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Abstract - Refining the rank lists to ensure user satisfaction and 

experience is achieved through a re-ranking procedure, which 

is the culmination of the multi-stage recommender system. 

Gradation and correlation vary with its satisfaction. With the 

advent of deep learning approaches, neural-based re-ranking is 

a prominent research topic and is increasingly finding business 

applications in industry. To bolster comprehensive and effective 

solutions for future work by contextualizing the algorithms into 

a broader literature scope focused on re-ranking. It is done by 

creating a taxonomy of existing heuristics built on neural 

networks. After that, the terms of their evolution and main aims, 

which incorporate subdominant systems like network 

architecture, personalization strategies, and the welfare of 

computational complexity, are described.  Additionally, an 

analysis of the main benchmark models of neural re-ranking is 

provided. It is also accompanied by detailed metrics for 

quantifying the model benchmarks used in the analysis. The 

final chapter, which closes the review, focuses on the research in 

question and other directions that can be pursued. The appendix 

contains cited works and benchmark datasets which is used in 

the analysis. 

Keywords: Neural Networks, Re-Ranking, Research Article, 

Benchmarks, Model, and Computational Complexity  

I. INTRODUCTION 

The Multistage Recommender Systems (MRS) utilize social 

networking platforms such as LinkedIn (Geyik et al., 2019), 

Google (Bello et al., 2018), Taobao (Pei et al., 2019), and 

YouTube (Wilhelm et al., 2018), which are considered 

frameworks of their systems. These systems accommodate 

users and items reaching up to a billion by troubleshooting 

processing problems associated with the scale. The 

recommendation problem consists of multiple stages, 

providing relevancy and speed, by narrowing down with each 

step, filtering down to a Limited selection using more 

complex and slower models (Hron et al., 2021). 

MRS is split into three parts: recalling or matching, ranking, 

and re-ranking. The model collects items in a corpus and 

attempts to retrieve an optimal subset. Candidates are 

assigned scores along with a rank. The list is done by 

improving the objectives and constraints on the 

recommendation or attempting to make it multidimensional, 

a process known as re-ranking. 

The re-ranking component optimizes the best possible overall 

ranking, which refers to context within the recommendation 

list and its relational dependencies, including 

interdependencies from the provided selection. An 

individual’s interest in an item may be determined by its 

feature about how that item is organized, and positioned 

relative to other items in the same list (Pei et al., 2019). 

Capturing these interactions among items is the reason why 

ineffective reranking strategies exist (Shi et al., 2024). 

The re-ranking concept emerged from the marginal relevance 

algorithm, initiated by (Carbonell & Goldstein, 1998), which 

involves the sequential selection of items that are consistent 

with thresholds for overall diversity and holistic relevance. 

With the shift in industrial focus towards deep learning, 

neural re-ranking was distributed, relying heavily on deep 

http://www.trp.org.in/
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learning techniques to replace domain-specific features with 

learned ones in automated systems, eliminating the need for 

engineered features. The capacity of neural networks to 

universally approximate functions (Cybenko, 1989) made 

these models suitable for modeling complex 

interdependencies between item lists (Goodfellow et al., 

2016; Goldberg, 2017).  

During recent years, there has been an increase in the use of 

neural architectures for re-ranking in both academic and 

practical settings. This stands as an early example for detailed 

assessments targeting neural re-ranking techniques in 

recommender systems, to grow the scope of comprehension 

and encourage further exploration in this rapidly evolving 

technology domain. 

II. A TAXONOMY OF NEURAL RE-RANKING MODELS 

The categories describing neural re-ranking models differ in 

terms of optimization objectives, which include optimizing 

for accuracy versus multi-goal approaches, as well as the type 

of supervision signals employed: user-based interactions 

versus counterfactual feedback. These two dimensions are 

represented in a taxonomy with four quadrants shown in Fig 

1. 

 

Fig 1. Re-ranking Network Architectures 

Most existing work tends to focus on a single objective: 

achieving high prediction accuracy. This complements the 

primary purpose of recommender systems, which is to predict 

a user's preferences accurately. However, in addition to 

accuracy, modern systems must also address other emerging 

requirements, such as supporting diverse goals, novelty, and 

fairness (Kim et al., 2022). Recent works have begun to 

address how to balance these competing objectives within re-

ranking (Kaminskas & Bridge, 2016).  

