L)

Check for
updates

s DIGITAL
ACM@ LIBRARY

RESEARCH-ARTICLE

DemoRank: Selecting Effective Demonstrations for
Large Language Models in Ranking Task

WENHAN LIU, Gaoling School of Artificial Intelligence, Beijing, China
YUTAO ZHU, Gaoling School of Artificial Intelligence, Beijing, China
ZHICHENG DOU, Gaoling School of Artificial Intelligence, Beijing, China
YUJIA ZHOU, Tsinghua University, Beijing, China

Open Access Support provided by:
Gaoling School of Artificial Intelligence

Tsinghua University

@m open)

{fs Latest updates: https://dl.acm.org/doi/10.1145/3788867

PDF Download
},Q 3788867.pdf
06 April 2026

Total Citations: 0
Total Downloads: 226

Published: 02 March 2026
Online AM: 19 January 2026
Accepted: 26 December 2025
Revised: 16 September 2025
Received: 22 April 2025

Citation in BibTeX format

ACM Transactions on Information Systems, Volume 44, Issue 3 (March 2026)

https://doi.org/10.1145/3788867
EISSN: 1558-2868


https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3788867
https://dl.acm.org/doi/10.1145/3788867
https://dl.acm.org/profile/99661521102
https://dl.acm.org/institution/60125532
https://dl.acm.org/profile/99659280504
https://dl.acm.org/institution/60125532
https://dl.acm.org/profile/81329488529
https://dl.acm.org/institution/60125532
https://dl.acm.org/profile/99661657024
https://dl.acm.org/institution/60025278
https://libraries.acm.org/acmopen
https://dl.acm.org/institution/60125532
https://dl.acm.org/institution/60025278
https://dl.acm.org/doi/10.1145/3788867#download-citation
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3788867&domain=pdf&date_stamp=2026-03-02

DemoRank: Selecting Effective Demonstrations for Large
Language Models in Ranking Task

WENHAN LIU, YUTAO ZHU, and ZHICHENG DOU, Gaoling School of Artificial Intelligence,
Renmin University of China, Beijing, China
YUJIA ZHOU, Tsinghua University, Beijing, China

Large Language Models (LLMs) have been proven to have strong zero-shot passage ranking capabilities.
In-context learning effectively enhances LLM performance by providing few-shot demonstrations, opening
avenues for further improving LLM’s ranking ability. However, existing studies usually retrieve the most sim-
ilar demonstrations to the input, ignoring the demonstration dependencies and diversity, which is insufficient
to inspire the LLM for assessing the current query-passage relevance. In this article, we propose a framework
named DemoRank, which selects few-shot demonstrations by performing a novel dependency-aware reranking
of the retrieved demonstrations. Considering the dependency, combining top-ranked demonstrations yields
better results. Nevertheless, generating the training samples for such a dependency-aware demonstration
reranker faces two challenges: (1) the traditional demonstration ranked list assumes demonstration inde-
pendence, which cannot be used to train our reranker, and (2) obtaining the optimal demonstration ranked
list from the retrieved set is NP-hard and inefficient. To overcome these challenges, we propose an approach
to construct a kind of dependency-aware training samples efficiently and design a list-pairwise training
approach for the optimization of the demonstration reranker. We conduct extensive experiments on a series of
passage ranking datasets, and the results demonstrate the superior performance of our proposed DemoRank
framework under various scenarios. Our code is publicly available at https://github.com/8421bcd/demorank.
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1 Introduction

Large Language Models (LLMs) have demonstrated remarkable performance across a spectrum of
Natural Language Processing (NLP) tasks. Recently, there has been significant interest in using
LLMs for passage ranking tasks [29, 36, 48], which play a critical role in research of Information
Retrieval (IR). A typical approach is relevance generation, which judges the relevance of a
query—passage pair in a pointwise manner. In this approach, LLMs are instructed to assess the
relevance of a passage to a query by generating straightforward responses, typically in the form
of “Yes” or “No.” These responses are then used to compute the relevance score by calculating the
log-likelihood of these generated responses. Previous studies [15, 48] have extensively demonstrated
the effectiveness of this approach and highlighted its potential to improve the ranking quality of
search engine systems.

In-Context Learning (ICL) has emerged as a powerful capability of LLMs, allowing them to
adapt to specific tasks by leveraging a series of task demonstrations (i.e., input-output examples)
[40]. This mechanism enhances the LLMs’ understanding of both the task objective and the expected
output format, thereby improving their overall performance. Many studies have investigated the
strategy of demonstration selection for various NLP tasks [13, 23, 32, 41, 45], highlighting the im-
portance of tailored demonstrations in achieving higher performance. Despite these advancements,
the application of ICL to passage ranking tasks remains relatively unexplored. Given the inherent
complexity of relevance assessment in passage ranking, ICL presents a challenging yet promising
opportunity to enhance LLMs’ ranking performance. Therefore, this study aims to develop effective
demonstration selection strategies to optimize the performance of ICL in passage ranking.

Demonstration retrieval is a widely used technique for selecting demonstrations, showing
promising results in the field of NLP. It retrieves demonstrations most similar to the test input
for few-shot ICL. Despite its effectiveness, directly applying it to the passage ranking task may
result in suboptimal performance. This is due to the complex nature of the query-passage relevance,
which may require a combination of multiple demonstrations to provide diverse information for
assessing the relevance. The example in Figure 1 illustrates such a problem. When selecting a
2-shot demonstration for the current input (a relevant query-passage pair), existing methods [32]
directly choose the top-2 ranked demonstrations (z; and z;) returned by the retriever. However, we
deem that combining z; and zs is more suitable for this case. This is because z; and z5 have more
distinct queries and different relevance outputs. They provide LLM with richer and more diverse
query-passage relationships, thus contributing more to the relevance assessment. Besides, since ICL
is very sensitive to the order of demonstrations [23], it is also necessary to set an appropriate order
for z; and z5 (e.g., [25, z1]). Thus, it is insufficient to select few-shot demonstrations based solely
on similarity or relevance without considering their dependencies. In this article, we define the
dependency between demonstrations in terms of their order and diversity.

In this article, we introduce a novel Demonstration Reranker (DReranker) that selects
few-shot demonstrations through dependency-aware demonstration reranking. Different from exist-
ing demonstration retrievers (DRetrievers) [13, 32, 39] that directly choose the most similar
demonstrations, our DReranker reranks the retrieved demonstrations by considering demonstration
dependencies, making the combination of selected demonstrations more effective for the few-shot
ranking tasks.

Existing methods for training a demonstration ranking model typically rely on LLMs’ feedback
[13, 32], which serves as the supervised training signals. They utilize an LLM to score demonstrations
based on the LLM’s likelihood of producing the correct output given each demonstration, and
subsequently use the top-scored demonstrations as training samples to train the ranker. Following
this technique line, we use the LLM’s feedback to train our DReranker. Nevertheless, we face two
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Input
[ Query: Benefits of tea? Passage: Tea helps with weight loss ... Output: ]
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[Z1] Query: Tea types Passage: Tea is popular worldwide ... Output: No
[Z5] Query: Tea categories Passage: Tea originated in China ... Output: No
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Fig. 1. Compared with choosing top-2 demonstrations (z; and z;), the selection of z5 and z; considers the
demonstration dependencies (more diverse query-passage relationships and more appropriate demonstration
order), thus yielding better relevance assessment.

significant challenges in generating its training samples: (1) The demonstration independence
assumption: existing methods [32] assume the demonstration candidates are independent of each
other and utilize the LLM’s feedback to evaluate each individual candidate, which does not apply to
training our dependency-aware DReranker. (2) High complexity: obtaining the optimal dependency-
aware demonstration list from the retrieved demonstration set based on LLM’s feedback is an
NP-hard problem, which is highly time-consuming and of significant complexity.

