KuaiFormer [110]

Yes | No Multi-objective MOPPR [238], MOBIUS [44], VQ [14]

Yes | No Graph Neural Network PinSage [212], DecGCN [114], IntentGC [232], MEIRec [45]

Yes | No Beyond Vector Dot Product NANN [31], PDN [101], TDM [244], JTM [242], OTM [247], DR [52]
Yes | No DRL Top-K off-Policy [28]

Yes | Yes Generative Retrieval GR [215], TIGER [148], COBRA [204], GRAM [135], PinRec [6]

Yes | Yes | LLM Encoder-Based Retrieval LEARN [86], ERNIE [115], NoteLLM [219, 220], LARM [113], PLUM [71]

matching problem in Section 4.1. Section 4.2 then reviews traditional matching methods widely used
before the adoption of deep learning. Section 4.3 presents deep learning-based matching methods.
Section 4.4 highlights matching approaches that leverage LLMs. Finally, Section 4.5 discusses
advanced topics in matching, such as negative sampling and Approximate Nearest-Neighbor
(ANN) search.

4.1 Definition of the Matching Problem

The matching (or candidate generation) stage aims to retrieve a subset of N items (e.g., N; = 10%)
from the entire item corpus of size N (e.g., N = 10°).
This stage presents several key challenges:

—Quality. The performance of the matching module sets the upper bound for the entire ranking
system. Retrieved items should exhibit the highest possible relevance to the user.

—Scalability. The module must retrieve items from a corpus of billions within strict latency
constraints.

—Completeness. It should retrieve diverse candidate types that a user may find interesting,
including items similar to recently interacted ones, items aligned with long-term interests,
popular items, and others.

—Diversity. Retrieved items should be diverse because an excess of similar items can reduce
user engagement.

To address these challenges, the Industrial matching modules typically employ multiple matching
methods simultaneously and merge their candidate outputs to form the final matching result.

4.2 Traditional Methods for Matching

This section introduces traditional matching methods that preceded deep learning and laid the
foundation for subsequent deep learning-based matching approaches.

4.2.1 Traditional Matching Methods in Recommendation. Traditional recommendation matching
methods include Collaborative filtering [109, 155], MF [93], and Graph-based methods [122, 202].

Collaborative Filtering [109, 155]. Collaborative filtering is one of the most successful matching
approaches in recommender systems, providing recommendations based on the preferences of
like-minded users. It consists of User-Based Collaborative Filtering (User-CF) and Item-Based
Collaborative Filtering (Item-CF).

— User-CF [109, 155]. User-CF identifies users similar to a target user, aggregates items from
these similar users, and recommends them to the target user. Each user is represented as a
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vector over items, with positive values for liked items and negative for disliked ones. Similarity
between users is typically computed using cosine similarity.

— Item-CF [109]. Item-CF finds items similar to those a user has rated positively and combines
them into a recommendation list. Item similarity is often calculated using cosine-based metrics
[155]. This method allows efficient online recommendation through precomputed similar-item
tables and scales independently of the number of users.

MF [93]. MF maps users and items into a shared latent factor space of dimension k based on the
user—item rating matrix R. The rating matrix R is factorized into user and item latent matrices P
and Q. A user u’s predicted rating on item i is given by #,; = pLq;.

Graph-Based Methods [122, 202]. Graph-based methods model relationships among items as a
graph and use link prediction for item-to-item matching. For example, Sceptre [122] constructs
a product graph with substitute and complementary relationships to recommend substitutable
and complementary products in Amazon. Swing [202] builds a user—item click graph to predict
substitutable products in Alibaba for Recommendation.

4.2.2 Traditional Matching Methods in Search Engines. Traditional search engine matching relies
primarily on Inverted indexes [195] and Query rewriting [75].

Inverted Index [195]. Inverted index is a classical matching technique. In the offline stage, it
tokenizes item text (e.g., titles or content) into terms, and builds an index mapping terms to items.
In the online serving stage, the query is tokenized, and the index retrieves items associated with
each query term.

Query Rewriting [75]. Query Rewriting addresses cases where short- or long-tail queries return
insufficient results. It rewrites the original query into a similar form to better bridge the lexical gap
between queries and items.

4.2.3  Problems of Traditional Matching Methods. Traditional methods suffer from several limi-
tations.

Problems of Traditional Matching Methods in Recommendation. Traditional matching methods in
recommendation have the following problems:

—They (e.g., User-CF [109, 155], Item-CF [109], MF [93], Swing [202]) typically rely only on ID
features (i.e., user ID, item ID), ignoring rich content features (e.g., items’ textual descriptions)
that are valuable for recommendation.

—They (e.g., User-CF [109, 155], Swing [202]) often fail to model sequential patterns in users’
historical behaviors or capture evolving user interests over time.

Problems of Traditional Matching Methods in Search. Traditional matching methods in search
engines have the following problems:

—They cannot capture the semantic relationships between queries and items, relying solely
on lexical matching. Semantically relevant items that do not contain exact query terms are
missed.

—They lack personalization, unable to incorporate user characteristics (e.g., demographics) or
behavior history. For example, a query for “shoes” should return different results for male
and female users.

4.3 Deep Learning for Matching

To overcome the limitations of traditional methods, Deep learning-based matching methods [210]
have been proposed, achieving state-of-the-art performance.
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As shown in Table 1 (“DL” represents Deep Learning), these methods include Embedding, Two-
Tower-based, Multi-interest, Multi-objective, Graph Neural Networks, Beyond Vector Dot Product,
and DRL-based matching.

During training, these methods learn embeddings for users and items using rich feature sets
(user profiles and historical behaviors, queries, item features). During serving, for a given user, they
compute a vector representation of the user based on her features and typically retrieve top-ranked
items via nearest neighbor search in the dot product space.

4.3.1 Embedding-Based Matching. Embedding-based matching approaches leverage word2vec
[11, 54] or network embedding [20, 180] to learn item embeddings and identify similar items for
matching.

Word2vec [126] has achieved great success in NLP by learning distributed representations of
words. Inspired by this, Word2vec-based matching methods (e.g., ltem2vec [11], Airbnb embedding
[54]) apply word embedding algorithms to learn item embeddings and infer item—-item relationships.

Network Embedding-based methods (e.g., DeepWalk [139], Node2vec [55], Struc2vec [152],
NetMF [144]) extend the word2vec idea to network structures, learning node embeddings within
the network. Network Embedding-based matching methods (e.g., EGES [180], GATNE [20]) frame
matching as a link prediction problem in networks. EGES [180] constructs an item graph from
user behaviors, learns item embeddings via DeepWalk [139], and incorporates side information to
mitigate cold-start issues. GATNE [20] is a heterogeneous network embedding framework that
models the multiple relationship types and item attributes.

4.3.2 Two-Tower-Based Matching. Embedding-based matching methods often rely solely on ID
features (i.e., user id, item id) and fail to capture interest evolution within user behavior sequences.
To address this, as shown in Figure 3, the Two-tower-based matching method [38, 80, 130, 210, 222]
employs the user tower and the item tower to learn the representations of the user and item
independently and computes the matching score between the user and the item via dot product.
The user tower ingests features such as user profiles and historical behaviors, while the item tower
processes item content features. During training, it learns the matching model. During inference,
it precomputes items’ embedding vectors, computes user embedding, and performs fast nearest
neighbor search over the item embeddings. Unlike existing factorization methods (e.g., MF [93],
Word2vec [126]) that use only IDs of users and items, the Two-tower-based method can incorporate
arbitrary categorical and continuous features, leading to superior performance.

The Two-tower based matching method has seen widespread industrial adoption in industrial
applications, including Video recommendation (YouTube [210]), E-commerce recommendation
(Alibaba’s SDM [117]), Web Search (Microsoft’s DSSM [80]), E-commerce search (i.e., Amazon
[130], JD’s DSPR [222], Alibaba’s MGDSPR [105]), and Search Ads (e.g., Baidu’s MOBIUS [44],
Microsoft’s TwinBERT [116]), making it the prevailing matching method.

Two-tower-based method formulates candidate generation as extreme multi-class classification
[210]. For a user u, the probability of selecting item i from corpus 7 follows a softmax distribution:

es(u,vi)

Soyer ) ©)
s(u,0j) =u-vj,

pilu) =

where u and v; denote user embedding and item embedding, respectively, s(u, v;) is the dot-product-
based matching score between user u and item v;. Given the large size of | 7|, the Two-tower-based
method uses in-batch items as sampled negatives in computing the probability. The loss function is
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the log-likelihood function:

1 N
L=~ logp(ilu), (©)
k=1

where N is the number of training instances.

After training, item embeddings are indexed for retrieval. During serving, the user embedding is
computed via the user tower, and ANN search is performed over the item embedding index using
tools like FAISS [88].

To enrich the interaction between user and item embeddings, extensions like TwinBERT [116]
combine embeddings of user and item via a max operator and feed them into a residual network,
while DAT [213] employs an augmented vector for each query and item.

4.3.3  Multi-Interest Matching. Two-tower-based methods typically represent a user with a single
vector, which may not capture the user’s diverse interests. To overcome this problem, Multi-interest
matching methods [98, 110, 196] are proposed. MIND [98] extracts multiple interest vectors from
user’s behaviors via a dynamic routing mechanism. ComiRec [19] uses a multi-interest module to
capture user’s diverse interests from user behavior sequences, retrieves candidates using multiple
interest vectors, and employs a controllable aggregation module to balance accuracy and diversity.
Trinity [196] is a unified framework for optimizing multiple, long-tail, long-term interests for
short-video matching. KuaiFormer [110] uses a Transformer to model long-term user sequences
and has been deployed for matching in short-video recommendations, leveraging multiple query
tokens to extract multi-interest representations.

4.3.4  Multi-Objective Matching. Information systems often involve multiple objectives (e.g.,
clicks, orders). Multi-objective matching methods [14, 44, 238] address this need. MOPPR [238]
uses a weighted sum of losses for multiple objectives (i.e., exposure, relevance, click, order) in
E-commerce. MOBIUS [44] integrates a relevance-ranking model to ensure retrieved items are
relevant to the user’s query in search ads. VQ [14] optimizes for multi-objective (e.g., stay-time,
finish, interaction) in Douyin’s short-video recommendation. Current multi-objective matching
methods [14, 238] mainly use a shared-bottom architecture [119] with weighted loss optimization.