The second differentiating axis describes the origin of 

supervision signals. For instance, most neural re-ranking 

models appear to rely on observed data—interactions and 

feedback from users regarding the preliminary rankings of 

items provided to them. However, the literature suggests that 

user preferences are not strictly static and can depend 

significantly on the ordering and context provided in a list 

(i.e., listwise context). Therefore, some advanced methods 

(Conti et al., 2017) utilize counterfactual signals by 

simulating item ranking permutations that are not directly 

observable. These signals enable the estimation of 

preferences based on alternate arrangements of items (Zou et 

al., 2019).  

From this taxonomy, several trends and gaps in current 

research are identified: most approaches still focus 

predominantly on precision and accuracy metrics, while 

using few diversity or fairness metrics in multi-objective 

approaches.  An example of such focus is self-attention 

(Vaswani et al., 2017), combined with recurrent neural 

networks (RNNs) (Hochreiter & Schmidhuber, 1997), which 

has become prevalent due to their ability to capture 

dependencies between items.  Some promising future work 

involves integrating counterfactual learning within multi-

objective research frameworks, which addresses a gap in 

current research.  The following sections will provide a more 

detailed analysis of specific neural re-ranking methods within 

this proposed taxonomy. 
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Re-Ranking Network Architectures   

 

 Fig. 2 Neural Re-ranking architecture 

Recent improvements in neural networks have improved the 

performance of many domains, including computer vision, 

natural language processing, machine translation, and speech 

recognition. The primary neural components that contributed 

to the breakthrough in numerous domains are convolutional 

and recurrent neural networks. Deep neural network models 

lead to state-of-the-art results in a variety of applications, 

including information retrieval (IR). Deep neural networks 

are well-known for their ability to catch complicated patterns 

throughout both the feature extraction and model 

construction phases. Because of the benefits of deep neural 

networks, researchers have concentrated on developing 

neural ranking models that can learn both features and models 

simultaneously. 

The neural re-ranking component is typically employed as a 

re-ranking phase with two inputs: candidate documents and 

processed queries. The candidate documents are retrieved 

using an unsupervised ranking step, such as BM25, which 

accepts as inputs the original set of indexed documents and 

the processed query. During unsupervised ranking, recall is 

more critical than precision in covering all possible relevant 

documents and forwarding a group of candidate documents, 

including both relevant and irrelevant documents, to the 

neural-based re-ranking step. 

Inputs to neural ranking models include inquiries and 

documents of varying lengths. Neural ranking models that 

utilize textual input for query and document derive features 

from the local interactions between the two. For example, a 

deep neural network model can be used to separately map the 

query and documents to feature vectors, and then the 

recovered features are utilized to produce a relevance score. 

The neural ranking model produces a ranking of documents 

that are relevant to the user's query. 

Neural reranking models tend to fall into one of two 

categories based on how they supervise the system using 

observed interactions or counterfactual feedback. The main 

concepts of the two categories are listed as follows:   

(a) Standard Neural Re-Ranking with Observed Signals   

In the traditional architecture of neural reranking, the model 

is trained on user-item interactions, which are based on user 

sessions within the current ranking lists. In this design, we 

typically include:   

Input Layer: Builds receiving structures for the top N items 

output by the prior ranking stage, together with their features, 

embeddings, contextual information, and metadata.   

Contextual Modeling Layer: This layer models dependencies 

among items in the list. Self-attention layers, RNNs, or even 

Transformers can capture listwise context and Recurrence.   

Prediction Layer: Outputs a re-ranked score for each listed 

item in a way that captures item interdependencies and 

incorporates listwise interactions.   

Loss Function: Based on the feedback received (from clicks, 

views, ratings, etc.), the rank-wise ordering is refined using 

learning-to-rank objectives, such as pairwise or listwise loss.   

This approach effectively harnesses user feedback to enhance 

the relevance of item lists. However, it assumes that the 

ordering of items presented to users is optimal or unbiased. 

(b) Evaluator-Generator Framework Using Counterfactual 

Signals 

To transcend the limitations imposed by relying solely on 

observed interactions, counterfactual signals are incorporated 

into the Generator-Evaluator framework. This model aims to 

address the limitations of purely observational learning by 

enabling learning from unobserved permutations and 

capturing listwise contextual effects. 