To overcome these challenges, we propose an efficient approach to construct a kind of dependency-
aware training samples. Our approach approximates the optimal demonstration list by iteratively
selecting demonstrations from the retrieved set, which significantly reduces the search space and
improves efficiency. In each iteration, the selection aims to maximize the LLM’s feedback on the
combination of the previously selected demonstrations and the current one, thus taking the demon-
stration dependencies into account. With these constructed training samples, we further design
a list-pairwise training method for the DReranker’s optimization, which teaches the reranker to
iteratively select the next demonstration given a previous sequence.

To this end, we propose DemoRank, a few-shot Demonstration selection framework for passage
Ranking. Specifically, we first design and train a ranking-task-specific DRetriever to obtain a list
of high-quality demonstration candidates. Then, we introduce our dependency-aware DReranker,
which iteratively selects few-shot demonstrations by reranking the demonstration candidate list.
To overcome the challenges mentioned above, we propose an efficient approach to construct
the training samples and design a list-pairwise training method for DReranker’s optimization.
Experiments on a series of ranking datasets demonstrate the effectiveness of DemoRank. Further
analysis also shows the contribution of each proposed component and DemoRank’s strong ability
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under various scenarios, including low-resource, generalization on unseen datasets, transferability
to different LLMs, and so on.
The main contributions of our article are summarized as follows:

(1) We propose a novel framework, namely DemoRank, that optimizes the selection of few-
shot demonstrations for passage ranking tasks through dependency-aware demonstration
reranking.

(2) To train our DReranker, we propose an approach to construct a kind of dependency-aware
training samples in a time-efficient manner.

(3) We design a list-pairwise training method for the optimization of the DReranker.

(4) Extensive experiments on a series of ranking datasets demonstrate the strong ability of our
DReranker under various scenarios.

2 Related Work
2.1 LLM For Passage Ranking

Passage ranking [15, 21, 22, 25, 36] is a crucial stage in IR that involves rearranging a list of candidate
passages (usually obtained by a retriever) to better align with the relevance to a given query. It
ensures that the relevant passages are displayed at the top of the list, better meeting the user’s
information needs. With the advancement of LLMs in IR [46], many studies have explored their use
in passage ranking, typically categorized into three different types: pointwise ranking, pairwise
ranking, and listwise ranking. In the following sections, we will elaborate on these three ranking
methods, respectively.

2.1.1  Pointwise Ranking. The pointwise method assesses the relevance between a query and
a single passage. A typical approach is relevance generation [15], which provides LLM with a
query—passage pair and instructs it to output “Yes” if the passage is relevant to the query or “No”
if not. The relevance score can be calculated based on the generation probability of the token
“Yes” Zhuang et al. [48] propose a variant of relevance generation which incorporates multi-level
relevance labels (“Highly Relevant,” “Somewhat Relevant,” and “Not Relevant”) into the prompt
for LLM passage rerankers. Another approach of pointwise methods is query generation [33, 49],
which calculates a relevance score based on the log-likelihood of generating the query based on
the passage.

2.1.2  Pairwise Ranking. In pairwise ranking [29], LLMs are given a prompt that consists of a
query and a pair of passages and are instructed to identify the more relevant passage. To rank all
passages, existing approaches typically employ aggregation methods such as AllPairs [29]. This
method operates by first enumerating all possible passage pairs and producing discrete preference
judgments for each pair (e.g., selecting Document 1 over Document 2), then aggregating these
pairwise comparisons into final relevance scores. To optimize the ranking efficiency, specialized
sorting algorithms, including heap sort and bubble sort are implemented. These algorithms leverage
optimized data structures to perform selective passage pair comparisons, effectively promoting
the most relevant documents to higher positions in the ranked list, which is particularly useful in
top-k ranking.

2.1.3  Listwise Ranking. Listwise methods [3, 17, 19-21, 28, 36, 43, 44] take the query and a list
of passages as the input and directly output the identifiers of the reranked passages (such as “[3] >
[1] > [2]”). Due to the limited input length constraint of LLMs, directly incorporating all candidate
passages into the prompt is infeasible. To address this limitation, existing methods adopt a sliding
window strategy for incremental reranking. Specifically, passages are processed in subsets by sliding
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a fixed-size window backward through the ranked list. At each step, only the passages within the
current window are reranked, enabling efficient partial refinement while maintaining tractable
computational costs. Listwise ranking has already been proven to have superior performance in
some large-scale closed-source models (e.g., ChatGPT and GPT-4) [21, 36].

Despite the promising results of these methods, few studies have specifically focused on how to
select effective few-shot demonstrations for ranking tasks, which is the primary focus of this article.
Difficulty-based selection [9] is suboptimal because it applies the same few-shot demonstrations for
all queries, which ignores that the optimal few-shot demonstrations vary across different queries.
Previous studies [47] have revealed that the relevance generation of the pointwise method is the most
suitable method for passage ranking on open-source LLMs when compared with other ranking meth-
ods. Thus, we intend to utilize the relevance generation approach for passage ranking in this article.

22 ICL

ICL has emerged as a powerful paradigm for adapting LLMs to downstream tasks without modifying
their parameters. Unlike traditional fine-tuning, which requires computationally expensive updates
to the model weights, ICL relies on a few input-output demonstrations provided at inference time
to guide the model’s behavior. This approach not only preserves the generality of pretrained LLMs
but also mitigates common challenges such as overfitting and resource-intensive training. The
effectiveness of ICL hinges on the quality and relevance of the demonstrations, prompting extensive
research into methods for selecting optimal examples dynamically. As a result, ICL has become a
cornerstone of modern LLM applications, offering a flexible and efficient alternative to traditional
adaptation techniques.

A widely used demonstration selection approach is demonstration retrieval, where demon-
strations are dynamically retrieved based on the input query rather than relying on static or
handcrafted sets. Prior studies have explored different kinds of DRetrievers, which broadly fall into
two categories: off-the-shelf DRetrievers and task-specific DRetrievers.

2.2.1 Off-the-Shelf DRetrievers. Many studies attempt to use the off-the-shelf retrievers that
select demonstrations based on term-based similarity or sentence embedding similarity. For example,
Agrawal et al. [1] propose to use BM25 for demonstration retrieval in machine translation. Due
to BM25’s reliance on term frequency and passage length, it ignores the semantic meaning and
sentence structure, which may lead to sub-optimal performance in certain instances. Li and Qiu
[14] investigate the effectiveness of SBERT embeddings for demonstration retrieval, and the results
demonstrate the boost in performance compared to zero-shot or random demonstration selection.
Liu et al. [16] propose to use a kNN-based retriever to retrieve demonstrations semantically similar
to the test input. Instead of solely relying on term-match as in BM25, the last two studies apply the
dense embeddings which can better capture semantic similarity (e.g., synonyms and related topics).

2.2.2  Task-Specific DRetrievers. While off-the-shelf retrievers have demonstrated potential in
selecting demonstrations for LLMs, their generic nature often fails to capture the nature and solution
patterns required by individual tasks, which may lead to sub-optimal performance. To mitigate this
issue, many researchers have attempted to train a DRetrievers using task-specific signals. A key
goal in designing a good DRetrievers is to encourage it to rank demonstrations higher if they are
useful to the LLM as demonstrations. This allows training to rely directly on query and output pairs
from the task itself, without needing human annotations. For instance, Rubin et al. [32] employ
LLM feedback to distill information into a dense retriever, EPR, specifically for semantic parsing
tasks, optimizing retrieval by focusing on the task’s semantic requirements. Similarly, Das et al.
[8] utilize F1 scores of logic forms as a training signal to improve retrieval for knowledge-based
question—answering tasks, ensuring that retrieved demonstrations align closely with task-specific
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evaluation metrics. Poesia et al. [27] finetune a DRetrievers for code generation, using the edit
distance of abstract syntax trees as the basis. Cheng et al. [4] focus on training a DRetrievers that
improves LLMs’ performance in the cross-task and cross-model scenarios. Wang et al. [39] propose
to train the retriever iteratively based on a reward model on various NLP tasks. In addition to
DRetrievers, Shi et al. [34] propose to train a DReranker. They utilize LLM feedback to score each
individual demonstration candidate, thereby generating a ranking list of candidates as training
samples.