4.3.5 Graph Neural Networks-Based Matching. Graph Neural Networks-based matching methods
(e.g., PinSage [212], DecGCN [114], IntentGC [232], MEIRec [45], LightGCN [72]) construct the
graph of items, and learn items’ embeddings via Graph Neural Networks for matching [47]. Graph
Neural Networks (e.g., GCN [92], GAT [176], GraphSAGE [69], HGAT [32]) excel at modeling
graph-structured data by jointly capturing node features and edge information. PinSage [212]
learns item embeddings via Graph Convolutional Network for recommendation in Pinterest. For
a query item, it recommends items whose embeddings are the K-nearest neighbors of the query
item’s embedding. To tackle the heterogeneous relationships among items, DecGCN [114] learns
decoupled embeddings to infer substitutable and complementary items.

4.3.6 Beyond Vector Dot Product-Based Matching. Two-tower models [210], which rely on vector
dot products with ANNs or Maximum Inner Product Search (MIPS) algorithms, have two key
limitations: (1) the inner product may not capture complex user—item interactions; (2) ANN or
MIPS is designed to approximate the learned inner product model, not directly optimized for the
user—item interaction data. To address these, Beyond Vector Dot Product-based matching methods
[31, 101, 244] have been proposed. Tree-based models (e.g., TDM [244], JTM [242], OTM [247]) offer
logarithmic complexity relative to corpus size, even with expressive deep networks. NANN [31]
extends ANN search to arbitrary matching functions, such as DNNs. Deep retrieval [52] learns a
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retrievable structure directly from user—item interaction data without Euclidean space assumptions
in ANN algorithms. PDN [101] combines embedding-based retrieval and item-to-item collaborative
filtering via a Path-based Deep Network.

4.3.7 DRL-Based Matching. Matching models usually optimize for short-term objectives (e.g.,
click, purchase, watch time) [210]. To optimize long-term goals, DRL-based matching methods [28]
have been introduced. DRL has achieved state-of-the-art results in long-term reward optimization,
with successes in gaming(e.g., AlphaGo [164]), biological sciences (e.g., AlphaFold [90]), and so on.
Some research applies DRL-based matching [28] to optimize long-term user engagement, which is
critical in information systems. For example, Top-K off-Policy [28] uses a policy-gradient-based
algorithm called REINFORCE for matching in YouTube’s recommender systems.

4.4 LLM-Based Matching

Recently, LLM-based approaches have emerged for matching tasks, demonstrating promising
results. These methods can be categorized into two main paradigms: Generative Retrieval and LLM
encoder-based methods.

4.4.1 Generative Retrieval-Based Methods. Generative Retrieval-based methods [6, 135, 148, 204,
215] treat retrieval as a sequence generation problem by directly decoding the identifiers of relevant
candidates.

GR [215] reformulates retrieval as a sequential transduction task, employing a Hierarchical
Sequential Transduction Unit (HSTU) to encode users’ long sequential behavior for generative
retrieval within Meta’s recommender systems. TIGER [148], an autoregressive generative retrieval
approach, decodes target candidate identifiers. It utilizes a pre-trained LLM to generate dense
item embeddings and applies a quantization scheme to create semantically meaningful tuples of
codewords, which serve as a Semantic ID for each item. Given the Semantic IDs for items in a
user session, a Transformer-based sequence-to-sequence model is trained to predict the Semantic
ID of the next item with which the user will interact. This approach differs fundamentally from
embedding-based retrieval methods, such as two-tower matching, which rely on a user interest
embedding to retrieve items. COBRA [204], a generative recommendation framework that integrates
sparse Semantic IDs and dense representations to improve accuracy and diversity, has been deployed
in Baidu’s Recommendation Ads. GRAM [135], which uses an LLM to generate text identifier codes
for queries and items, is employed in JD’s E-commerce Search retrieval. PinRec [6] is an outcome-
conditioned, multi-token generative retrieval model designed for industry-scale Recommendation
Systems at Pinterest. Its outcome-conditioned generation allows modelers to balance various
metrics, such as saves and clicks, while multi-token generation enhances output diversity.

4.4.2 LLM Encoder-Based Retrieval Methods. LLM encoder-based retrieval methods leverage
LLMs to learn item embeddings from content information (e.g., text, image, and video features) and
use these embeddings for matching.

To align with the ranking system’s characteristics, these methods typically perform Supervised
Fine-Tuning (SFT) on a pre-trained LLM. The SFT process often involves multiple stages:

—Continued pre-training stage. These methods [115] first conduct continued pre-training on
ranking system data to adapt to its distribution. For instance, ERNIE-based Retrieval [115]
performs continued pre-training on query and document text from search engine logs.

—Target-specific fine-tuning stage. Subsequently, these methods [86, 219] fine-tune the model
using standard training data for matching (e.g., predicting users’ next clicked items). For
example, ERNIE-based Retrieval [115] treats clicked items as positive examples. LEARN [86]
employs an LLM as an item encoder and conducts retrieval-oriented fine-tuning within a

ACM Transactions on Information Systems, Vol. 44, No. 4, Article 83. Publication date: April 2026.



83:18 Y.Gu et al.

two-tower model, using the LLM’s output as features for historically interacted items and
target items to predict the user’s next clicked item.

These fine-tuned LLMs excel at understanding item content. They enhance user understanding
by first processing a user’s historical interactions with an LLM to obtain item embeddings, then ex-
tracting user interest from this sequence of embeddings using sequential models like Transformers
[71, 86].

Based on the modality they process, these methods are categorized into two types:

— Textual LLM-based methods. These methods use LLMs to learn item embeddings from textual
features [86, 115, 219]. ERNIE-based Retrieval [115] employs a Transformer-based LLM to
encode queries and items for Baidu’s web search. LEARN [86] utilizes pre-trained LLMs as
item encoders to better understand textual features in Kuaishou’s short-video advertising
recommendations. NoteLLM [219] applies a textual LLM to learn embeddings of items (i.e.,
notes) from their textual information for retrieval in Xiaohongshu’s feed recommendation.

—MLLM-based methods. These methods [71, 113, 220] use MLLMs to learn item embeddings
from features across modalities (e.g., text, image, and audio features), where video is typically
processed as image frames. NoteLLM-v2 [220] uses an MLLM to extract visual information
for retrieval. LARM [113] leverages MLLMs to extract video features for live-streaming
recommendations on Kuaishou. PLUM [71] employs a MLLM to extract video features and
represent items as semantic IDs for generative retrieval in YouTube’s video recommendation.

LLM encoder-based retrieval methods offer two main advantages: (1) They improve the utilization
of item content features for matching; (2) They are particularly effective for cold-start items with
little user feedback, as LLMs can capture their characteristics from content features.

4.5 Advanced Topics in Matching

This section introduces advanced topics in matching: Negative sampling and ANN Search.

4.5.1 Negative Sampling. In training matching models, positive examples are typically items
with which users have positively interacted (e.g., clicked, ordered). However, defining negative
examples is a non-trivial challenge. Negative sampling is crucial for learning Two-tower-based
retrieval models [79, 200, 210, 216]. The Two-tower approach [210] often uses in-batch items as
negative samples. However, sampling batch negatives only from training data can result in models
with poor discriminative power for long-tail items rarely seen during training. To address this, MNS
[200] proposes a Mixed Negative Sampling approach, combining in-batch negatives with uniformly
sampled negatives to mitigate the selection bias inherent in implicit feedback. Research in Facebook
Search Retrieval [79] shows that using non-click impressions as negatives will lead to worse recall
compared to random negatives, underscoring the importance of mining hard negatives. MGDSPR
[105] generates relevance-improving hard negative samples in the embedding space. MOPPR [238]
constructs multi-positive samples across the entire space for multi-objective retrieval models,
utilizing impressed items, under-impressed items in multi-stage ranking and random negatives to
optimize multiple objectives (i.e., exposure, relevance, click, purchase). MOBIUS [44] employs a
relevance model to mine hard negatives for matching in search advertisements.

4.5.2  ANN Search. In the matching stage, ANN Search is typically performed on item embeddings
to efficiently find a subset of items most similar to a user embedding, which is much faster than
computing dot products exhaustively. Once the retrieval model is learned, embeddings of all items
are generated by passing their features through the item tower. Libraries such as FAISS [88] are
then used to build an index (e.g., HNSW [121], IVF-PQ [85]) over these item embeddings. This index
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enables fast nearest neighbor search to retrieve the most similar items to the user embedding as
matching results.

4.6 Future Work in Matching

Promising research directions in matching include LLM-based matching, Multi-objective matching,
Beyond Vector Dot Product matching, and Negative Sampling strategies.

—LLM-based matching. It represents a highly promising frontier for next-generation information

retrieval systems. This approach encompasses two main techniques: Generative Retrieval
and LLM encoder-based retrieval. For Generative Retrieval, prior work (e.g., GR [215], TIGER
[148]) has demonstrated significant potential. Future research can advance this paradigm by:
(1) Developing more sophisticated model architectures and refining training data design to
enhance generative model performance. (2) Integrating generative and dense retrieval methods
into synergistic approaches, as seen in models like COBRA [204]. (3) Improving the model’s
ability to satisfy multiple retrieval objectives simultaneously, as explored in PinRec [6].
For LLM encoder-based retrieval, existing research (e.g., [86, 115, 219]) has validated the
paradigm of using LLM for deep content understanding in dense retrieval. Key future direc-
tions include: (1) Advancing SFT methodologies tailored for retrieval tasks to learn better
LLM embeddings (e.g., [86, 115, 219]). (2) Creating more effective techniques for integrating
multi-modal embeddings (e.g., text, image, video) [71, 86, 113, 220] to achieve unified content
understanding. (3) Improving the exploitation of learned textual or MLLM embeddings in
downstream retrieval models (e.g., [86, 113]) to maximize their informational value.

— Multi-objective matching. Multi-Objective-based Matching [14, 44, 238] is a critical and long-
standing research direction because industrial ranking systems must often optimize multiple
business objectives simultaneously. While current methods predominantly rely on the shared-
bottom architecture [119], exploring more sophisticated multi-task learning techniques (e.g.,
MMOoE [237], PLE [171]) holds significant promise.

—Beyond Vector Dot Product matching. The performance of two-tower models is fundamentally
limited by the simplicity of the vector dot product for scoring. Beyond Vector Dot Product-
based matching methods (e.g., NANN [31], PDN [101]) address this limitation by enabling
more expressive user—item interactions, thereby greatly improving matching performance.
A promising future direction involves the continued exploration of novel, computationally
efficient interaction mechanisms that can better capture complex relationships between users
and items.