Generator: This generator simulates the prospective viewing 

strands of the items by proposing alternative permutations or 

reordering the items in different ways to present them to the 

user (Jelena & Srdan, 2023). 

Evaluator: Serves as a proxy for user feedback and the 

scoring mechanism that provides relevance ratings for the 

proposed permutations, simulating responses for a pre-

computed set of lists. 

Training Strategy: The generator and evaluator are trained 

jointly or alternately. On some occasions, Reinforcement 

learning or adversarial approaches are used to increase the 

amount of unobserved data that can be utilized during 

training. 

Objective: The system enhances recommendation quality by 

refining evaluation processes, where integrated simulation of 

various ranking orders pre-optimizes re-ordering results to 

provide deeper insights into nuanced recommendations. This 

system facilitates understanding of user-item interactions and 

enhances the capture of preferences and behavior by flexibly 

adjusting representations of user preferences based on item 

arrangements and behaviors in environments without direct 

feedback. 
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Neural Re-Ranking for Recommendation 

Neural re-ranking within recommendation systems 

emphasizes creating a multivariate scoring function that 

accepts the complete output from the first ranking phase. This 

strategy retrieves cross-item interactions with listwise 

context. It is essential to assign a relevance score to each item, 

which is not based solely on its features but also on the 

surrounding items within the list (Liu et al., 2020; Ai et al., 

2018). Unlike traditional models, these “linear” approaches 

employ referential scoring techniques and assume that all 

items are processed sequentially by a univariate function one 

at a time, capturing item relationships only through the loss 

function via pairwise or listwise losses, rather than through 

direct modeling of the output (Su et al., 2024). 

𝜑∗ = arg min 𝐿 (𝜑(𝑅), 𝑌)    (1) 

L (⋅) is a loss function used to train a re-ranking model. In 

most cases, the primary focus is maximizing the number of 

accurate rank positions to achieve ranking accuracy, which is 

served through measures such as NDCG and MAP. However, 

reranking could target broader system objectives, such as 

increasing concept changes through novelty, promoting 

fairness, or enhancing diversity in recommendations (Angel 

et al., 2022).  

This form of redefining the rerank problem scope can help 

build the taxonomy we have seen in earlier figures (refer to 

Fig 1). Models can be placed in a box with these: 

The focus of the objective: whether the accuracy loss is 

leveled out alone, or has multiple objectives alongside it, like 

accuracy – “+ diversity”. 

Supervision type: Y, whether derived from user-observed 

supervision (e.g., clicks, ratings) or evaluated through quasi-

observational review of item permutations, items are 

evaluated using surrogate functions (Ganesh & Sivakumar, 

2021). 

These categories are termed as ‘counterfactual’ and 

‘observational’ as illustrated in Fig 2. Models that depend on 

observed signals use a direct architecture where re-ranking 

scores are computed based on interactions captured among 

items in the list. In contrast, counterfactual models employ a 

generator-evaluator framework (David et al., 2024), where a 

generator produces re-ranked lists of items as proposals, 

while an evaluator scores these proposals using contextual 

information. 

In the following sections, neural re-ranking models will be 

analyzed in detail based on the four quadrants of our 

taxonomy: single vs multi-objective models and observed vs. 

counterfactual supervision. 

III. SINGLE OBJECTIVE: FOCUSED ON RERANKING 

FOR ACCURACY 

As previously discussed, enhancing recommendation 

accuracy remains a hallmark endeavor for neural re-ranking 

model frameworks in modern recommender systems (MRS). 

The performance of the re-ranking model is evaluated by 

ordering the comments by value and measuring both NDCG 

and MAP at the list level. 

Current accuracy-oriented reranking approaches can be 

categorized into two types depending on the type of 

supervision signals guiding the learning process. 

• Learning from Observed Signal 

• Learning from Counterfactual Signal 

• Learning from observed signals 

This method maximizes the comprehensive feedback ranking 

R.  

R given the ground truth label Y. 

Y, which includes the user’s feedback, like clicks or ratings. 

These labels correspond to the items shown to the user and, 

therefore, can be considered direct and simple noise with 

lower supervision. 