Although these methods have shown promising results, a common issue with them is that they
treat each demonstration independently without considering the inherent dependencies among
them. This oversight can result in suboptimal demonstration selection, as existing studies [12,
23] have shown that the order and diversity of demonstrations—referred to as demonstration
dependencies in this article—significantly affect the effectiveness of few-shot ICL. For example,
Levy et al. [12] reveal that choosing diverse demonstrations could substantially improve the
performance of few-shot ICL in compositional generalization semantic parsing tasks. In this article,
we introduce a novel framework that first retrieves a set of demonstrations and then reranks them
in a dependency-aware manner. By considering demonstration dependencies, this framework aims
to select the most effective few-shot demonstrations for passage ranking tasks, thereby improving
overall performance.

3 Preliminaries
3.1 Relevance Generation for Ranking Task

Passage ranking constitutes a core component of modern IR systems, aiming to effectively order
a list of retrieved passages based on their relevance to a given query. Formally, given a query
q and a passage list [py, ..., pn], our objective is to compute a fine-grained score Rs(q, p;) for
each passage that accurately reflects its relevance to the query. Recent advances in LLM-based
relevance generation methods [15, 48] have demonstrated superior performance by leveraging
the semantic understanding capabilities of LLMs. In these approaches, an LLM is provided with a
prompt consisting of a query and a passage, and instructed to output a binary label “Yes” or “No” to
indicate whether the passage is relevant to the query or not. Then a softmax function is applied to the
logits of tokens “Yes” and “No,” and the probability of the token “Yes” is used as the relevance score:

Rs(q, pi) =Pr(*Yes”|T, q, p;), (1)

where T is the task description, which is used in ICL to help LLMs understand the task [13, 47].
Pr(”Yes”|-) gets the probability of generating token “Yes.” Finally, the passages are ranked according
to the relevance score Rs(q, p;) in descending order.

3.2 ICL in Relevance Generation

ICL has emerged as a powerful technique for adapting LLMs to downstream tasks without parameter
updates, particularly effective in low-resource scenarios. In relevance generation task, given k
in-context demonstrations {zi}f:l, where z; = (g, p, §) is a triple consisting of a query, a passage
and a binary output (“Yes” or “No”) indicating the relevance label (with “Yes” representing the
relevance and “No” representing the irrelevance), the relevance score Rs(gq, p;) is calculated by:

Rs(q.pi) = Pr(Yes’|T, {z:}*1, ¢. p1).- (2)

The detailed task descriptions and the format of the demonstrations are shown in Tables 2 and 3,
respectively. The main notations used in this article are listed in Table 1.
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Table 1. The Notations Used in Our Framework

Notation Explanation

q User query.

pi The ith passage in the passage list.

Rs(q,pi) The relevance score between g and p;.

zi The in-context demonstration.

P The demonstration pool for retrieval.

I One piece of training input which consists of a query ¢ and a passage p.

V4 The set of LLM-scored demonstration candidates for training DRetriever.

z" The demonstration candidates retrieved by the trained DRetriever for training DReranker.

A The selected demonstrations when constructing dependency-aware training samples for DReranker.
zH The unselected demonstrations when constructing dependency-aware training samples for DReranker.
K The maximum iteration number of the construction of dependency-aware training samples.

rest One piece of test input which consists of a query ¢'**! and a passage p''.

Table 2. The Instructions Used for Different Datasets

Dataset Instruction

FEVER Given an article and a claim, predict whether the article is relevant to the claim by outputting
either Yes or No. If the article is relevant to the claim, output Yes; otherwise, output No.

NQ Given a passage and a question, predict whether the passage is relevant to the question by
outputting either Yes or No. If the passage is relevant to the question, output Yes; otherwise,
output No.

HotpotQA Given a passage and a question, predict whether the passage is relevant to the question by
outputting either Yes or No. If the passage is relevant to the question, output Yes; otherwise,
output No.

TREC DL19 Given a passage and a query, predict whether the passage is relevant to the query by outputting
either Yes or No. If the passage is relevant to the query, output Yes; otherwise, output No.

TREC DL20 Given a passage and a query, predict whether the passage is relevant to the query by outputting
either Yes or No. If the passage is relevant to the query, output Yes; otherwise, output No.

MS MARCO Given a passage and a query, predict whether the passage is relevant to the query by outputting
either Yes or No. If the passage is relevant to the query, output Yes; otherwise, output No.

Table 3. The Demonstration and Input Format Used for Different Datasets

Dataset Demonstration Format
FEVER Article: #{ARTICLE}\nClaim: #{CLAIM}\nls the Article relevant to the Claim?\nOutput:
NQ Passage: #PASSAGE}\nQuestion: #{QUESTION}\nls the Passage relevant to the Question?\nOutput:

HotpotQA  Passage: #{PASSAGE}\nQuestion: #{QUESTION}\nls the Passage relevant to the Question?\nOutput:
TREC DL19  Passage: #{PASSAGE}\nQuery: #{QUERY}\nOutput:
TREC DL20  Passage: #{PASSAGE}\nQuery: #{QUERY}\nOutput:
MS MARCO Passage: #{PASSAGE}\nQuery: #QUERY}\nOutput:

4 The DemoRank Framework

As mentioned in Section 1, directly using the most similar demonstrations retrieved is often
suboptimal for the performance of ICL. In this article, we propose a novel approach by reranking
the retrieved demonstrations based on their dependencies, enabling the combination of top-ranked
ones to achieve significantly better ICL performance. Our DemoRank framework, illustrated in
Figure 2, comprises a DRetrievers and a dependency-aware reranker (DReranker). The DRetriever
is trained to retrieve high-quality demonstration candidates, while the DReranker constructs more
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Fig. 2. An overview of our proposed framework DemoRank. It comprises two main components: DRetriever
and DReranker. We first train the DRetriever using demonstration candidates individually scored by the LLM.
Then, we construct dependency-aware training samples (i.e., few-shot pairs) through iterative selection and
use a list-pairwise training approach to optimize the DReranker. During inference, we first use DRetriever to
obtain a list of demonstrations and then apply DReranker to iteratively select top-k demonstrations for ICL.

effective few-shot demonstrations through demonstration reranking. In this section, we will provide
a detailed introduction to our proposed DemoRank framework, including the construction of a
demonstration pool, and the training method of DRetriever and DReranker.

4.1 Demonstration Pool Construction

Given a passage ranking dataset (e.g., MS MARCO [24]), we use its training set to construct our
demonstration pool . For each query in the training set, we construct positive and negative demon-
strations by pairing the query with its relevant and irrelevant passages, respectively. To maintain
the output label balance in the demonstration pool #, the number of negative demonstrations of
each query is set equal to its positive demonstrations.

4.2 DRetrievers

The effectiveness of few-shot demonstrations depends on the quality of each demonstration.
In this section, we train a ranking-task-specific DRetrievers to identify high-quality candidates
for subsequent reranking. We apply an LLM to score a set of demonstration candidates to obtain
supervised signals and use them to fine-tune our DRetriever based on a multi-task learning strategy.

4.2.1 Scoring with LLM. For a training input I = (g, p) which contains a query-passage pair, we
select a set of demonstrations from the demonstration pool # as training candidates. Following
previous studies [39], we employ the BM25 algorithm to retrieve top-b demonstrations. Due to
the complex nature of passage ranking, the utility of a demonstration is not directly related to
its similarity to the input [9]. To include more potentially useful demonstrations for training, we
also randomly sample another group of b demonstrations from #. The total number of training
candidates is annotated as N (N = 2 = b).
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After that, we apply a frozen LLM scorer to score each demonstration z; for the training input I
based on the following equation:

Pr(y|T, z;, I)
(z;, 1) = ,
[l = s ey Tz D

where y is the relevance label for the query—passage pair in I, Y = {"Yes”, "No”} is the label space

©)

and T is the task description. In this article, the scorer uses the same LLM as the passage ranker.
Nevertheless, we also explored the transferability of the LLM scorer on different LLM passage
rankers in Section 5.8.