—Negative Sampling. Negative examples play a critical role in learning effective matching
models [79, 200, 210, 216]. Empirical studies have validated strategies like in-batch negative
sampling [210] and mixing easy and hard negatives [200]. Moving forward, developing more
sophisticated negative sampling strategies will be valuable for improving model discrimination
and robustness.

5 Deep Learning-Based Pre-Ranking

This section introduces deep learning methods for pre-ranking, which follows matching in Multi-
stage Cascading Ranking Systems. A summary of these methods is provided in Table 2. We first
define the pre-ranking problem in Section 5.1. Subsequently, Section 5.2 details Deep learning-based
methods (i.e., Two-Tower, and Two-Tower and MLP) for pre-ranking. Finally, Section 5.3 discusses
prevalent optimization objectives (i.e., Multi-objective-based and Consistency-oriented) in Deep
learning-based pre-ranking.
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Table 2. Deep Learning-Based Methods for Pre-Ranking

Deep Learning | LLM | Optimization Objective | Methods Type | Models
Yes No | Multi-objective-based Two-Tower | ASMOL [228], HIT [199]
Yes No | Multi-objective-based DNNs COLD [185]
Yes No | Consistency-oriented DNNs COPR [236]

5.1 Definition of the Pre-Ranking Problem

The pre-ranking stage aims to select a subset of N, items (e.g., N, = 10%) from the matching
module’s output (e.g., N; = 10 items). It handles a larger candidate pool under stricter latency
constraints than the fine-grained ranker. The pre-ranking model should be a lightweight, efficient
approximation of the more complex fine-grained ranking model.

Key challenges in pre-ranking include:

— Quality. The pre-ranking module’s quality is critical, as it determines which items are passed
to the subsequent fine-grained ranking stage.

—Scalability. The module must rapidly rank a lot of items (e.g., 10*), a candidate set roughly 10
times larger than that handled by the fine-grained ranking stage.

5.2 Deep Learning for Pre-Ranking

As shown in Table 2, industrial pre-ranking architectures primarily follow two types: Two-Tower-
based methods and Two-Tower and MLP-based methods.

5.2.1 Two-Tower-Based Methods. The Two-Tower-based pre-ranking model, similar to the Two-
Tower matching model (Figure 3), uses the user tower and item tower to learn representations of
users and items, and calculates the similarity between users and items via dot product. ASMOL
[228] is a Two-Tower based pre-ranking model used in Taobao Search (N; = 10°). HIT [199], a
Hierarchical Interaction-Enhanced Two-Tower pre-ranking model that enriches the two-tower
paradigm with coarse-grained user-ad interaction information, is deployed in Tencent Ads.

5.2.2  Two-Tower and MLP-Based Methods. As illustrated in Figure 4, the Two-Tower and MLP
method uses the user tower and item tower to learn representations of users and items, then
employs a MLP to model interactions between the user vector, item vector and their cross-features.

5.2.3 Comparison of Two-Tower and Two-Tower and MLP Pre-Ranking Model. The Two-Tower
and MLP approach generally achieves better performance but requires more computational re-
sources and incurs higher latency than the simpler Two-Tower model. The choice between these
architectures often depends on the number of input items to the pre-ranking module. For a large
input pool (e.g., N; > 10*), the Two-Tower model is typically preferred to minimize computational
cost and latency. For a smaller input set (e.g., N; = 10*), Two-Tower and MLP-based methods (e.g.,
COLD [185]) are used to achieve better performance.

5.3 Optimization Objectives in Deep Learning-Based Pre-Ranking

In industrial pre-ranking systems, optimization objectives generally fall into two categories: Multi-
objective models and Consistency-oriented cascade models.

5.3.1 Multi-Objective-Based and Consistency-Oriented Pre-Ranking Models.

— Multi-objective-based models. These approaches learn multiple objectives for pre-ranking
directly from user feedback. For instance, COLD [185] treats clicked items as positive samples
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and exposed-but-unclicked items as negative samples to learn a CTR pre-ranking model.
ASMOL [228] utilizes clicked items, ordered items, exposed items, items in the pre-ranking
stage, and items in the ranking stage to train a multi-objective (e.g., CTR, CVR, Relevance)
pre-ranking model in Taobao Search.

— Consistency-oriented cascade models. These methods train the pre-ranking model to align with
the ranking order of downstream stages (e.g., Fine-grained ranking stage), thereby enhancing
consistency across the ranking cascade. COPR [236], a consistency-oriented pre-ranking
framework, explicitly optimizes for alignment between pre-ranking and subsequent ranking
results. Its optimization objective ensures that items ranked highly in the fine-grained ranking
stage receive higher pre-ranking scores than those ranked lower. This framework has been
deployed in Taobao’s recommendation advertising system.

5.3.2  Comparison of Multi-Objective-Based and Consistency-Oriented Pre-Ranking Models. Consi-
stency-oriented cascade models typically achieve higher passing rates and performance metrics
than multi-objective models, as they directly learn from the ranking order of downstream stages.
However, their performance can be constrained by the quality of the downstream ranking results.
Conversely, the multi-objective model benefits from directly using user feedback as ground truth,
free from the limitations imposed by downstream ranking orders.

5.3.3 Combination of Multi-Objective-Based and Consistency-Oriented Pre-Ranking Models.
Consequently, industrial pre-ranking modules often combine both optimization approaches. A
common deployment strategy employs parallel models, where the multi-objective and consistency-
oriented models are treated as separate entities. These two models require distinct training data
and are developed independently during the offline training. For online serving, they are deployed
as independent services. Upon receiving a user request, the two models generate their respective
pre-ranking scores, s;, and s;,, in parallel. Then, the final pre-ranking score for item i is computed
by combining s;, (from the Multi-objective-based model) and s;, (from the Consistency-oriented
cascade model), as defined in Equation (7):

final_pre_ranking_score = (1 + ap * sio)ﬁﬂ * (14 ap * sil)ﬁl, (7)
where g, a1, o, f1 are tunable weight parameters.

5.4 Future Work in Pre-Ranking

Promising research directions for pre-ranking include: Developing more sophisticated pre-ranking
models and Consistency-oriented pre-ranking models.

—Sophisticated pre-ranking models. Current industrial pre-ranking models primarily rely
on the Two-Tower or Two-Tower and MLP paradigms [185, 228] for efficiency. However,
this architecture limits expressive power by preventing deep feature interactions between
users and items. A promising research direction is to explore more powerful yet efficient
architectures, such as those incorporating lightweight attention mechanisms between items
and user behavior sequences or introducing critical feature interactions. This would narrow
the performance gap with fine-grained ranking while maintaining efficiency.

—Consistency-oriented pre-ranking. Research has shown that improving consistency between
Pre-ranking and Fine-grained ranking leads to significantly better pre-ranking performance
[236]. The future of this direction lies in exploring more advanced consistency-learning
techniques, such as developing better methods to leverage relative ranking orders information
from the fine-grained ranker.
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Table 3. Deep Learning-Based Methods for Fine-Grained Ranking

DL | LLM Method Types Models

No | No | Traditional Machine Learning LR [124], GBDT [211], LR and GBDT [74], FM [151], FFM [89]

Yes | No DNNs YouTube DNN [38], Airbnb DNN [67, 68], Wide and Deep [36], DLRM [129]

Yes | No Sequence Modeling DIN [240], DMT [60], BST [30], TransAct [191], DIEN [239], RACP [48], FIM [178]

Yes | No Long Sequence Modeling SIM [142], ETA [29], SDIM [17], QIN [65], TWIN [22], TWIN V2 [162], TransAct-v2 [192]

Yes | No Feature Interactions DCN [181], DCN-v2 [182], GDCN [177], DeepFM [64], AutoInt [165], CAN [13]

Yes | No Multi-task Learning MMOoE [237], DMT [60], PLE [171], MoSE [143], ESSM [120], HOME [183], AdaTT [100], STEM [134]
Yes | No Multi-domain STAR [160], ZEUS [58], PEPNet [23], APG [194], POSO [39], HoME [183], MLORA [205]

Yes | No Multi-modal Image CTR [53]

Yes | Yes Generative Ranking GR [215], GenRank [81], LUM [193], GPR [223], OneRec [42], OneSug [66], OneLoc [186]

Yes | Yes Sequence Modeling Scaling LONGER [21], STCA [62], PinFM [33]

Yes | Yes | Feature Interactions Scaling Wukong [217], DHEN [218], Hiformer [63], RankMixer [245], OneTrans [229], HyFormer [82]
Yes | Yes LLM Encoder LEARN [86], ERNIE [115], HLLM [26], SimTier and MAKE [159], MUSE [189], MOON [221], LARM [113]

6 Deep Learning-Based Fine-Grained Ranking

This section introduces deep learning-based methods for Fine-grained ranking (often called “Rank-
ing”), which follows pre-ranking in a Multi-stage Cascading Ranking System. These methods are
summarized in Table 3. We define the fine-grained ranking problem in Section 6.1. Section 6.2 then
reviews traditional methods that were widely adopted prior to the use of deep learning. Building on
this foundation, Section 6.3 details deep learning-based methods for fine-grained ranking. Section 6.4
examines emerging techniques that leverage LLMs. Finally, Section 6.5 discusses advanced topics,
including the Delay Feedback problem and loss function design.

6.1 Definition of the Fine-Grained Ranking Problem

The fine-grained ranking (or Ranking) stage retrieves a subset of N3 items (e.g., N3 = 10%) from the
pre-ranking module’s output (e.g., N, = 10° items).
This stage presents two primary challenges:

—Quality. The ranking module’s quality is critical, as only its selected items (e.g., 10%) are passed
to the subsequent post-ranking stage.
—Scalability. The module must select this subset from approximately 10° items with low latency.

6.2 Traditional Methods for Ranking

The Industrial ranking module predominantly used traditional machine learning models (e.g., LR
[124], GBDT [60]) as ranking models prior to 2012.

LR [124] applies LR for CTR prediction in Google Search. GBDT has been widely used for both
Search [211] and Recommendation [60]. The LR and GBDT [74] approach uses GBDT to generate
features for an LR-based ranking model in Meta’s recommendation Ads.