The standard setup architecture, shown in Fig 2a, begins at 

the embedding stage, where users and items are represented 

as dense vectors. Then, the model calculates the cross-item 

dependencies using listwise context modeling to derive re-

ranking scores. This direct learning paradigm benefits from 

rich, high-quality, explicit relevance signals and is robust in 

empirical studies (Ai et al., 2018; Pei et al., 2019; Liu et al., 

2020; Zou et al., 2019). Depending on which neural model is 

employed to represent listwise relations, one can categorize 

observed-signal techniques into: 

a. Recurrent Listwise Modeling 

Early neural re-ranking models utilized Recurrent Neural 

Networks (RNNs) to process top-ranked items sequentially, 

capturing both positional and sequential dependencies. (Ai et 

al., 2018)'s Deep Listwise Context Model (DLCM) use Gated 

Recurrent Units (GRUs) to sequentially encode item vectors, 

allowing them to capture the influence of previously scored 

items on the current item's score. MiDNN (Bello et al., 2018) 

uses LSTM networks and global feature augmentation and 

formulates the re-ranking as a sequence generation task with 

beam search. Seq2Slate (Abri et al., 2022; Ahmed & Pandey, 

2024) builds on MiDNN with a pointer network and attention 

mechanism to enable it to dynamically choose the next item 

in the sequence from the original list. 

b. Attentive Listwise Modeling 

Effort has been made in the application of multi-head self-

attention to re-ranking because self-attention mechanisms 

have prospered in natural language processing. It allows for 

more effective simulation of all pairwise item interactions 
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than sequential encoding (Vaswani et al., 2017). PRM 

(Personalized Reranking Model). For instance, a cross-item 

influence model for every user act as a personalized 

embedding layer, enhancing user-specific interactions. It is 

founded on a transformer-like architecture consisting of 

stacked self-attention blocks and positional embeddings. 

• (Huang et al., 2020) model flight itinerary re-

ranking as user behavior at multiple levels, 

capturing long-term preferences and real-time 

actions using multiple attention heads. 

• (Li et al., 2022) incorporate user-specific attention 

weights in modeling cross-item interactions to 

personalize modeling further. 

• (Li et al., 2022) propose a cross-attention model 

that considers the items in the initial list and the 

user’s history, including the items they have 

clicked on. PEAR introduces feature-level 

interactions and an auxiliary classification task for 

item attention, further enhancing performance. 

Attentive models have been shown to combine flexibility 

with expressive power. They can enrapture many complex 

dependencies among candidate items, which can be aligned 

to user behavior to improve recommendation systems. 

c. Mathematical Model 

• Rank Net: Rank Net is a paired approach that 

employs a neural network to train a ranking 

function. Its primary goal is to reduce the 

number of inversions in the ranked list. 

• Scoring Function: The neural network's output 

is a score, si=f(xi), for each document i, where 

xi is the feature vector of the document. 

• Predicted Probability: The probability that 

document i is ranked higher than document j is 

calculated using a sigmoid function: 

𝑃𝑖𝑗 =
1

1+𝑒
−(𝑠𝑖−𝑠𝑗)                            (2) 

• Loss Function (Cross-Entropy): RankNet 

minimizes the cross-entropy loss between the 

predicted probability and the true probability 

(which is 1 if document i should be ranked 

higher than j, and 0 otherwise): 

𝐿 = −𝑃̅𝑖𝑗𝑙𝑜𝑔(𝑃𝑖𝑗) − (1 − 𝑃̅𝑖𝑗)𝑙𝑜𝑔(1 − 𝑃𝑖𝑗) (3) 

• Gradient: The gradient of the loss with respect 

to the difference in scores is particularly simple 
𝜕𝐿

𝜕(𝑠𝑖−𝑠𝑗)
= 𝑃𝑖𝑗 − 𝑃̅𝑖𝑗    (4) 

• Deep Relevance Matching Model (DRMM) 

𝑆(𝑄, 𝐷) = ∑ 𝑔(𝑡). 𝐹(𝐻(𝑀(𝑡, 𝐷)))𝑡∈𝑄  (5) 

DRMM is an interaction-focused model that computes a 

matching score between a query and a document. It uses a 

term gating network to assign importance to each query term. 