4.2.2  Training. Our DRetriever is based on a prevailing bi-encoder architecture [38]. Following
existing DRetrievers [13, 39], the two encoders share the same parameters and encode the input
and demonstrations separately, and then calculate their similarity. Given the current training input
I = (g, p) and its training candidates, we use encoder E; and demonstration encoder E, to encode
them, respectively, and calculate the similarity score as:

S(L,z;) = Er(I) "Ez(z), 4)
where the two encoders E; and E, share the same parameters and encode with average pooling.
Contrastive Loss. After that, we apply a contrastive loss L. to maximize the score between the
training input I and positive demonstration z* and minimize it for negative demonstration z; .
Here, z* is the demonstration with the highest LLM score, and z; are the remaining ones. The
contrastive loss L. is calculated as:
eS(I,z*)

LC = - log _ZZIGZ eS(LZ,) 5

)
where Z = {z*,2,...,zy_,}.
Ranking Loss. To make use of the fine-grained supervision of LLM’s feedback, we also use a
ranking loss RankNet [2] to inject the ranking signal of candidates into training:
1Z|
L = Z ]]'Vi<rj lOg(l + eS(I’Zj)_S(LZi))> (6)
L.j
where r; is the rank of z; in Z when sorted in descending order by the LLM score.
The final loss function L is defined as:

L=AL.+L,, (7)

where A is a pre-defined hyper-parameter.

4.3 DReranker

During the training of DRetriever, each demonstration is evaluated independently, which overlooks
the potential dependencies among them. This oversight may lead to a suboptimal combination
of the top-retrieved demonstrations. To address this limitation, we present our novel DReranker,
which reranks the retrieved demonstrations in a dependency-aware manner to obtain more effective
few-shot demonstrations.

To overcome the challenges in constructing DReranker’s training samples (i.e., the demonstration
independence assumption and the issue of high complexity mentioned in Section 1), we propose a
dependency-aware and time-efficient method for constructing training samples. Specifically, based
on LLM’s feedback, we greedily select demonstrations from the retrieved set to approximate the
optimal few-shot demonstrations. The greedy selection significantly reduces the search space and
time cost. And the LLM scorer evaluates the combination of multiple demonstrations at once, thus
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taking the demonstration dependencies into account. In each selection, we construct a series of
demonstration sequence pairs (with only the last demonstration being different). Building on these
pairs, we design a list-pairwise training method that teaches the DReranker to select demonstrations
based on a given sequence. During inference, our DReranker sequentially selects demonstrations to
construct few-shot demonstrations. In the following section, we will provide a detailed introduction
to our method for constructing dependency-aware training samples and our proposed list-pairwise
training method.

4.3.1 Constructing Dependency-aware Training Samples. Given a training input I, we first use
our trained DRetriever to retrieve top-M demonstrations Z* as the training candidates. Then, we
iteratively select demonstrations to estimate the optimal few-shot demonstrations. For the first
iteration, we use the LLM scorer to score and rank these demonstrations based on Equation (3).
Subsequently, we design a sampling strategy to select one demonstration from the unselected
demonstration set Z" (Z" = Z" for the first iteration) based on its rank. The selection probability
p(-) of each demonstration is computed by the following equation:

N = 9(zi)
p(zi) szEZ“ g(Zj)’ (8)
9(zi) = exp(-ry), ©)

where r; is the rank of demonstration z;. This strategy ensures that higher-scoring demonstrations
are more likely to be selected for constructing the optimal demonstration sequence. Meanwhile, it
retains the possibility of selecting lower-scoring demonstrations, which helps DReranker select
the next demonstration when the previous sequence is not good enough. For the kth iteration,
we append each unselected demonstration to the end of the previously selected demonstration
sequence (obtaining k-shot demonstrations) and use the LLM scorer to score the k-shot demon-
strations, respectively. Then, we select a demonstration from these unselected ones based on
the same sampling strategy. After LLM scoring, we also obtain a ranking of k-shot demonstra-
tions, based on which we obtain a set Ly which contains LLM-scored k-shot pairs with relative
order (e.g., 3-shot pair ([z3, z1,22] > [z3,21,24]) in Figure 2). Each pair acts as a dependency-
aware training sample and will be used by our list-pairwise training approach in the next sec-
tion. In this way, the dependency between each demonstration and previous demonstrations
is considered.

The ranking of few-shot demonstrations is regenerated in each iteration. The prompt used by the
LLM scorer for scoring few-shot demonstrations is created by concatenating the task instruction,
few-shot demonstrations, and input. The format of the instruction is shown in Table 2, and the
format of demonstrations and input is shown in Table 3. Note that as the number of iterations
increases, the computational cost associated with LLM inference also rises significantly. Due to our
limited computational resources, we set a maximum iteration number K. The entire construction
process is detailed in Algorithm 1.

4.3.2  List-Pairwise Training. According to Liu et al. [18], learning to rank methods can be divided
into three categories: pointwise, pairwise, and listwise. Demonstration reranking is naturally a
listwise problem because the rank of each demonstration depends on the previous demonstration
sequence. In this part, we propose a list-pairwise training method to optimize our DReranker. We
call it list-pairwise because the loss is calculated by comparing a pair of few-shot demonstration lists
(I, ) where 4 and I, differ only in the last demonstration. With the dependency-aware training
samples from 1-shot to K-shot constructed, we generate all pairs of demonstration lists for each
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Algorithm 1: Constructing Dependency-Aware Training Samples

Input: Training input I, maximum iteration K.

Output: Dependency-aware training samples O.
1: Retrieve top-M demonstrations Z*
2: O « {}, selected demonstrations Z° « [], unselected demonstrations Z% « Z*
3: fori=1to K do
4 Score and rank each zj € Z* using f(Z° ® zj,I) based on Equation (3)
5. Append (I, Z%, Z") and the ranking of scored Z* to O
6:  Select a demonstration z* € Z* based on Equation (8)
7. Append z* to Z%, remove z* from Z*
8: end for
9: return O

shot (for 1-shot, the list length is 1). Then, we calculate our list-pairwise loss Ly, as follows:

K L

Lip = Y 3" J(i, 1) log(1 + 5 =Setl), (10)

k=1 li,lj

where L is the set of k-shot pairs and J(I;,[;) is a indicator function. If the LLM score of [; is
bigger than [;, J(I;,1;) = 1, else J(I;,1;) = 0. Our DReranker is based on a cross-encoder model,
which calculates Sc(I, [;) by taking the concatenation of the training input I and demonstration list
I; as input, and outputs a prediction score using the representation of “[CLS]” token. Observing
demonstration lists of different shots helps the DReranker learn to select the next demonstration
given the selected sequence.

4.4 Inference

During inference, we first encode the entire demonstration pool # using our trained DRetriever and
build the index. Then, given a test input I'**' = (g'**!, pi*'), we first retrieve top-D demonstrations
using DRetriever. After that, we perform dependency-aware reranking of these retrieved demon-
strations through iterative selection. Specifically, for each selection, we choose the demonstration
from the unselected ones that, when concatenated with the selected demonstration sequence,
results in the highest LLM score. The process is repeated until K demonstrations are selected.
Finally, these K few-shot demonstrations will be concatenated with the test input to calculate the
relevance score. We perform this process for all retrieved passages of the test query ¢'**' and rank
passages based on their relevance scores.

5 Experiments
5.1 Setting

5.1.1 Datasets. To comprehensively evaluate our approach, we conducted extensive experiments
on six benchmark datasets spanning three distinct ranking scenarios: question-answering, fact-
checking, and passage retrieval.

Question-Answering Scenario. This scenario focuses on retrieving relevant passages that directly
answer user queries. We evaluate two widely used QA datasets:

—HotpotQA [42]: A comprehensive multi-hop question-answering dataset containing 113k
Wikipedia-based question—-answer pairs, requiring multi-hop reasoning across multiple pas-
sages to arrive at the correct answers. The test set consists of 7,405 carefully curated questions.