Feature Crossing. To enhance feature interactions more effectively, Factorization Machine
(FM)-based methods [89, 151] were proposed. FM [151] models interactions between features using
factorized parameters. FFM [89] extends this concept with field-aware FM for CTR prediction.

6.3 Deep Learning for Fine-Grained Ranking

Deep learning has achieved significant success by consistently outperforming traditional methods
(e.g., LR [124], GBDT [74], FM [151]) for fine-grained ranking in industrial systems. As summarized
in Table 3, these methods encompass DNNs, Sequential Modeling, Long Sequence Modeling, Feature
Interaction Modeling, Multi-task learning, Multi-domain learning, and Multi-modal approaches.
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6.3.1 DNNs-Based Methods. DNNs-based ranking models typically follow the Embedding and
MLP paradigm [36, 38, 67, 73]. In this paradigm, input features are firstly mapped into low-
dimensional embedding vectors, grouped and transformed into fixed-length vectors, concatenated,
and then fed into an MLP to learn non-linear feature relations.

YouTube DNN ([38] applied DNNs for ranking in YouTube’s recommendation system. Deep
Crossing [157] employed DNN to automatically combine features for Microsoft’s Web Search.
Airbnb DNN [67, 68] shared practical experiences in applying DNNs to Airbnb Search. Wide and
Deep [36] jointly trains DNNs and wide linear models to combine the benefits of generalization
and memorization for Google Play recommendations. DLRM [129] demonstrated the effectiveness
of DNN in Meta’s recommender systems. Google Search Ads [4] presented engineering insights for
CTR prediction in industrial-scale advertising recommendation.

6.3.2 Sequential Modeling. Sequential models aim to extract user interest representations from
historical behaviors, which is critical in industrial ranking systems. These methods include pooling,
attention, RNN, Transformers, and frequency-aware approaches.

— Pooling. YouTube DNN [38] uses average pooling to aggregate a user’s historical behaviors
into a single vector.

— Attention. DIN [240] highlights that users may have multiple interests in historical behaviors,
and uses attention mechanism to adaptively learn the representation of user interests which
varies over different target items.

—RNN [76, 103, 149, 239]. To model the evolution of user interests over time, RNN-based
approaches were proposed. DIEN [239] incorporates an RNN-based interest evolving layer
to capture dynamic user interest processes. HUP [59] uses LSTM to model fine-grained
micro behaviors (e.g., clicks on item components like pictures or comments) for E-commerce
recommendation. DSIN [50] applies LSTM to model how users’ interests evolve among
sessions in Taobao’s E-commerce recommendation. RACP [48] uses an RNN to model user’s
contextualized page-wise feedback within a session for Taobao search.

— Transformer [30, 60, 166, 191]. Transformer-based approaches [30, 60, 191, 203] have achieved
state-of-the-art performance in sequence modeling for ranking. DMT [60] employs multiple
transformers to simultaneously model different types of user behavior sequences in JD’s
E-commerce recommender system. BST [30] utilizes a self-attention-based architecture in
Taobao’s recommender system. TransAct [191] employs a Transformer to model user’s real-
time behavior sequences for Pinterest recommendations.

— Frequency-aware [178, 241]. These techniques process user behavior in the frequency domain.
FMLP-Rec [241] is an all-MLP model that applies learnable filters to reduce noise in historical
behavior data in the frequency domain. FIM [178] uses the Fourier transform to convert
temporal behavior sequences into the frequency domain, allowing the model to dynamically
perceive users’ periodic patterns.

6.3.3 Long Sequence Modeling. Modeling user interests from long-term behavior sequences is
crucial in industrial ranking systems [29, 140, 142], as these long-term behaviors faithfully reflect
user preferences. SIM [142] employs a General Search Unit (GSU) to extract a subset of user
behavior sequences relevant to candidate items from long sequential data, followed by an Exact
Search Unit (ESU) to model precise relationship between candidate items and subsequences in
advertising recommendations. ETA [29] utilizes locality-sensitive hashing to significantly reduce the
costs of identifying similar items in long sequence modeling. SDIM [17] proposes a sampling-based
end-to-end approach for modeling long-term user behaviors by sampling multiple hash functions to
generate hash signatures for both candidate items and items in the user behavior sequence. QIN [65]
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first employs a relevance search unit to identify subsequences related to user queries and then
further extracts sub-subsequences relevant to target items in Kuaishou search. TransAct-v2 [192]
models lifelong user action sequences for Pinterest recommendations. However, these methods
face a key limitation: inconsistent relevance metrics between the target item and user behaviors in
the GSU and ESU stages. To address this, TWIN [22] introduces a consistency-preserving approach
that aligns GSU and ESU objectives. TWIN V2 [162] further employs hierarchical clustering to
group ultra-long behavior sequences, enabling more accurate and diverse user interest extraction.

6.3.4 Feature Interactions. Identifying effective feature interactions is essential for learning
ranking models [36, 182]. The following categories of feature interaction models have been proposed:

— DNN-based. Deep Crossing [157] exploits MLP to automatically learn implicit cross-feature
representations.

— Explicitly feature crossing-based. Wide and Deep [36] combines wide linear models with DNNs
to explicitly model feature interactions for Google Play recommendations. MemoNet [224]
uses a multi-hash codebook network as a memory mechanism to efficiently learn and store
cross-feature representations in CTR prediction.

— FM-based. Inspired by FM [151], DeepFM [64], and NFM [73] integrate FM with DNNs for
ranking tasks.

— DCN-based. DCN [181] explicitly crosses features at each layer with input features. DCN-
v2 [182] enhances DCN’s expressiveness in modeling complex explicit cross-features and
is deployed in Google’s recommender systems. GDCN [177] captures high-order feature
interactions and dynamically filters important interactions via an information gate.

— Transformer-based. Autolnt [165] uses self-attention mechanisms to automatically learn high-
order feature interactions of input features.

— Parameter Network-based. CAN [13] uses a Co-Action Network to approximate explicit pair-
wise feature interactions without introducing excessive parameters, computing interactions
by passing one feature’s embedding through another feature’s parameter network (i.e., MLP).

6.3.5 Multi-Task Learning. Multi-task learning-based methods aim to optimize multiple objec-
tives in industrial ranking systems simultaneously. YouTube MMoE [237] applies MMOoE [119] to
optimize for multiple ranking goals in YouTube recommendations. DMT [60] uses MMOoE to simul-
taneously optimize multiple tasks in JD’s E-commerce recommender systems. PLE [171] explicitly
separates shared and task-specific experts and employs a progressive routing mechanism to extract
and disentangle deeper semantic knowledge gradually in Tencent’s News recommendation. HOME
[183] utilizes a hierarchy of multi-gate experts for multi-task learning in Kuaishou’s short-video
recommendation. AdaTT [100] constructs a deep fusion network with task-specific and shared
fusion units at multiple levels in Meta’s recommender systems. ESSM [120] models CVR prediction
directly over the exposure space by jointly modeling CTR and CVR tasks. STEM [134] incorporates
task-specific embeddings to capture user’s varying interests across tasks.

6.3.6 Multi-Domain Learning. Industrial information systems often have multiple domains and
scenarios with varying data distributions. Multi-domain learning models [23, 58, 160, 194] aim to
capture domain-specific characteristics and can be categorized into Domain-wise and Instance-wise
methods.

— Domain-wise methods. They learn a specialized model for each domain. STAR [160] is a
single model that serves all domains, where the network of each domain consists of two
factorized networks: one centered network shared by all domains and one domain-specific
network tailored for each domain. ZEUS [58] first performs self-supervised learning on users’
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spontaneous behaviors to mitigate the feedback loop problem in Recommender systems and
generates a pre-trained model, and then learns domain-aware ranking models for multiple
scenarios by fine-tuning the pre-trained model based on users’ implicit feedback in multiple
scenarios. POSO [39] introduces user-group-specialized sub-modules to enhance personaliza-
tion in ranking models. MLORA [205] proposes a Multi-domain Low-Rank Adaptive network
for CTR prediction, incorporating a specialized LoRA [78] module for each domain. HoME
[183] uses a hierarchy masking mechanism to improve sharing efficiency between tasks and
gating mechanisms to ensure each expert could obtain appropriate gradient to maximize its
effectiveness.

— Instance-wise methods. They learn specific neural network parameters for each sample in-
stance. Inspired by LHUC [169], PEPNet [23] incorporates personalized prior information
to dynamically scale embeddings and DNN hidden units via a gate mechanism. APG [194]
dynamically generates network parameters based on instance-level features.

6.3.7 Multi-Modal. Modeling multi-modal data [53, 159] is critical in large-scale industrial
ranking systems because the multi-modal features can reflect both item characteristics and user
preferences. For example, Image CTR [53] captures user image preferences by modeling images of
target items and user’s historical items in Taobao’s E-commerce advertising recommendation.

6.4 LLM-Based Fine-Grained Ranking

Recently, LLMs-based methods [215] have achieved great success in fine-grained ranking. They
consist of Generative Ranking, Sequence Modeling Scaling, Feature Interactions Scaling, and LLM
encoder-based methods.

6.4.1 Generative Ranking. Generative Ranking methods [42, 66, 81, 193, 215] directly decode
target candidates’ identifiers. GR [215] reformulates ranking as a sequential transduction task,
employing a HSTU to encode user’s long sequence for generative ranking in Meta’s recommender
systems. GenRank [81] treats items as positional information and iteratively predicts user behaviors.
LUM [193] introduces a “next-condition-item prediction” task to align generative pre-training with
discriminative applications. Recently, the One-Model paradigm (e.g., OneRec [42], OneSug [66],
OneLoc [186], OneSearch [25], GPR [223]) proposes end-to-end generative ranking models that
directly generate a list of items, replacing the multi-stage cascading ranking paradigm to address
issues like computational fragmentation and optimization inconsistency problems. OneRec [42]
encodes the user’s historical behavior sequences and gradually decodes the videos that the user
may be interested in Kuaishou’s video recommendation. OneSug [66] offers a unified End-to-
End generative framework for query suggestions. OneLoc [186] provides geo-aware generative
recommendations for local services in Kuaishou. OneSearch [25] is an end-to-end generative
framework for e-commerce search in Kuaishou. GPR [223] is a generative pre-trained one-model
paradigm for large-scale advertising recommendations in Tencent.