The overall matching score for a document D and query Q is 

given by the weighted sum of matching signals for each query 

term. 

Algorithm: Neural Re-ranking algorithm 

------------------------------------------------------------------------ 

def neural_re_ranking(query, initial ranking, user 

interactions, counterfactual_signals=None): 

    # Step 1: Preprocess input data 

    query_embedding = preprocess_query(query) 

    articles_embeddings = 

preprocess_articles(initial_ranking) 

        # Step 2: Generate initial ranking 

    initial_ranking_scores = generate_initial_ranking(query, 

initial ranking) 

    # Step 3: Extract features (content, context) 

    article features = extract features (articles embeddings, 

query embedding, user interactions) 

    # Step 4: Neural Re-Ranking Model (Observed Signals) 

    relevance scores = neural_ranking_model(article features) 

    # Step 5: Loss function and model training (pairwise loss / 

listwise loss) 

    loss = calculate loss (relevance scores, user interactions) 

    train model(loss) 

    # Step 6: Counterfactual Learning (if applicable) 

    if counterfactual_signals: 

        counterfactual_relevance_scores = 

counterfactual_ranking(counterfactual_signals) 

        refine_model(counterfactual_relevance_scores) 

    # Step 7: Refine Ranking based on the learned model 

    refined_ranking = refine_ranking(relevance_scores) 

    # Step 8: Multi-objective Optimization (Diversity, 

Fairness) 

    final_ranking = 

apply_multi_objective_optimization(refined_ranking) 

    return final_ranking 

 ------------------------------------------------------------------------ 
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IV. MULTIPLE OBJECTIVES 

As the primary objective, accuracy is considered the most 

important for recommender systems. Based on existing 

literature, focusing solely on accuracy tends to increase 

correlation or redundancy among recommendations, which 

can limit the overall usefulness of suggestions offered to 

users and lead to echo chamber phenomena (Ge et al., 2020). 

To address this hindrance, many studies focus on multi-

objective optimization, aiming to improve accuracy while 

also considering supplementary metrics such as fairness and 

diversity. Balancing these competing objectives is one of the 

most significant issues because improvements in diversity 

and fairness can often be at odds with accuracy (Liu et al., 

2019). This study focuses on neural re-ranking techniques 

that aim to balance multiple objectives simultaneously, with 

a particular emphasis on those related to diversity and 

fairness. 

Regarding re-ranking, diversity is typically explained as 

enhancing the dissimilarity of items in the list to ensure broad 

coverage of the user’s domain of interest. Unlike classical 

non-learning techniques such as Maximal Marginal 

Relevance (MMR) (Carbonell and Goldstein, 1998), neural 

models that incorporate diversity at lower levels of the 

hierarchy employ an end-to-end training paradigm, which 

eliminates the need for handcrafted features of relevance or 

diversity. Features in methods to address this problem can be 

classified into two categories: implicit and explicit. Implicit 

methods calculate diversity by using some form of inter-item 

dissimilarity, without requiring other subtopic labels. For 

example, neural tensor networks (NTN) were designed to 

learn pairwise dissimilarities, which were then used in 

relevance and diversity sequential re-ranking (Pasumarthi et 

al., 2016). MDP-based models, such as MDP-DIV, utilize 

diversity metrics like α-DCG and optimize them using policy 

gradient methods. Some enhancements, such as M2DIV, 

which utilizes recurrent networks and ahead Monte Carlo 

Tree Search, aim to improve long-term ranking reward 

outcomes (Su et al., 2024; Zou et al., 2019). More recently, 

DALETOR developed smooth approximations of diversity 

metrics and applied self-attention to better model item 

relationships in the tasks (Yu et al., 2023). 

Explicit techniques aim at maximizing coverage over 

relationships defined a priori on topics or item classes. For 

instance, DSSA models relevance and diversity through 

subtopic-level attention, and so does DVGAN by posing the 

generation of diverse lists as a minimax game between a 

generator and a discriminator, assessing relevance and 

diversity simultaneously (Carraro & Bridge, 2024; Liu et al., 

2020a; Nejad, 2015). Similarly, DESA utilizes an encoder-

decoder self-attention model to correlate items and subtopics 

(Deng et al., 2020). Airbnb search and other use cases have 

showcased those metrics designed to evaluate the distance 

from the ranked list to the suggestion, illustrating the 

application of diversity-aware re-ranking, as neural nets are 

used to produce non-redundant recommendations (Abdool et 

al., 2020). The interplay between precision and diversity or 

the lack thereof, is usually controlled by optimizing a trade-

off parameter defined a priori to weigh the objectives or 

combining them into a single metric like α-NDCG, which is 

known to assess both within one framework (Pasumathi et al., 

2016; Yu et al., 2023). 