—Natural Questions (NQ) [11]: A large-scale open-domain QA dataset based on real user
queries sourced from Google search, containing 307k training examples with Wikipedia
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articles as context. The test set includes 3,452 questions for the evaluation of the model’s
performance.

Fact-Checking Scenario. This scenario assesses the ability to verify factual claims using supporting
evidence:

—FEVER [37]: A fact verification dataset containing 185k claims extracted from Wikipedia.
The test set comprises 6,666 claims, requiring models to determine whether each claim is
supported, refuted, or not enough information is available. This dataset is important for
developing models that can accurately perform fact-checking and verify information across
various topics.

Passage Retrieval Scenario. This scenario evaluates general-purpose passage retrieval capabilities:

—MS MARCO [24]: A large-scale web search dataset with 8.8M passages and 532k training
queries from Bing search logs. We use its development set containing 6,980 queries for
evaluation.

—DL19 (TREC Deep Learning Track 2019) [7]: A standard retrieval benchmark containing 43
queries with detailed relevance judgments, commonly used for official TREC evaluations.
—DL20 (TREC Deep Learning Track 2020) [6]: The subsequent TREC benchmark with 54 queries,

featuring more challenging and diverse queries than its predecessor.

For HotpotQA, NQ, and FEVER, models were trained on each dataset’s training set and evaluated
on its corresponding test set. For MS MARCO, models were trained on its comprehensive training
set and tested on three evaluation sets: the MS MARCO development set, DL19, and DL20.

5.1.2  Implementation Details. We adopt FLAN-T5-XL [5] as the LLM scorer and passage ranker
(unless otherwise specified) due to its strong performance in pointwise ranking tasks, as demon-
strated in prior work [35]. For the construction of training input, we pair each query in the training
set with one relevant passage and one irrelevant passage, respectively, thus generating two training
inputs. The maximum length of query and passage is set as 64 and 100, respectively. Next, we
will introduce the training details of our models. As for the DRetriever, we set the number of
demonstration candidates N as 50 and hyper-parameter A for multi-task learning as 0.2. Following
the previous study [39], we use e5-base-v2 [38] to initialize DRetriever and train the DRetriever with
a learning rate of 3e-5. As for DReranker, the number M of retrieved demonstrations for scoring is
50, and the maximum iteration number K in Section 4.3 is set as 3. We apply DeBERTa-v3-base [10]
for model initialization for its efficient yet powerful sequence modeling capabilities and optimize
the model with a learning rate of 1e-5. Both the DRetriever and DReranker are trained for 2 epochs.
The choices of learning rates above follow the pretraining setups of their corresponding backbone
models, while the 2-epoch training schedule ensures convergence without overfitting. During infer-
ence, the number of retrieved demonstrations D for reranking is set as 30 to balance effectiveness
and efficiency, achieving near-optimal performance with significantly lower computational cost.

The prompt we used in this article consists of the instruction, demonstrations (one or more),
and test input. For zero-shot, no demonstrations are included. The instructions and demonstrations
we used are listed in Tables 2 and 3, respectively. The instructions are used only for each test
query—passage pair and the LLM scoring process. The test inputs have the same format as the
demonstration.

5.1.3 Baselines. We compare DemoRank with a series of baselines, including Initial Order,
0-shot, rule-based demonstration selection (Random, K-means, and DBS [9]), and retrieval-based
selection (BM25 [31], SBERT [30], E5 [38], EPR [32]). The baseline details are shown as follows:
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— Initial Order: Following previous studies [36, 48], we use the top-100 passages retrieved by
BM25 as the initial passages order, which serves as the foundation for all subsequent reranking
operations. This baseline reflects the raw retrieval performance before any passage reranking
is applied.

— 0-shot: The passage ranking approach based on pure relevance generation without any demon-
stration, representing the LLM’s intrinsic ranking capability without ICL. This baseline is used
to compare with demonstration selection baselines.

— Random: We randomly sample demonstrations from the demonstration pool P for each test
input, serving as a lower-bound demonstration selection baseline.

— K-means: This method first clusters all the demonstrations in the demonstration pool into k
clusters using a dense embedding model, then selects the k demonstrations closest to each
cluster center. The approach aims to maximize demonstration diversity by covering different
semantic clusters in the embedding space. Following Wang et al. [39], we use E5 [38] to encode
all the demonstrations.

— DBS [9]: DBS is a rule-based approach based on demonstration difficulty. It selects the demon-
strations that are the most difficult for the LLM to predict. In this article, we implemented the
algorithm based on the relevance generation approach for a fair comparison.

—BM25 [31]: BM25 is a widely used sparse retriever. We apply it to retrieve demonstrations
most similar to the test input.

— SBERT [30]: We use Sentence-BERT as the off-the-shelf DRetriever following [32].} We first
use Sentence-BERT to build the index for all the demonstrations. Then, we compute cosine
similarity between test inputs and demonstrations in the sentence embedding space, selecting
the most semantically similar demonstrations.

— E5 [38]: E5 is a state-of-the-art text embedding model trained contrastively on diverse text
pairs, enabling robust zero-shot retrieval and semantic understanding. Following Wang et al.
[39], we utilize e5-base-v2 checkpoint? as our off-the-shelf DRetriever and apply the same
retrieval method as we do with SBERT.

—EPR [32]: EPR is a competitive dense DRetriever fine-tuned with task-specific training data.
It first applies a frozen LLM scorer to label positive and negative demonstrations based on
the LLM’s feedback. Then, it uses contrastive learning with in-batch negatives for retriever
optimization. We trained EPR for demonstration retrieval in the passage ranking task using
the same training data as DemoRank.

— LLM-R [39]: LLM-R first uses LLM feedback to train a reward model to assess the quality of
demonstrations and then distil the knowledge of the reward model to a DRetriever.

5.2 Main Results

We compare DemoRank with baselines in 3-shot ICL, and the results are shown in Table 4. From
analyzing the results, we draw the following observations:

(1) Our framework DemoRank shows the best performance on all datasets and surpasses all
the baseline models with p-value < 0.05 (with Bonferroni correction), which indicates the
significant improvements and robustness of DemoRank on different ranking scenarios and
query types. Besides, compared with SOTA DRetriever LLM-R, DemoRank has a significant
improvement (e.g., about 2.5 NDCG@10 points on HotpotQA and 3 NDCG@10 points on
FEVER, respectively). This indicates that DemoRank can capture the dependencies between

The checkpoint is from https://huggingface.co/sentence-transformers/paraphrase-mpnet-base-v2.
Zhttps://huggingface.co/intfloat/e5-base-v2 .
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Table 4. Main Results on Different Datasets

HotpotQA NQ FEVER DL19 DL20 MS MARCO | Average
@ @10 @ @I @5 @ @ @ @5 @ @5 @0| @ @10
Initial Order  61.10 6330 2674 3055 6294 6513 5278 5058  50.67 47.96 1974  22.84 | 4566 46.73

Method

0-shot 5776 60.65 4571 4862 3629 3892 6748 6613 6843 6557 30.18 3324 | 5098 52.19
Random 5645  59.42 4596  48.61 3594 3861 67.66 6657 6627 6484 3048 3370 | 50.46 51.96
K-means 5634  59.27  46.09 4871 3581 3833 6729 6630  69.08 6622  30.65 3373 | 50.88 52.09
DBS 5729  60.15 4573 4862 3634 39.00 6815 6640 6854 6521 3039 3361 | 51.07 5217
BM25 60.64  63.18  47.17 4978 3739  40.19 6773 6608 6821 6585 3102  34.03 | 5203 53.19
SBERT 5524 5838 4630 4923 3395 3680 67.69 66.67 6746 6507 3048 3371 | 50.19 51.64
E5 6090 6342 4698  49.60 37.02 3971 6927 6640  67.60 6533 3113 3407 | 5215 53.09
EPR 62.04 6459 4749 5007 4270 4523  69.60  66.12 6855 6534 31.28 3429 | 53.61 5427
LLM-R 6189 6454 4834 5086 4342 4585 6953 6598 6845 6579  30.99 3398 | 5377 5450
DemoRank  64.847 67.037 49.77% 52317 46.08" 48.437 70.157 67.76" 69.627 66.767 32277 3531" | 55.46 56.27

Due to space constraints, we abbreviate NDCG@5 and NDCG@10 as “@5” and “@10,” respectively. The best results are
marked in bold, and the column average represents the average performance of all datasets. “t” indicates the model
outperforms the best baseline significantly with a paired #-test at p-value < 0.05 level (with Bonferroni Correction). The
best result is marked in bold.

demonstrations, thereby constructing more effective few-shot demonstrations for passage
ranking.