6.4.2 Sequence Modeling Scaling. Inspired by scaling laws [91] and Transformer success in LLMs,
Sequence Modeling Scaling-based methods [21, 33, 62] scale up Transformers for long sequence
modeling. LONGER [21] optimizes transformer for GPU-efficient recommenders in Bytedance
by compressing sequences of length 2,000 via token merging. STCA [62] uses Stacked Target-
to-History Cross Attention to directly model sequences up to 100,000 in length for ranking in
Douyin’s Short-Video recommender systems. PinFM [33] pre-trains a 20B+ parameter transformer
foundation model on extensive user activity data and fine-tunes it for billion-scale visual discovery
at Pinterest.
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6.4.3  Feature Interactions Scaling. Feature Interactions Scaling-based methods [82, 217, 229, 245]
scale up feature interaction components to establish analogous scaling law for ranking systems,
where the ranking quality can be continuously improved in conjunction with dataset size, compute
power, and parameter budgets. Wukong [217] uses a network of stacked factorization-machine
blocks and linear compression blocks to capture arbitrary-order feature interactions, demonstrating
strong scaling properties within Meta’s recommender systems. Similarly, DHEN [218] employs a
deep hierarchical ensemble of heterogeneous interaction modules, learning a hierarchy of feature
interactions across different orders, and achieves effective scaling by progressively stacking multiple
feature-crossing layers. Hiformer [63] employs a heterogeneous Transformer for feature crossing
in Google, enhancing expressiveness through heterogeneous self-attention (feature field aware
parameters in query, key, value projections) and heterogeneous Feed-Forward Networks (feature
field aware parameters in FFN). RankMixer [245] replaces Hiformer’s heterogeneous self-attention
module with the multi-head token mixing module (similar to Mlp-mixer [173]), and leverages
a sparse Mixture of Experts in heterogeneous FFN (i.e., Per-token Feed-Forward Networks) to
scale to one billion dense parameters. OneTrans [229] and HyFormer [82] utilize a unified Trans-
former backbone to concurrently handle user-behavior sequence modeling and high-order feature
interaction learning.

6.4.4 LLM Encoder-Based Methods. They leverage LLMs to learn item embeddings from content
information (e.g., text, images, and video features) and subsequently use these embeddings for
ranking. These methods can be categorized into two types based on their input modalities:

—Textual LLM-based methods. These methods employ LLMs to extract item embeddings from
textual features [26, 86, 251]. For example, ERNIE-based Ranking [251] uses a Transformer-
based LLM to model the concatenation of query and item embeddings for Baidu’s web search
ranking. HLLM [26] uses an Item LLM to extract embeddings from item text descriptions and
a User LLM to predict future user interests based on interaction history and the extracted item
embeddings. LEARN [86] utilizes pretrained LLMs as item encoders to extract embeddings
from textual features for Kuaishou’s short-video recommendation.

—MLLM-based methods. These methods [113, 159] use MLLMs to extract embeddings from
multi-modal features. For instance, SimTier and MAKE [159] employs pre-training on multi-
modal item representations (i.e., image and text) to capture semantic similarity for product
recommendation in E-commerce. MUSE [189] exploits multi-modal embeddings to retrieve
related items from a user’s long-term behavior sequence for sequence modeling in display
advertising. MOON [221] is a generative MLLM-based model for product representation
learning in e-commerce. LARM [113] leverages MLLMs to capture video features and model
temporal dynamics for live-streaming recommendation in Kuaishou.

6.5 Advanced Topics in Fine-Grained Ranking

In this section, we introduce advanced topics in fine-grained ranking: The Delay Feedback problem
and Loss function.

6.5.1 The Delay Feedback Problem. The Delay Feedback problem is common in industrial ranking
systems, which update ranking models in an online streaming learning manner to catch up with the
real-time data distribution, as training labels (e.g., conversion in E-commerce) may arrive hours or
days after an impression. This creates a tradeoff between waiting for accurate labels and using fresh
data: a short waiting window risks mislabeling positives as negatives, while a long window delays
model updates. Several methods address this challenge. DFM [24] introduces an auxiliary model to
capture conversion delay for CVR prediction in Criteo recommendation ads. Twitter [95] tackles
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delayed feedback in CTR prediction with principled loss functions. FSIW [208] addresses the delay
feedback problem in CVR prediction at Cyberagent using an importance weighting approach. ESDF
[184] discretizes delay time into day slots and models the probability via survival analysis with DNN
for CVR prediction. ES-DFM [201] models the relationship between observed and true conversion
distributions, and estimates instance-specific importance weights for the loss function in Taobao
Search. DEFER [56] incorporates real negative samples and uses importance sampling to adjust
loss weights in CVR prediction at Taobao’s recommendation ads. DEFUSE [35] refines importance
weights at a finer granularity for different sample types (immediate positive, fake negative, real
negative, and delay positive). Google [5] splits the label as a sum of labels with different delay
buckets and trains each label bucket only on the mature label for CVR prediction.

6.5.2 Loss Function. Loss functions for learning ranking models are broadly categorized into
three types:

—Point-wise loss function [107, 111]. Industrial ranking systems usually treat the ranking
problem as a binary classification problem and use the cross-entropy loss function to learn
the ranking models (e.g., CTR, CVR).

—Pairwise loss function. Studies [99, 107, 158] demonstrate the effectiveness of combining
cross-entropy loss with pairwise ranking loss for CTR and CVR prediction.

—Listwise loss function. Yan et al. [197] combine cross-entropy loss with pairwise or listwise
ranking loss for CTR prediction in Google Search Ads. Similarly, Bai et al. [8] show the
effectiveness of combining cross-entropy loss with list-wise ranking loss for CTR prediction
in YouTube Search.

6.6 Future Work in Fine-Grained Ranking

Promising research directions for fine-grained ranking include: LLM-based Ranking, Long Sequence
Modeling Scaling, Feature Interactions Scaling, Multi-task Learning, and Multi-domain Learning,.

—LLM-based ranking. LLM-based ranking represents a transformative innovation in information

retrieval, consisting of Generative Ranking and LLM encoder-based ranking. For Genera-
tive Ranking, research has demonstrated its effectiveness in ranking [42, 66, 81, 193, 215].
Future directions include: (1) Developing more robust and efficient generative architectures
specifically designed for ranking [215]. (2) Innovating in the design of high-quality training
data to teach models to learn efficiently from user feedback [81]. (3) Pioneering methods to
drastically reduce inference latency and computational cost, which are primary barriers to
online deployment.
For LLM encoder-based ranking, existing research has proven the effectiveness of using LLM
as powerful content embedding extractors for ranking (e.g., [26, 86, 113, 159, 251]). Critical
future directions include: (1) Advancing supervised fine-tuning techniques to produce more
discriminative and task-specific embeddings from LLMs for ranking (e.g., [81, 193, 215]). (2)
Designing novel model architectures that can more effectively incorporate and utilize these
rich LLM-derived embeddings (e.g., [113, 159]).

—Long sequence modeling. Effectively modeling users’ long behavior sequences is paramount
for capturing user intent in industrial ranking systems (e.g., SIM [140], ETA [142], TWIN V2
[162], LONGER [21], STCA [62]). The field has evolved from retrieval-based methods (e.g.,
hard search [140], locality-sensitive hashing [142], consistency-preserved retrieval [162])
to end-to-end modeling techniques [21, 62, 215]. Promising research directions include: (1)
Developing novel models and engineering solutions that balance the expressive power of end-
to-end modeling with its computational and infrastructural costs. (2) Pioneering methods to
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Table 4. Deep Learning-Based Methods for Post-Ranking

Deep Learning Method Types Models
No Traditional Machine Learning MRR [18], DPP [27, 187]
Yes List-wise PRM [138], DLCM [3], Airbnb Search [1], RankFormer [16]
Yes Generator-Evaluator PRS [49], PIER [161], NAR4Rec [150], Seq2slate [12], MiRNN [246]
Yes DRL SlateQ [83], Value-based RL [137]

model a user’s complete, lifelong behavioral history to achieve a truly holistic understanding
of user preferences.

—Feature interactions. Capturing sophisticated feature interactions is a cornerstone of high-
performing ranking models (e.g., DCN-v2 [182], Wukong [217], Hiformer [63], RankMixer
[245]). A primary research direction involves investigating more expressive and efficient
interaction mechanisms. The key challenge is to design models that can automatically identify
high-order, non-linear interactions between features without incurring prohibitive computa-
tional overhead, thereby pushing the boundaries of predictive accuracy.

— Multi-task learning. Multi-task Learning (e.g., MMoE [237], PLE [171]) is of enduring im-
portance as industrial ranking systems inherently involve optimizing multiple objectives.
Promising research directions are: (1) Designing more sophisticated parameter-sharing and
gating mechanisms to better model synergies and conflicts between tasks, leading to im-
provements across all objectives. (2) Enhancing the performance of a primary task (e.g.,
CVR prediction) by leveraging supervisory signals from auxiliary tasks (e.g., dwell time,
add-to-cart).

—Multi-domain learning. Industrial ranking systems usually have multiple domains and sce-
narios with varying data distributions. Multi-domain learning (e.g., STAR [160], ZEUS [58],
PEPNet [23]) is essential for building unified, scalable ranking models. A significant research
direction is to develop more robust and parameter-efficient architectures that can effectively
learn both shared knowledge and domain-specific characteristics, enabling strong performance
across all scenarios while minimizing training and maintenance complexity.

7 Deep Learning-Based Post-Ranking

This section introduces deep learning methods for post-ranking, which follows fine-grained rank-
ing in Multi-stage Cascading Ranking Systems, as summarized in Table 4. We define the post-
ranking problem in Section 7.1. Section 7.2 then reviews traditional post-ranking methods that were
prevalent before the adoption of deep learning. Finally, Section 7.3 presents Deep learning-based
approaches for post-ranking.

7.1 Definition of the Post-Ranking Problem

The post-ranking stage selects top-K items (e.g., K = 10) from the output of the fine-grained ranking
stage (e.g., N3 = 107 items). These items are directly presented to the user and must account for both
mutual influences among items and a balance between short-term efficiency metrics (e.g., click,
conversion) and long-term engagement metrics (e.g., diversity, dwell time, and user retention). In
contrast, the fine-grained ranking stage evaluates items independently without considering their
interdependencies.

Key challenges in post-ranking include:

—Quality. The quality of the post-ranking module is critical because the selected items are
directly exposed to users.
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—Short-term and long-term engagement optimization. The module must optimize for both
immediate user interactions (e.g., clicks) and long-term user engagement (e.g., dwell time and
retention).