V. APPLICATIONS FOR EMERGENCIES 

Various Applied research with commercial potential cases 

have recently adopted neural rankers, increasing their scope 

beyond traditional recommendation contexts. An area of 

research that is dedicated to the challenge of recommending 

an eclectic collection from multiple sources or channels is 

integrated re-ranking (mixed re-ranking). For example, 

delivering a feed combining articles, videos, and news with 

diverse characteristics and formats (Xia et al., 2024) is done 

simultaneously by the recommendation system. The re-

ranking model’s input is changed from a single list to 

multiple lists supplied from various channels for boosting 

relevance. DHANR is a well-known model that addresses 

cross-channel interactions by using hierarchical self-attention 

structures with dependencies across many item sources 

(Calzolari et al., 2022; Xia et al., 2024) proposed the break 

down the integrated re-ranking problem into two subtasks, 

such as source selection along with item ranking, and uses 

hierarchical reinforcement learning to solve it. DEAR uses 

deep Q-networks to switch between advertisements and 

organic material, optimizing the balance of different things in 

the final sorted list (Xu et al., 2023, 2021; Liao et al., 2021) 

demonstrated that a reinforcement learning model with a 

cross-channel attention mechanism improves interaction 

modeling for item categories.  

Edge re-ranking is a new method based on edge-to-cloud 

computing for enhancing suggestion quality using real-time 

user interactions and modeling on the edge or mobile device. 

(Gong et al, 2020) Edge-based re-ranking allows real-time 

user feedback and enhances recommendation accuracy and 

responsiveness. TheEdgeRec proposed system suggests 

ranking lists are calculated in the cloud first, whereas re-

ranking is done on local mobile devices. This facilitates in-

device personalisation and novel prospects in federated 

learning and privacy-aware recommendation models (Hard et 

al., 2018). Edge-based re-ranking plays a central role in 

delivering real-time, context-aware recommendations that 

are tailored to customers' preferences. 

VI. SUMMARY FINDINGS 

Greater complexity in recommendation systems has led to the 

emergence of the new practical application of neural re-

ranking methods. Combined re-ranking solves the problem of 

building a combined list of different content types from 

multiple heterogeneous sources through hierarchical 

attention mechanisms and reinforcement learning for 

simulating cross-channel interactions and enhancing product 

usability. In parallel, edge re-ranking is an interesting line of 

future research in bringing some of the computation onto the 

edge device so that real-time adaptation to changing user 
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preferences can be made and serving up personalized, 

privacy-critical models through methods like federated 

learning. All of these novel applications show the scalability 

and versatility of neural reranking. This is exciting research 

in efficiency, contextualization, and integration across 

multiple sources. These regions have the potential to enhance 

the quality of recommender systems for real-world use. Re-

ranking and edge re-ranking are two cutting-edge neural 

approaches that address part of the issues of recommender 

systems. 

Integrated re-ranking applies item combination, which 

combines articles, videos, and news feeds from multiple 

sources and integrates them into one ranked output list. 

Integrated re-ranking solves ordinal cross-channel interaction 

complexity using hierarchical attention models and 

reinforcement learning, and therefore is appropriate for 

systems combining multiple content types. Edge re-ranking 

enables responsive, fast real-time re-ranking on a user's 

preferences by offloading some processing to the user device. 

This real-time responsiveness is built on more customisation, 

but at the expense of user privacy. Federated learning 

paradigms and on-device models promote privacy but raise 

problems with regard to limited computing powers on edge 

devices, which result in heavy-duty privacy guards to be 

negotiated. Re-ranking integrated addresses multi-source 

diversity and diversification scalability, whereas edge re-

ranking emphasizes agility and privacy. These activities 

supplement each other in the delivery of hybrid, context-

sensitive systems that are able to adapt to perform in various 

environments.  