(2) The similarity-based demonstration selection methods, such as BM25 and E5, exhibit a certain
degree of improvement when compared to the 0-shot baseline. This observation suggests
that the similarity between the demonstration and the input contributes to selecting useful
demonstrations. However, these similarity-based methods remain significantly inferior to
both LLM-R and our proposed DemoRank. This performance gap underscores the critical
importance of incorporating task-specific optimization through LLM feedback, rather than
relying solely on general-purpose similarity metrics (such as term overlap and semantic
similarity).

(3) Rule-based methods (such as random selection and K-means) struggle to achieve performance
improvements and even degrade ranking results below the 0-shot baseline on certain datasets
like HotpotQA. This is quite different from the phenomenon observed in many NLP tasks
[13, 39]. This significant difference highlights the unique challenges inherent in few-shot
demonstration selection for passage ranking tasks, which require sophisticated approaches
to achieve performance improvement.

(4) The improvement from DemoRank compared to 0-shot varies greatly across datasets. For
instance, DemoRank yields a 2-point gain on MSMARCO but nearly a 7-point boost on
HotpotQA. We speculate that this is due to the varying difficulty levels of different rank-
ing datasets. HotpotQA is a multi-hop QA dataset, which requires more complex query
understanding and reasoning than the MSMARCO passage ranking dataset. Therefore, in-
troducing demonstrations can better help the LLM understand the task, leading to greater
improvements.

5.3 Different Variants of DemoRank

To understand the effectiveness of each component in our proposed DemoRank framework, we
evaluate different variants of DemoRank on three datasets—FEVER, NQ, and DL19—each of which
represents distinct ranking scenarios. We employ 3-shot demonstrations for each variant and
present the results in Table 5.

One key variant involves removing the DReranker from DemoRank, leaving only the DRetriever.
This variant is referred to as “DemoRank w/o DReranker” We can see that the absence of the
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Table 5. Results (NDCG@10) of Different Variants

Method FEVER NQ DL19 Average
Ablation study
— DRetriever w/o L, 43.65 50.65 66.06 53.45

— DemoRank w/o DReranker 44.40 50.98 66.49 53.95
— DemoRank w/o Dependency  46.64 51.22  66.89 54.91

DemoRank 48.43"7 52317 67767  56.17
Using E5 as DRetriever

E5 39.71 49.60 66.40 51.90
E5+DReranker 47.29 51.76  68.19 55.75
Using EPR as DRetriever

EPR 45.23 50.07 66.12 53.80
EPR+DReranker 48.00 51.60 67.81 55.80

“+” indicates the model outperforms all the variants significantly with a paired ¢-test at
p-value < 0.05 level. The best result is marked in bold.

DReranker leads to an average drop of 2.2 points, demonstrating its effectiveness in the DemoR-
ank framework. Another variant, designed to test the impact of dependency-aware reranking, is
“DemoRank w/o Dependency.” This variant uses LLM to score each demonstration candidate inde-
pendently, following the same scoring strategy as DRetriever, and applies RankNet for optimization.
Ignoring the demonstration dependencies, this variant causes significant drops across all datasets.
Notably, it drops the performance by about 2 points on FEVER, confirming the effectiveness of our
dependency-aware demonstration reranking. We also investigate the effectiveness of ranking loss L,
on the training of the DRetriever. Note that “DemoRank w/o DReranker” represents only applying
DRetriever for demonstration selection. Removing L, (denoted as DRetriever w/o L,) causes a
performance drop, such as about 1 point on FEVER, which indicates that incorporating ranking
signals of demonstration candidates is beneficial for retrieving more effective demonstrations.

Lastly, we assess the training effectiveness of our DReranker by integrating it with different
DRetrievers. Specifically, we replace our DRetriever with E5 and EPR, respectively, creating two
variants referred to as “E5+DReranker” and “EPR+DReranker.” The results demonstrate that the
incorporation of DReranker significantly enhances the ICL performance. For example. “E5+DR-
eranker” outperforms E5 for about 4 points on average and “EPR+DReranker” outperforms EPR by
2 points on average. These experimental results indicate that our DemoRank is flexible and not
restricted by specific DRetrievers.

5.4 Comparison with Supervised Rankers

The training of DemoRank is primarily based on queries in the training set, which can also be used
to directly fine-tune a supervised passage ranker. In this part, we conduct systematic comparisons
against three representative supervised passage rerankers: (1) monoBERT (340 M) [25], a BERT-
based pointwise ranker that formulates ranking as a binary classification task; (2) monoT5 (220 M
parameters) [26], which treats relevance prediction as a text generation task by outputting “true”
or “false” token; and (3) our implemented monoFLAN-T5, a FLAN-T5-XL based ranker specifi-
cally developed for this study to ensure a fair comparison with DemoRank in LLM backbone. The
monoFLAN-T5 adopts the identical generative training strategy as monoT5, processing query—pas-
sage pairs through sequence-to-sequence modeling while optimizing the same binary classification
objective. Our experimental design evaluates two distinct training scenarios: a high-resource setting
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Table 6. Results (NDCG@10) on MS MARCO, DL19 and DL20

ONum Method MS MARCO DL19 DL20 Avg.
0 0-shot 33.24 66.13 65.57  54.98
monoBERT 39.97 70.72 67.28 59.32
500K monoT5 40.05 70.58 67.33 59.32
monoFLAN-T5 36.22 70.72 66.26  57.73
DemoRank 35.31 67.76 66.76  56.61
monoBERT 34.24 66.04 63.10 54.46
100K monoT5 34.25 67.79 5931 53.78
monoFLAN-T5 37.35 70.84 65.12  57.77
DemoRank 34.90 67.83 67.437 56.72
monoBERT 30.69 63.61 59.32  51.21
20K monoT5 29.79 61.16 52.72  47.89
monoFLAN-T5 32.90 64.23 6490 54.01
DemoRank 34.977 67.3317 67.531 56.61
monoBERT 24.33 58.57 47.73  43.54
1K monoT5 25.69 61.10 51.22  46.00
monoFLAN-T5 32.51 65.26 65.14  54.30
DemoRank 34.037 68.087 66.017 56.04

QNum represents the number of queries used in the MS MARCO training set. All models
rerank the top-100 passages retrieved by BM25. “” indicates demorank outperforms all
the baselines significantly with a paired t-test at p-value < 0.05 level. The best result is
marked in bold.

with 500K (full training set) and 100K training queries, and a low-resource setting with only 20K
and 1K queries, using MS MARCO dataset as our training set. All passage rerankers rerank the
top-100 passages retrieved by BM25. Performance is measured using the NDCG@10 metric, with
zero-shot performance included as an important reference. The complete results are presented in
Table 6.

From the results, we can see that the traditional supervised rerankers demonstrate a performance
advantage in the high-resource scenario (500K and 100K queries). However, in the low-resource
setting (20K queries), DemoRank significantly outperforms these supervised rerankers on three
datasets and also shows a stable improvement over the 0-shot baseline. This suggests that when
training data is limited, DemoRank is more effective than supervised models, highlighting the
few-shot ability of DemoRank in low-resource scenarios.