7.2 Traditional Methods in Post-Ranking

Traditional Methods (e.g., MRR [18] and DPP [27, 187]) in post-ranking primarily focus on diversi-
fication [18], which is an important objective in post-ranking, as presenting varied results offers
users greater choice and improves overall experience.

MRR [18] is a diversification method that selects items based on marginal relevance, favoring
documents that are both relevant to the query and minimally similar to previously selected items.
DPP [27, 187] employs a determinantal point process to generate recommendations that are both
relevant and diverse.

7.3 Deep Learning-Based Post-Ranking

Deep learning-based post-ranking methods [138] directly learn the post-ranking model based on
user’s feedback (e.g., clicks). As shown in Table 4, Deep learning-based post-ranking methods can
be categorized into List-wise models, Generator-Evaluator methods, and DRL-based methods.

— Listwise-based methods. As illustrated in Figure 6, List-wise-based methods use an interaction
layer such as self-attention [138] to capture the influence among items. PRM [138] employs a
Transformer to model the mutual influence between items for post-ranking in E-commerce
recommendation. DLCM [3] uses a RNN to encode the top retrieved results and refines the
ranked list through a local context model. Airbnb Search [1] applies a RNNs-based model to
diversify search results in Airbnb. RankFormer [16] leverages Transformer to learn from both
relative feedback on individual items and absolute user feedback on the overall list.

— Generator—Evaluator-based methods. The Generator—Evaluator architecture operates in two
stages: first, heuristic methods such as beam-search generate several top-K candidate lists;
second, an evaluation model selects the optimal permutation from the candidate lists. Seq2slate
[12] is a sequence-to-sequence model for post-ranking that predicts the next best item given
the already selected items. MiRNN [246] frames post-ranking in E-commerce search as a
sequence generation problem, using a RNN to capture the mutual influences between items
and optimize the ranking order for GMV metric. PRS [49] is a permutation-wise two-stage
framework consisting of a permutation-matching stage and a permutation-ranking stage. In
the permutation-matching stage, it uses permutation-wise and goal-oriented beam search to
generate multiple candidate lists. In the permutation-ranking stage, it employs a permutation-
wise ranking model to evaluate the candidate lists. PIER [161] integrates the generator and
evaluator into an end-to-end trainable model. NAR4Rec [150] adopts a non-autoregressive
approach for post-ranking, using a matching model to improve convergence and a sequence-
level training method to enhance overall utility.

— DRL-based methods. DRL-based methods [83, 137, 234, 249] directly optimize the desire metrics-
based on DRL. SlateQ [83] decomposes the long-term value of a rank list into a tractable
function of its constituent items in YouTube recommendations. Value-based RL [137] applies
an evolution-strategy-based RL algorithm to directly optimize the overall value of the ranking
list.

7.4 Future Work in Post-Ranking

The promising research direction for post-ranking is: Long-term reward optimization.
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Table 5. Deep Learning-Based Methods for Relevance-Ranking Model

Deep Learning | LLM Method Types Models
No No | Traditional Machine Learning GBDT [211]
Yes No Embedding and MLP DSSM [80], MASM [206]
Yes No BERT-based ReprBERT [207], SPM [214], DeepBoW [108]
Yes Yes LLM-based ELLM-rele [231], GenFR [209], HCMRM [51], Walmart [125]

—Long-term reward optimization. While post-ranking has traditionally focused on optimizing
diversity (e.g., MRR [18]) or item relationships (e.g., PRM [138]), the most critical yet challeng-
ing research direction is the direct optimization of long-term user value (e.g., user’s retention),
which is paramount to the health of an online platform. Although some research (e.g., FeedRec
[248]) has attempted to use DRL for this problem, these methods face significant practical
barriers to industrial adoption. Consequently, developing practical and scalable methods to
directly optimize long-term rewards in post-ranking remains a significant and open research
problem.

8 Deep Learning-Based Relevance-Ranking

This section details deep learning methods for Relevance-ranking, which is a core task in search.
Relevance-ranking models are often used in the matching, pre-ranking, and fine-grained ranking
stages of industrial search engines and search advertising. A taxonomy of these models is provided
in Table 5. Section 8.1 establishes the definition of the Relevance-ranking problem. Section 8.2
reviews traditional methods that preceded deep learning. The core of our discussion in Section 8.3
focuses on Deep Learning-based methods, leading to a dedicated analysis of cutting-edge LLM-based
techniques in Section 8.4.

8.1 Definition of the Relevance-Ranking Problem

Industrial search engines and search advertising systems employ Relevance-ranking models [80,
206, 211] to ensure that the retrieved items are relevant to the user’s query. The relevance models
compute the relevance scores between queries and retrieved items.

Relevance-Ranking in Matching, Pre-Ranking, and Fine-Grained Ranking Stages. Relevance-ranking
models of varying computational complexity are typically deployed across matching, pre-ranking,
and fine-grained ranking stages to ensure the final results are relevant to the query. During matching
and pre-ranking, a lightweight relevance model filters out less relevant results (e.g., items not
belonging to the query’s category). In the fine-grained ranking stage, a sophisticated relevance
model produces more accurate relevance scores, which prioritize the most relevant results.

Challenges of Relevance-Ranking. Relevance-ranking faces two primary challenges:

—Semantic matching. Queries and items may be semantically related despite lacking lexical
overlap.

—Limited training data. Establishing ground-truth relevance requires costly human-labeled
relevance data.

8.2 Traditional Methods in Relevance Model

Traditional relevance models typically utilize classical machine learning techniques such as GBDT
[211] to generate relevance scores.

ACM Transactions on Information Systems, Vol. 44, No. 4, Article 83. Publication date: April 2026.



DLTR in Search Engines, Recommender Systems, and Online Advertising 83:31

8.3 Deep Learning Methods in Relevance Model

Deep learning based methods [80, 206, 207] have achieved better performance than traditional
methods in relevance-ranking. They consist of Embedding and MLP and BERT based Relevance
Models.

8.3.1 Embedding and MLP-Based Relevance Model. As illustrated in Table 5, Embedding and
MLP-based approaches [80, 206, 207] are prevalent in relevance-ranking. DSSM [80] adopts a
two-tower architecture to learn a Deep Structured Semantic Model, where textual features are
input to the query tower and item tower, and the labeled data is the click-through data. MASM
[206] employs a query tower, an item tower, and an MLP to learn a relevance model leveraging
click-through data in E-commerce search. Most previous work [80] learns relevance models from
click-through data that are cheap and abundant. However, semantic relevance is different from
CTR prediction, and click behavior may be noisy and misleading. To solve these problems, MASM
employs a two-stage training process: it first pre-trains on carefully constructed samples from
click-through data, then fine-tunes on high-quality human-labeled relevance data.

8.3.2 BERT Based Relevance Model. BERT based relevance models [108, 207, 214] are widely
applied in industry search. ReprBERT [207] distills knowledge from an interaction-based BERT
model into an efficient representation-based relevance model for E-Commerce search. SPM [214]
utilizes BERT for relevance matching with a richly structured document. DeepBoW [108] is a
two-tower architecture that employs a Transformer model to encode queries and products into
sparse Bag-of-Words representations, after which semantic relevance scores are computed based
on query and document representations.

8.4 LLM-Based Relevance Model

Recently, LLM-based approaches [125, 231] have been applied to relevance-ranking, yielding notable
improvements in commercial search engines. These methods can be categorized into two types
according to the modalities of features they use:

—Textual LLM-based methods. For instance, ELLM-rele [231] employs an explainable LLM for
relevance modeling, which decomposes relevance learning into intermediate steps framed
as Chain-of-Thought reasoning. Then it uses a distillation module to transfer the LLM’s
knowledge to interaction-based and representation-based student models. GenFR [209] trains
an LLM-based relevance model and transfers its capabilities to BERT. This LLM-based model is
deployed in the Tencent QQ Browser search engine to handle long-tail queries via query-based
on-demand computing. Walmart [125] fine-tunes a billion-parameter LLM on human-labeled
query-item pairs to learn the relevance model.

—MLLM-based methods. HCMRM [51] is an MLLM-based relevance model designed for search
ads in short-video platforms. It enhances relevance matching between queries and video
advertisements in Kuaishou.

8.5 Future Work in Relevance-Ranking

The promising research direction is: LLM-based Relevance-ranking.

—LLM-based relevance-ranking. Applying LLMs to relevance-ranking has emerged as a highly
promising direction, with pioneering work [125, 231] demonstrating substantial gains over
traditional methods. To translate this potential into practical deployment, critical future
research directions include: (1) Exploring advanced fine-tuning strategies and novel archi-
tectures specifically tailored for the task of relevance-ranking, moving beyond generic LLM
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capabilities. (2) Developing efficient inference techniques, such as model distillation and quan-
tization, to make LLM-based relevance-ranking feasible for real-time, large-scale industrial
applications [209].

9 Evaluation of Ranking Systems

This section introduces evaluation methods for industrial ranking systems. Section 9.1 provides
a general overview of evaluation in industrial ranking systems: combining offline and online
evaluations. Section 9.2 then describes commonly used public datasets. Section 9.3 introduces
offline evaluation methods for the multiple stages of industrial ranking systems (i.e., matching, pre-
ranking, fine-grained ranking, post-ranking, and relevance-ranking stages). Section 9.4 examines
online evaluation methods.

9.1 Overview of Evaluation in Ranking Systems

This subsection outlines evaluation practices in industrial ranking systems.

Evaluation Paradigm in Industrial Ranking Systems. Industrial ranking systems typically integrate
offline and online evaluation to assess model performance. During offline evaluation, models are
assessed on offline data using predefined offline metrics (e.g., Recall@K, AUC). During online
evaluation, models are tested via A/B testing using business metrics (e.g., GMV, orders, user dwell
time, user retention, and ad revenue) in online services.

Correlations between Offline and Online Evaluation. The relationship and distinct roles of offline
and online evaluation are summarized as follows:

—Offline evaluation serves as a proxy for online performance. Empirical studies indicate that
a model excelling in well-designed offline evaluations tends to perform better in online
evaluation [210, 240]. The key challenge is refining the offline evaluation pipeline, including
training and testing dataset design and metric selection, to maximize consistency with online
evaluation results [240].