TABLE I MODEL EVALUATION 

Model Threshold mAP Recall Precision F1 Wikipedia-NQ MS-MARCO Hotpot-QA 

Cross-Encoder (CE) 0.9 0.64 1 0.36 0.53 0.47 0.91 0.32 

Cross-Encoder (CE) 0.7 0.64 1 0.29 0.45 0.45 0.89 0.3 

Cross-Encoder (CE) 0.5 0.64 0.79 0.29 0.42 0.44 0.85 0.29 

Cross-Encoder (CE) 0.3 0.64 0.71 0.29 0.41 0.42 0.8 0.28 

ColBERT 0.9 0.6 1 0.45 0.58 0.49 0.91 0.34 

ColBERT 0.7 0.58 0.98 0.4 0.54 0.49 0.9 0.31 

ColBERT 0.5 0.56 0.96 0.36 0.5 0.47 0.87 0.28 

ColBERT 0.3 0.54 0.94 0.34 0.48 0.46 0.82 0.26 

Dense Passage Retrieval (DPR) 0.9 0.63 1 0.48 0.6 0.48 0.89 0.32 

Dense Passage Retrieval (DPR) 0.7 0.61 0.98 0.42 0.56 0.48 0.89 0.31 

Dense Passage Retrieval (DPR) 0.5 0.59 0.96 0.38 0.52 0.46 0.87 0.3 

Dense Passage Retrieval (DPR) 0.3 0.57 0.94 0.34 0.5 0.46 0.85 0.24 

EDRR (U≤0.1) 0.9 0.73 1 0.37 0.55 0.52 0.94 0.35 

EDRR (U≤0.1) 0.7 0.73 1 0.37 0.54 0.52 0.93 0.34 

EDRR (U≤0.1) 0.5 0.73 1 0.37 0.54 0.52 0.92 0.33 

EDRR (U≤0.1) 0.3 0.73 1 0.37 0.54 0.5 0.9 0.32 

Table I illustrates Evidential Document Re-Ranking 

(EDRR), a novel three-stage retrieval architecture that 

combines evidence-based training, uncertainty-driven active 

learning, and re-ranking using uncertainty filters and 

relevance scores. Our experiments on the Wikipedia-NQ 

dataset demonstrate that mAP@10 improves incrementally 

from 0.62 with evidence-based training to 0.69 with active 

learning and 0.73 with uncertainty-based re-ranking. On all 

tested datasets, EDRR outperformed strong baselines such as 

Cross-Encoder, ColBERT, and DPR. 

The addition of uncertainty estimation provides better 

ranking calibration and accuracy, as well as increased 

transparency and interpretability, both of which are essential 

in high-risk or uncertain retrieval applications. Active 

learning also allowed the model to learn better from 

underrepresented or difficult data by highlighting 

informative, high-uncertainty samples. Our findings 

convincingly validate the use of uncertainty-aware 

information retrieval methods because they provide more 

relevance and reliability. 

The results show that the union of active learning and 

uncertainty estimation has extremely high potential to boost 

the adaptability and reliability of retrieval-augmented 

question answering generation systems. We noticed that 

adding evidential learning and uncertainty estimates 

improves re-ranking performance. However, EDRR is still 

prone to performance decreases in cases with excessively 

noisy or sparse data, but to a smaller extent than typical 

machine learning algorithms. Adopting strong data 

augmentation techniques as well as more sophisticated 

preprocessing and data selection tactics can help to mitigate 

these problems. Notably, the sole difference between the 

EDRR model and normal classification models is its 

optimization function. The underlying network architecture 

and inference techniques remain unaltered. As a result, 

expanding to larger datasets increases processing time at the 

same pace as classical classifiers. Incorporating evidentiary 

deep learning into calibration has made re-ranking 

performance more consistent across datasets, which in turn 

has reduced performance variation from dataset shifts and 

made the retrieval system more robust. 