5.5 Different Demonstration Numbers

The number of demonstrations is a critical factor that significantly influences the performance of
ICL. In this section, we analyze how varying the number of few-shot demonstrations affects the
performance of our models. Specifically, we evaluate the performance of DemoRank in comparison
to the EPR baseline on two datasets: FEVER and HotpotQA, with NDCG@10 as the evaluation metric.
To highlight the contribution of our DReranker, we also include a comparison with DRetriever.
As illustrated in Figure 3, both DRetriever and DemoRank consistently outperform the EPR
baseline across different numbers of demonstrations. This consistent performance advantage
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Fig. 3. The impact of different demonstration number (1, 2, 3, and 4) on model performance on FEVER and
HotpotQA datasets. We use NDCG@10 as the evaluation metric.

underscores the effectiveness of our training approach. Furthermore, our trained DReranker shows
consistent improvements over DRetriever, showcasing its effectiveness in selecting more effective
few-shot demonstrations and enhancing overall ICL performance. Besides, we observe that when
expanding from 3-shot to 4-shot, the performance of DemoRank decreases on two datasets (e.g.,
0.7-point drop on FEVER and 0.8-point drop on HotpotQA). We speculate that this is because
3-shot demonstrations already provide sufficient knowledge, and adding more demonstrations may
introduce unnecessary noise and hinder the ICL performance.

5.6 The Impact of Retrieved Demonstration Number D

Our DReranker is designed to select effective few-shot demonstrations from top-D demonstrations
retrieved by DRetriever. Thus, the performance of DReranker highly relies on the quality of these
retrieved D demonstrations. In this part, we intend to explore the impact of different retrieval
numbers D on the performance of the DReranker. We choose different retrieval numbers D (10, 20,
30, 40, and 50) to conduct demonstration reranking using our trained DReranker and subsequently
evaluate the performance of 3-shot ICL on two in-domain datasets: FEVER and HotpotQA. We also
report the performance of DRetriever as a reference. The results are shown in Figure 4. From the
results, we observe that increasing the retrieval number D consistently enhances the DemoRank’s
performance on both datasets. This finding indicates that a larger pool of retrieved demonstrations
allows the DReranker to select more effective few-shot demonstrations. Besides, we observe that
the results reveal a performance decline when increasing D from 40 to 50. This may be because
the expansion of the retrieval number introduces some low-quality demonstrations, reducing the
effect of few-shot ICL. Considering the marginal improvement brought by increasing the retrieval
number from 30 to 40, we set the retrieval number to 30 in our main experiment to achieve a
tradeoff between effect and efficiency.

5.7 Generalization across Different Datasets

One of the application scenarios of DemoRank is its generalization to unseen datasets. To validate
this capability, we conduct an evaluation of DemoRank across a series of BEIR datasets. We
choose the 0-shot and DRetriever EPR for comparison. Both DemoRank and EPR are trained on
the MS MARCO dataset. We also incorporate five widely used passage rankers as our baselines:
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Fig. 4. The impact of different retrieved demonstration number D (10, 20, 30, and 40) on the performance of
DemoRank on FEVER and HotpotQA datasets. NDCG@10 is used as the evaluation metric.

Table 7. Results (NDCG@10) on BEIR

Method Robust04 SCIDOCS DBPedia NEWS FiQA Quora NFCorpus ‘ Average
Initial Order 40.70 14.90 31.80 39.52 23.61 78.86 33.75 37.59
MonoBERT 44.18 15.99 41.70 44.62  32.06  74.65 34.97 41.17
monoELECTRA 42.97 16.31 40.39 47.56  32.18  81.67 34.52 42.23
MonoT5 44.19 16.49 42.42 46.83  33.24  82.17 35.42 42.97
RankGPT 45.61 16.22 40.66 44.40  26.89  74.09 34.68 40.36
RankZephyr 48.65 18.19 42.95 48.62 3188  83.29 37.48 44.44
Using Flan-T5-XL (3B) as LLM passage reranker

0-shot 47.90 16.33 36.22 45.01 3530 8342 35.89 42.87
EPR 47.37 16.65 37.61 46.23  34.75  83.87 35.67 43.16
DemoRank 48.94 17.09 39.67 46.66  36.18  84.04 36.05 44.09

Using Flan-T5-XXL (11B) as LLM passage reranker
DemoRank 53.68 18.20 45.43 46.33  37.55 86.16 37.62 46.42

Best results are marked in bold. We use MS MARCO’s demonstration pool for retrieval and 3-shot ICL for E5 and DemoRank.
Note that while using Flan-T5-XXL (11B) as LLM passage reranker, we still utilize the DRetriever and DReranker trained
with the demonstration scorer Flan-T5-XL. The best result is marked in bold.

MonoBERT, monoT5, monoELECTRA, RankGPT,? and RankZephyr. We use the demonstration
pool from MS MARCO due to the lack of training sets in the BEIR datasets. Furthermore, given
that our DemoRank’s LLM passage reranker is not limited to a specific LLM (e.g., Flan-T5-XL), we
explore the use of a more powerful LLM, Flan-T5-XXL, as the passage reranker, while still utilizing
the DRetriever and DReranker trained with the demonstration scorer Flan-T5-XL. The results are
shown in Table 7. From the results, we have the following observations:

(1) The results in Table 7 show that, when using Flan-T5-XXL as LLM passage reranker, our
DemoRank achieves an average performance of 46.42, outperforming all baselines and

3To ensure a fair comparison in model size, we use Mistral-7B-Instruct-v0.3 as RankGPT’s backbone instead of GPT-4.
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exceeding the best-performing baseline RankZephyr by approximately two points on average.
This demonstrates the strong generalization ability of DemoRank.

(2) When using Flan-T5-XL (3B) as the passage reranker, our DemoRank also surpasses nearly
all baselines and achieves average performance comparable to RankZephyr. Note that
RankZephyr relies on a larger 7B backbone model and is distilled from a more powerful
teacher model GPT-4. Such a fine-tuning approach can compromise the inherent zero-shot
capabilities of LLM on tasks beyond ranking. In contrast, our DemoRank (3B) achieves com-
parable results without such fine-tuning, thereby preserving the model’s versatility across
various tasks. This demonstrates the efficiency and adaptability of DemoRank, effectively
leveraging a smaller 3B model while maintaining broader applicability.

(3) Despite utilizing demonstrations from an out-of-domain dataset MS MARCO, DemoRank
consistently improves upon the 0-shot baseline (when using Flan-T5-XL (3B) as LLM passage
reranker) across all BEIR datasets. This indicates not only the potential of cross-dataset
demonstrations but also highlights the adaptability and effectiveness of DemoRank in diverse
scenarios.

5.8 Transferability across Different LLM Rankers

In previous experiments, we utilized the same LLM (Flan-T5-XL) as both the demonstration scorer
and passage ranker within the DemoRank framework. However, it remains uncertain whether
the passage ranker can be replaced with other LLMs during the inference stage while keeping its
ranking performance. To investigate this, we evaluate DemoRank’s transferability across different
LLM-based rankers and compare its effectiveness against multiple baselines, including the 0-shot
baseline and three DRetrievers: BM25, E5, and EPR. We select two distinct LLMs as alternative
passage rankers: Flan-T5-XXL* and Mistral-7B-Instruct-v0.3.% The two LLMs differ from Flan-T5-XL
either in scale (Flan-T5-XXL being significantly larger) or in architectural design (Mistral-7B being
a decoder-only model, unlike the encoder—decoder Flan-T5 family). The results are presented in
Table 8.

From the results, we can see that DemoRank, based on two distinct LLM rankers, surpasses all
the baselines on the Average metric. It also successfully passes the ¢-test with a p-value <0.05
on most datasets, demonstrating its strong transferability across different LLM passage rankers.
Moreover, we observe that when using Flan-T5-XXL as LLM Ranker, DemoRank achieves higher
performance on datasets such as FEVER, DL19, and MS MARCO (with NDCG@10 of 50.89, 69.23,
and 36.05, respectively) compared with Flan-T5-XL (with scores of 48.43, 67.76, and 35.31, as shown
in Table 4). This illustrates DemoRank’s potential to enhance passage ranking when larger-scale
LLM rankers are utilized.