—Offline evaluation is indispensable due to its shorter testing time and absence of negative
impact on online metrics. (1) Offline evaluation can be completed quickly (e.g., within several
minutes or hours). In contrast, online evaluation often requires several days or weeks to
achieve statistical significance. Thus, offline evaluation is ideal for screening numerous model
candidates and selecting the most promising model for online testing. (2) Offline evaluation
does not affect user experience or business metrics in online services. By filtering out models
likely to degrade online performance, it prevents potentially harmful experiments from
reaching the production environment.

—Despite its utility, offline evaluation remains an approximation. Online A/B testing provides
the definitive measure of a model’s value by capturing its true impact on online service
performance. Therefore, online evaluation is the essential final step and serves as the ground
truth for models deployed in industrial settings.

9.2 Datasets

To ensure reproducibility, ranking research in industry often validates method effectiveness on
both public and private industrial datasets [182, 217, 240]. Table 6 lists the most widely used public
datasets for ranking, which are collected from online services and have been extensively used in
experiments for matching [31, 98, 148, 242], Pre-ranking [236], Fine-grained ranking [29, 142, 182,
215, 240], and Post-ranking [138]. Research [98, 138, 148, 182, 217, 236, 240] has demonstrated that
performance improvements on these public datasets correlate positively with gains on industrial
datasets and in online testing.
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Table 6. Public Datasets for Ranking

Datasets Datasets Link Related Work
Amazon https://jmcauley.ucsd.edu/data/amazon/ [98, 148, 182, 215, 240]
MovieLens https://grouplens.org/datasets/movielens/ [182, 215, 217, 240]
Taobao Rec https://tianchi.aliyun.com/dataset/649 [29, 31, 142, 242]
Taobao Ads https://tianchi.aliyun.com/dataset/56 [50, 217, 236, 240]
Ali-CCP https://tianchi.aliyun.com/dataset/408 [120, 171, 179]
Criteo http://labs.criteo.com/2014/02/kaggle-display-advertising-challenge-dataset [24, 182, 217]
Avito https://www.kaggle.com/c/avito-context-ad-clicks/data [48, 132, 133, 150]
Re-ranking https://github.com/rank2rec/rerank [138]

9.3 Offline Evaluation

This section introduces state-of-the-art offline evaluation methods in industrial ranking systems.
We describe the construction of the offline evaluation dataset and the widely used metrics for
matching, Pre-ranking, Fine-grained ranking, Post-ranking, and Relevance-ranking.

9.3.1 Offline Evaluation Dataset. In offline evaluation, researchers typically sort the dataset
chronologically and split it into training and testing sets based on time.

For each user request u, the ground truth set is denoted as T = {ty, f,, ..., tpr}. The top K results
returned by the model are R = {ry, 1y, ..., rx }. Evaluation metrics are calculated per request, and the
average metric across all requests measures the overall quality of the model.

9.3.2  Offline Evaluation Metrics for Matching. Widely used offline evaluation metrics for match-
ing include Recall@K, HR@K, MRR@K, and NDCG@K [130, 148, 210, 212].

In matching, the ground truth set T = {ty, t,, ..., tp } comprises items that received positive user
feedback (e.g., clicks), and the top K results returned by the matching model is R = {ry, rs, ..., rx }

The metrics for each user u are defined as follows:

—Recall@K [79, 105, 210]. It measures the average probability of including the ground truth
item in the top-K retrieved results, as defined in Equation (8):

Z,K:1 I(r; €T)

IT| |
where I(x) is the indicator function that returns 1 if x is true and 0 otherwise, and |T| is size
of the ground truth set.

—HR@K (Hit Ratio) [110, 114, 163, 212, 215]. It measures the proportion of requests where at
least one of the top-K retrieved items is in the ground truth set, as given in Equation (9):

HR@K =1 (‘T N R| > o), )

where |T () R| denotes the size of intersection set of T and R.
—MRR@K (Mean Reciprocal Rank) [114, 130, 212]. It is the reciprocal of the rank position of
the first relevant item, as defined in Equation (10):

Recall@K = (8)

MRR@K = (10)

rank;’

where rank; refers to the rank position of the first ground truth item in R. If the top-K retrieved
results do not contain any ground truth item, MRR@K is zero.

—NDCG@K (Normalized Discounted Cumulative Gain) [114, 148, 215, 238]. It measures whether
the target ground truth items are sorted at the top of the retrieved results, as given in
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Equation (11):

K I(r;eT)
i=1 log, (i+1)
M1 Y

i=1 log, (i+1)

NDCG@K =

where I(x) is the indicator function.

9.3.3  Offline Evaluation Metrics for Pre-Ranking. Common offline metrics for pre-ranking in-
clude AUC, Grouped AUC (GAUC), HR@K, NDCG@K, MAP@K [185, 228, 236]. These can be
categorized into accuracy-based and consistency-based metrics.

Accuracy-based metrics (e.g., AUC, GAUC [185, 228]) evaluate the pre-ranking model’s classifi-
cation ability. For Multi-objective based pre-ranking models, the label is typically user’s feedback
[185].

Consistency-based metrics (e.g., HR@K, NDCG@K, MAP@K [236]) measure the consistency
between the pre-ranking model’s output and the results from the subsequent fine-grained ranking
model when the inputs are the same (i.e., candidate items for pre-ranking). Here, the ground truth
item set T = {t, t5, ..., tp1} consists of the top items selected by the Fine-grained ranking model
[228, 236], and R = {ry, 12, ...,k } is the top K results returned by the pre-ranking model.

9.3.4  Offline Evaluation Metrics for Fine-Grained Ranking. The widely used offline evaluation
metrics for Fine-grained ranking include AUC, GAUC, LogLoss, Normalized Entropy (NE),
Relative Information Gain (RIG), Predicted CTR Over Actual CTR (PCOC), and Empirical
Calibration Error (ECE) [74, 158, 197, 217, 240, 243]. Among these, AUC is the most prevalent
metric [60, 217, 240].

In fine-grained ranking, where the label y; represents user feedback (e.g., click, conversion), and
p; is the model’s prediction score, evaluation focuses on two aspects:

—Ranking performance. The model should generate an optimal ranking order, assigning higher
prediction scores to positive examples than to negative ones.

—Calibration performance. A well-calibrated model is essential. Calibration, which is the ratio
of the average predicted score to the average empirical (i.e., actual) score in the data, measures
the agreement between predicted scores and actual outcomes. In tasks such as CTR prediction,
this corresponds to the ratio of the total predicted clicks to the total observed clicks. Accurate
calibration is critically important in industrial applications, where well-calibrated predictions
(e.g., CTR, CVR) are necessary not only for correct ranking order but also for reliable score
magnitudes. For example, in CPC advertising, the ranking score is computed as CTR-bid-1,000,
which depends directly on having accurately calibrated CTR estimates.

Metrics for Evaluating Ranking Performance. To measure ranking performance, widely used
metrics include AUC, GAUC, LogLoss, NE, and RIG. AUC and GAUC are effective metrics for
measuring ranking quality, though they do not account for calibration. In contrast, LogLoss, NE,
and RIG can evaluate both ranking and calibration performance.

—AUC [60, 217, 240]. AUC measures a model’s ability to distinguish between positive and
negative classes. It represents the probability that the model will rank a randomly chosen
positive instance higher than a randomly chosen negative one. A higher AUC indicates better
ranking performance.

—GAUC [240, 243]. To measure the ranking performance in a subset of the dataset (i.e., group),
we used the metric GAUC. GAUC aggregates data into groups (e.g., by user), calculates the
AUC within each group, and computes a weighted average across groups, where weights are
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typically proportional to impression or click counts. It is defined in Equation (12):

G
GAUC = M (12)
Zi:1 Wi
where G is the number of groups, w; is the weight of group i, and AUC; is the AUC of group
i. The model’s ranking performance is better when GAUC is higher.
—LogLoss [217]. The log loss (Negative Log-Likelihood Loss) calculates the cross-entropy loss
between predicted scores and true labels, as defined in Equation (13):

N
1
Logloss =~ ) (yilogpi + (1~ y) log(1 - p0) (13)

where y; € {0, 1} is the label, p; € [0, 1] is the predicted score by the model, and N is the
number of training examples. It quantifies the penalty for prediction error. Lower LogLoss
indicates better ranking performance.

—NE [74, 215]. It is the log loss normalized by the entropy of the dataset’s average empirical
score (e.g., average CTR). This normalization makes NE insensitive to the empirical score. It is
defined as Equation (14):

NE = N Zi= 1(y110gpl+(1_y1)10g(1_pl))’ (14)

—(p logp + (1~ p)log(1-p))
where p is the average empirical score of the dataset. Lower NE indicates better predictive

performance.
—RIG [74]. It is derived from NE, as defined in Equation (15):

RIG =1 - NE. (15)

A higher RIG corresponds to better ranking performance.

Metrics for Evaluating Calibration Performance. The widely used metrics for assessing the cali-
bration of ranking models are PCOC and ECE.

—PCOC [158]. PCOC is the ratio of the average predicted score to the average true label, as
defined in Equation (16):

NZI lpl

1 1 wN
N Zl—l yl

PCOC = (16)

Calibration performance improves as PCOC approaches 1.

—ECE [8, 158, 197]. ECE is a general calibration metric for both regression and classification
tasks. We sort the data by prediction scores, divide them into M bins, and calculate ECE as
the weighted average of the absolute difference between the average label and the average
prediction per bin. It is defined in Equation (17):

ECE = Z|Bm|| i€Bn, yl_ zeBmPi 17)
[Bmnl |Bm| T

where N is the number of examples, and By, is the mth bin. Calibration performance improves
as ECE approaches 0.
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9.3.5  Offline Evaluation Metrics for Post-Ranking. Common offline evaluation metrics for post-
ranking include NDCG@K, Recall@K, Precision@K, and MAP@XK [16, 138, 150].

In post-ranking, for a user u, the ground truth set T = {#1, t5, ..., tp1} contains items that received
positive feedback (e.g., clicks). The top-K results returned by the post-ranking model form the set
R={r,ry....7x}.

—Precision@K [138]. It is defined as the fraction of positive items within the top-K results, as
defined in Equation (18):

K
o I(r; €T
Precision@K = %, (18)
where I(x) is the indicator function that returns 1 if x is true and 0 otherwise.
—MAP@K (Mean Average Precision) [138]. It is defined in Equation (19):
K . .
i—1 Precision@i - I(r; € T
MAP@K = Lin @i -1l ), (19)

K
where I(x) is the indicator function.