Dr.K. Sankara Moorthy, Mohammed Hussein Fallah, Manoj Govindaraj, Dr.S. Rama Sree, S. Kanmani Jebaseeli and                               

Juraev Tokhirjon Mansurali ugli 
 

IJISS Vol.15 No.3 July-September 2025                   337 

TABLE II PERFORMANCE OF RETRIEVERS  

Category Model MRR HasPositives@k 

Classical TF-IDF 0.681 0.593 

Classical LMDirichlet 0.799 0.77 

Classical BM25 0.817 0.785 

Neural sparse docT5query 0.786 0.754 

Term-based ColBERT 0.765 0.708 

Document-

level 

SentenceBERT 0.669 0.592 

Neural DPR 0.624 0.547 

Proposed EDRR 0.73 0.69 
 

Table II shows the findings of the retriever models. We do 

not give latency performance since the document corpus is 

too small to detect significant variations across the chosen 

models. While not approaching BM25 performance, neural 

retrievers have made significant improvements, surpassing 

the TF-IDF baseline and performing comparably to the LM 

Dirichlet model. The sparse model docT5Query is the first 

runner-up and shows significant improvements over BM25, 

on which it is based. In other words, we believe that 

expanding fact-checked documents with artificially 

generated queries and then indexing them using standard 

techniques (BM25 in our case) is an effective approach 

because the generation process clearly extracts the subjects, 

topics, and/or events, increasing the likelihood of detecting 

matching queries citing those concepts. Unfortunately, we 

demonstrate how the query generation technique, which 

relies on the T5 transformer, is computationally costly and 

may not be viable in online applications where the document 

corpus is often changed. ColBERT, on the other hand, obtains 

impressive results without the need for any preprocessing. 

Furthermore, the late interaction method it employs between 

query and document words appears to be efficient enough to 

scale with millions of corpora. Finally, document-level 

neural retrievers (SentenceBERT and DPR) lag behind the 

other approaches, most likely because representing the entire 

document/query with a single embedding result in a coarse 

representation that lacks the details required to infer the 

relationship between the claim and its verified document. 

Concretely, fact-checked publications are typically longer 

texts that cite multiple concepts and entities to assess claim 

truthfulness. In such cases, it is difficult to produce a 

meaningful representation based on the entire document 

rather than more granular information (e.g., text terms and/or 

phrases). 

To summarize, recent advances in neural information 

retrieval appear to be closing the gap with traditional retrieval 

systems, but we have demonstrated that even the most 

advanced retrievers cannot replace them in practice. 

Furthermore, merging the two approaches and developing 

more efficient interaction methods shows promise for 

enhancing performance. The suggested EDRR model 

achieves encouraging results with a mAP@10 of 0.73, 

leveraging uncertainty-based re-ranking to improve retrieval 

quality, but it still struggles to handle excessively noisy or 

sparse datasets. 

VII. CONCLUSION 

We discussed how modern recommender systems use neural 

re-ranking techniques. Accuracy has significantly improved 

from the simplistic univariate approaches to sparse feature set 

models due to more advanced interactions modeled in 

listwise approaches. It is intriguing to observe the shift from 

single-objective, accuracy-centric models to multi-objective 

models that prioritize accuracy, diversity, and fairness. This 

indicates a growing emphasis on both user satisfaction and 

ethical dimensions. Furthermore, new integrated re-ranking 

for multi-source content and edge re-ranking for real-time 

personalized recommendations showcase emerging 

applications, highlighting industrial relevance and real-time 

adaptiveness as neural re-ranking techniques are seamlessly 

integrated into various application domains and respond to 

user demands in real time. These improvements foster 

increased user interaction, system engagement, effectiveness, 

and overall diversification, relevance, and agility of 

recommendations. 

VIII. FURTHER SUGGESTIONS 

Further research should investigate the design of advanced 

neural architectures capable of simultaneously multitasking 

on multiple objectives. Developing new strategies for 

adjusting the balance of trade-offs for accuracy, diversity, 

and fairness while maintaining real-time functionality would 

be vital. Additionally, incorporating edge re-ranking with 

lightweight models and federated learning enhances privacy 

and mitigates latency issues associated with mobile IoT 

devices. Integrating accuracy and traceability into 

undemocratic models will help rebuild trust among users, 

enabling broader adoption. Ultimately, refining paradigms of 

counterfactual learning would enhance the utilization of off-

policy and simulated user interaction data on the receiver 

side, thereby increasing the dependability and versatility of 

recommendation systems across various fields. 
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