5.9 The Tradeoff between Effectiveness and Efficiency

In this work, we introduce a novel DReranker as a key component of the DemoRank framework.
While this step significantly improves passage ranking performance by selecting higher-quality
few-shot demonstrations, it inevitably introduces additional computational overhead. To quantify
this tradeoff, we conduct an evaluation measuring both the ranking performance gains NDCG@10)
and the latency increase (seconds per query). We experiment on two different datasets FEVER
and HotpotQA, with two different ICL settings 2-shot and 3-shot, respectively. We choose FLan-
T5-XXL as the passage ranker and conduct the experiment on 2 NVIDIA A800 80GB GPUs. The
experimental results are shown in Table 9. The variant “DemoRank w/o DReranker” represents only

*https://huggingface.co/google/flan-t5-xx1 .
Shttps://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3 .
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Table 8. The Performance (NDCG@10) of Different LLM Passage Rankers

Method HotpotQA' NQ FEVER DL19 DL20 MS MARCO Average
Initial Order 63.30 30.55 65.13 50.58  47.96 22.84 46.73

Mistral-7B-Instruct-v0.3

0-shot 53.69 35.59 34.98 55.23 49.95 24.63 42.35
BM25 58.10 43.25 35.48 64.82 61.00 26.57 48.20
E5 57.69 43.69 34.89 62.15 54.75 26.55 46.62
EPR 62.24 41.24 47.42 66.98 57.63 26.71 50.37
DemoRank 65.907t 43.79 58.09t 64.85 58.29 28.027F 53.16
Flan-T5-XXL
0-shot 56.64 47.61 37.38 66.22 64.30 34.29 51.07
BM25 60.66 50.47 43.89 66.82 65.67 35.15 53.78
E5 60.74 50.14 43.86 66.45 65.44 34.84 53.58
EPR 59.19 50.45 45.84 68.12 64.12 34.30 53.67
DemoRank 62.44F  51.687 50.897 69.237 65.71 36.05+ 56.00

We apply 3-shot ICL for DRetrievers (BM25 and E5), as well as our DemoRank framework. The “t” symbol indicates
that the model outperforms all the baselines significantly (p < 0.05, Paired ¢-Test). The best result is marked in bold.

Table 9. The Performance (NDCG@10) Improvement and Latency (Seconds) per Query
Increased by DReranker

Shot Number Method FEVER HotpotQA
NDCG@10 Latency NDCG@10 Latency
9-shot DemoRank w/o DReranker 46.53 14.33 54.97 17.71
DemoRank 50.02F 15.46 61.297 19.21
3-shot DemoRank w/o DReranker 47.62 18.69 57.48 23.64
DemoRank 50.897 20.64 62.447 25.93

We rerank the top-100 passages retrieved by BM25. “}” represents the significant improvement of demorank with paired
t-test at p-value < 0.05 level, compared with “DemoRank w/o DReranker””

using DRetriever to retrieve in-context demonstrations for passage ranking. The results indicate that
DemoRank achieves a significant improvement of about 3-6 points in NDCG@10 (with paired ¢-test
at p-value < 0.05 level) with only approximately a 7-10% increase in latency. This demonstrates
that our lightweight DReranker effectively enhances the quality of demonstration selection while
maintaining a good balance between performance enhancement and efficiency.

In this work, we introduce a novel DReranker as a key component of the DemoRank framework.
While this step significantly improves passage ranking performance by selecting higher-quality
few-shot demonstrations, it inevitably introduces additional computational overhead. To quantify
this tradeoff, we conduct an evaluation measuring both the ranking performance gains (NDCG@10)
and the latency increase (seconds per query) on the FEVER dataset. For our experiment, we
choose FLan-T5-XXL as the passage ranker with 3-shot in-context demonstrations and conduct the
experiment on 8 NVIDIA A800 80GB GPUs. The experimental results are shown in Table 9. The
variant “DemoRank w/o DReranker” represents only using DRetriever to retrieve top-3 in-context
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Table 10. A Case Study for Judging the Relevance of a Relevant Query—Passage Pair in DL19 Dataset

Passage: William Booth. William Booth (April 10, 1829-August 20,1912) was the founder and first
General (1878-1912) of The Salvation Army. Originally a Methodist lay preacher, William Booth saw

Test Input tremendous need not being fulfilled by mainstream churches in Victorian England. In his honor...
Query: When was the founded?
Output:
Passage: THE SALVATION ARMY. The is an integral part of the Christian Church,

Demonstrations of
EPR

although distinctive in government and practice. The Army’s doctrine follows the mainstream of
Christian belief and its articles of faith emphasize God’s saving purposes.

Query: Army article failure to follow lawful order

Output: No

Passage: Goods to The , those items are then sold at our Family Stores. And the
proceeds are used to fund our Adult Rehabilitation Centers, where those in the grip of addiction
find help, hope, and a second chance at life.

Query: Where to donate used items to salvation army?

Output: No

Passage: Glassdoor is your resource for information about the Health Insurance benefits at
Salvation Army. Learn about Salvation Army Health Insurance, including a description from the
employer, and comments and ratings provided anonymously by current and former...

Query: What do the do?
Output: No
Relevance score 0.32
Passage: THE SALVATION ARMY. The is an integral part of the Christian Church,

Demonstrations
of DemoRank

Relevance score

although distinctive in government and practice. The Army’s doctrine follows the mainstream of
Christian belief and its articles of faith emphasise God’s saving purposes.

Query: army article failure to follow lawful order

Output: No

Passage: OPM was originally founded as the United States Civil Service Commission by the
Pendleton Civil Service Reform Act of 1883. The commission was abolished and replaced by OPM
on January 1, 1979, following the passage of the Civil Service Reform Act of 1978 and...

Query: When was opm established?

Output: Yes

Passage: The Little Prince first published in 1943, is a novella, the most famous work of French
aristocrat, writer, poet, and pioneering aviator Antoine de Saint-Exup.

Query: When was the little prince book published?

Output: Yes

0.95

Note that the higher predicted relevance score indicates the demonstrations are more effective.

demonstrations for passage ranking. The results indicate that DemoRank achieves a significant
improvement of about 3 points in NDCG@10 (with paired ¢-test at p-value < 0.05 level) with
only approximately a 7% increase in latency. This demonstrates that our lightweight DReranker
effectively enhances the quality of demonstration selection while maintaining a good balance
between performance enhancement and efficiency.

5.10 Case Study

To more intuitively illustrate how DemoRank can select more effective few-shot demonstrations
by considering dependencies among them, we select a relevant query-passage pair from the DL19
dataset and use both EPR and DemoRank to choose 3-shot demonstrations. As shown in Table 10,
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for the test query “When was the Salvation Army founded?,” EPR only retrieves demonstrations
most relevant to “Salvation Army,” while our DemoRank could select more diverse demonstrations
that not only involved “Salvation Army” but also included queries starting with “when.” It not only
tells the LLM the background of the Salvation Army but also helps the LLM assess relevance by
determining whether the passage contains time-related answers. Additionally, the labels of the
demonstrations selected by DemoRank cover both “Yes” and “No,” which better informs the LLM
about what is relevant and what is not. Thus, the demonstrations of DemoRank could help LLM
yield a higher relevance score, contributing to the final passage ranking.

6 Conclusion

In this article, we discuss the challenges of demonstration selection in ranking tasks and propose the
DemoRank framework, which consists of a DRetriever and a dependency-aware reranker. Different
from the DRetriever’s training, which models demonstrations independently, the DReranker is
trained using dependency-aware training samples, which are constructed using an efficient method.
We also design a novel list-pairwise training approach for reranker optimization, which compares
a pair of demonstration lists that differ only in the last demonstration. Experiments on various
ranking datasets prove the effectiveness of DemoRank. Further analysis shows the effectiveness
of each proposed component, the advantages compared to supervised models, performance on
different demonstration numbers, generalization on unseen datasets, etc. In the future, we will
conduct experiments with larger LLMs, such as those with 30B or even 70B parameters. We also
intend to incorporate other passage ranking methods, such as listwise and pairwise approaches, to
validate the generalizability of our few-shot demonstrations selection method comprehensively.
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