9.3.6  Offline Evaluation Metrics for Relevance-Ranking. Relevance-ranking is often treated as a
binary classification task, with human annotations (“Relevant,” “Not Relevant”) as labels. The AUC
is the most widely used evaluation metric for this task [206, 207].

9.4 Online Evaluation

9.4.1 Online A/B Testing. In online A/B testing [170], users of an online service are randomly
divided into two equal groups: a control group and an experimental group. The baseline model
serves the control group, while the experimental model serves the experimental group concurrently.
We measure the performance of the models based on online business metrics.

9.4.2 Online Evaluation Metrics in A/B Testing. The online evaluation metrics are business-
oriented metrics and vary by application domain.
In E-commerce applications, key metrics include:

—Orders [21, 105]. It is the total number of orders.
—GMV [21, 105]. It is the total monetary value of all paid orders.

In Web Search applications, the most important online metrics are listed as follows:

—Clicks [115]. It is the total number of users clicks.
—Query-change rate [245]. It measures how often users modify their initial search query during
a session, and a lower rate is better.

In content applications, primary metrics include:

— Active days [62, 196, 245]. It is the average number of days a user is active within the application
during the experiment period, closely related to the Daily Active Users (DAU) metric.

—Stay time [22, 38, 62, 245]. It is the average daily time users spend in the application.

—Engagement metrics [62, 63, 196, 215, 245]. They are users’ average finishing, commenting,
liking, and sharing rate.

In Online advertising, crucial metrics are:

—Ad Revenue [21, 31, 240, 245]. It is the total amount advertisers pay for displayed ads.
—eCPM [240, 245]. It represents the ad revenue generated per 1,000 advertising impressions.
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10 Future Research Directions and Open Issues

This section outlines prospective research directions and open issues within industrial ranking sys-
tems, including LLM for Ranking System, the Cold-start problem, the Exploration and Exploitation
problem, The Feedback loop problem and Long-term engagement optimization.

10.1 LLM for Ranking System

LLMs have emerged as a prominent research focus in ranking systems. They have demonstrated
initial success across matching [86, 115, 135, 148, 215], ranking [86, 193, 215, 217, 218], and relevance-
ranking [125, 231] stages in industrial ranking systems, leading to significant improvements in
online metrics.

Challenges of Deploying LLM in Industrial Ranking Systems. Despite their potential, the large-scale
deployment of LLMs in production environments still faces significant challenges:

—Latency. LLM-based ranking models tend to be more complex and introduce higher system
latency. Substantial engineering effort is required to reduce serving latency in systems that
serve billions of users.

—Hardware costs. LLM-based models generally demand considerably more hardware resources
(e.g., GPUs) [233, 235], creating a tradeoff between performance gains and infrastructure costs.

Future work on LLM-based methods must therefore focus on further improving online metrics
while simultaneously reducing latency and hardware costs.

Promising research directions include: Generative Ranking, Content Understanding, Content
Generation, Feature Interactions Scaling, Sequence Modeling Scaling, Conversational Ranking
Systems, and Latency and Hardware Cost Optimization.

10.1.1  Generative Ranking. Generative Ranking-based methods [193, 215], which directly decode
the identifiers of the target candidates in matching [6, 135, 148, 204, 215] and ranking [42, 66, 81,
193, 215] stages, have shown initial promise in ranking systems. Key open problems remain in
improving generative model performance and designing effective training data.

10.1.2  Content Understanding. LLM-based models, including Textual and MLLMs, have achieved
state-of-the-art performance in understanding item content (e.g., textual, image, and audio) [71, 113,
159, 220], which is critical for ranking systems. They enhance the understanding of users as follows:
first, an LLM processes the user’s historically interacted items to generate a list of item embeddings;
then, sequential models (e.g., Transformer) extract user interests from these embeddings [71, 86].
Finally, matching scores between users and items are calculated based on the similarity of their
respective embeddings from a content perspective.

— Textual LLMs. Textual LLMs (e.g., GPT-3 [15], ChatGPT [131]) have achieved remarkable
success in NLP. Researchers have applied them to matching [86, 115, 219], ranking [26, 86,
251], and relevance-ranking [125, 231] in industrial ranking systems, yielding significant
metric improvements.

—MLLMs. MLLMs [2, 10, 145, 172] scale up Transformer-based models to process diverse data
types (e.g., text, image, audio, and video features), offering more powerful content under-
standing than textual LLMs. MLLMs have demonstrated success in matching [71, 113, 220],
ranking [113, 159], and relevance-ranking [51] in industrial ranking systems.

LLM-based methods provide valuable guidance for future industrial content-based ranking
algorithms: (1) They prove the effectiveness of applying LLMs across multiple stages (e.g.,
matching, ranking, and relevance-ranking) in ranking systems, demonstrating strong perfor-
mance on content features. (2) They offer clear technical pathways, showing that continued
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pre-training and target-specific fine-tuning of pre-trained LLMs can enhance their ranking
performance.

10.1.3  Content Generation. LLMs exhibit compelling abilities in generating diverse content,
such as text (e.g., ChatGPT [131]), images (e.g., Stable Diffusion [153]), and videos (e.g., Sora [136]).
The Al Generated Content, which may attract user interest, holds potential as candidate items for
search engines, recommender systems, and online advertising. A promising direction in advertising
is LLM-based creative generation [87], which aims to produce engaging ad creatives.

10.1.4  Feature Interactions Scaling. Inspired by scaling laws [91] in the LLM domain, researchers
have designed larger ranking models. In feature interaction, some research work (e.g., Wukong
[217], DHEN [218], Hiformer [63], RankMixer [245]) has demonstrated scaling laws in the feature
interaction module, achieving promising results. Future research should seek new feature interaction
model structures with superior performance and scalability.

10.1.5 Sequence Modeling Scaling. In the sequence modeling direction, some research work
(LONGER [21], STCA [62]) scales up Transformers for long sequence modeling to establish a
scaling law in sequence modeling. Promising directions involve discovering new sequential model
structures that offer better performance and scaling capabilities.

10.1.6  Conversational Ranking System. Developing conversational recommendation and search
engines [84, 167] like ChatGPT [131] is a promising direction [226]. Through interactive dialogue,
such systems can better understand user needs and substantially improve the user experience.

10.1.7  Latency and Hardware Cost Optimization. LLM-based models typically incur higher sys-
tem latency and require more hardware resources (e.g., GPUs). Therefore, optimizing for efficiency
is a prerequisite for industrial deployment. Promising research directions to mitigate these costs
include:

—Caching. A common strategy involves offline precomputation to reduce online load. For
example, item embeddings generated by an LLM can be computed offline once and stored in a
cache for direct retrieval during online serving [86, 115].

—On-demand computing. LLM-based models can be deployed selectively to serve user requests
where they are most needed. For example, GenFR [209] uses the query-based on-demand
computing, applying LLMs to process long-tail queries that benefit most from advanced
semantic understanding.

—Knowledge distillation. This technique transfers the knowledge from a large teacher LLM
into a smaller and faster student model [207, 209]. The distilled model retains much of the
performance while being far more efficient, making it suitable for high-throughput online
serving.

—Serving infrastructure optimization. Significant gains can be achieved by optimizing the
inference engine. Techniques such as KV caching [141] and Flash Attention [40] are critical
for reducing latency and increasing the throughput of LLM inference in production.

10.2 The Cold-Start Problem

The Cold-start problem, which aims to improve ranking for new items or new users [39, 230],
remains a persistent challenge due to the constant influx of new items and users. For cold-start items,
researchers typically leverage item content information (e.g., titles, images) or use the Exploration
and Exploitation methods (e.g., Contextual-Bandit [104]). For the cold-start users problem, methods
like POSO [39] introduce user-group-specialized sub-modules to enhance the personalization of
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cold-start users within the ranking model. Developing more sophisticated methods for cold-start
items and users holds significant value.

10.3 Exploration and Exploitation Problem

The industrial information systems often recommend popular items or those similar to users’ his-
torical behaviors, leading to two issues: (1) New items struggle to gain exposure; (2) users encounter
a homogeneous set of items. To evaluate new items and discover user interests, researchers employ
the Exploration and Exploitation paradigm (e.g., Multi-armed Bandit [123], Contextual-Bandit [104])
to collect real-time user feedback on new items via a small amount of exploration traffic. Based
on the users’ response to randomly selected items on a small amount of exploration traffic, new
popular items and users’ interest can be identified and exploited on the remaining traffic. Balancing
Exploration and Exploitation remains an open and critical problem in industrial ranking systems.

10.4 The Feedback Loop Problem

Existing approaches often train the ranking models based on user feedback on the items selected
by the previous ranking model. The biased exposure of items leads to the Feedback loop problem in
industrial ranking systems: popular items become increasingly dominant, while long-tail items
receive even less exposure [58, 118, 228]. This self-reinforcing cycle causes ranking models to
generate progressively more biased results over time. Addressing it is therefore paramount. To
break this loop, recent methods leverage alternative data sources. ZEUS [58] employs self-supervised
learning on users’ spontaneous behaviors to break the feedback loop problem and generates a
pre-trained model, and then fine-tunes the pre-trained model based on users’ implicit feedback in
recommendations for ranking. EntireSpace [118] incorporates purchase data from other scenarios
(e.g., search) to learn the ranking model in the recommendation scenario, and rebuilds the fine-
grained ranking training data on the entire data space with samples from previous stages of the
ranking system. Novel approaches to mitigate this loop are of significant importance.

10.5 Long-Term Reward Optimization Problem

The information system aims to optimize users’ long-term rewards (e.g., Average Active Days [196],
DAU) within an application. However, most ranking methods are designed to optimize instant
user feedback (e.g., clicks or orders). Some research [28, 83, 248] has employed DRL to optimize
long-term rewards in ranking systems. For example, FeedRec [248] introduces an RL framework
to improve long-term user engagement metrics (e.g., average clicks or browse depth per session,
average return time). Future work exploring practical methods for long-term reward optimization
remains a promising research direction.

11 Conclusions

This article provides a systematic review of Deep learning based models widely used in industrial
Search engines, Recommender systems, and Online advertising ranking systems. Furthermore, we
introduce new perspectives such as the application of LLMs for industrial ranking. We also discuss
future research directions and open issues in industrial ranking systems. We hope this article
offers readers in both research and industry a comprehensive understanding of key problems and
state-of-the-art approaches in industrial ranking systems, while also shedding light on promising
directions for future research.
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