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Abstract
Modern Information Retrieval (IR) systems typically use a “retrieve-
then-rerank” pipeline, where a computationally expensive, pre-
determined cross-encoder re-ranks the top results from a fast initial
retriever. While effective, this approach often applies heavy re-
ranking models regardless of query complexity, resulting in high
latency and wasted computational resources on simple queries.
We propose Adaptive Re-Ranking, a framework that dynamically
routes queries to the most cost-effective strategy—ranging from
sparse retrieval (BM25) and dense re-ranking (MiniLM-L6-v2) to
heavy neural re-ranking (BGE-v2-m3)—based on query complexity.
To train our routing classifier, we introduce a novel utility function
to label queries based on their retrieval effectiveness penalized by
latency. Compared to BGE our method achieves 1.15 − 53x lower
median latency and 1.11 − 3.52x lower mean latency across all
datasets we have tested while delivering −19% to +5% effectiveness.
Our findings show that routing queries based on our novel utility
function offers a scalable solution for reducing computational costs
and latency in a variety of IR systems.
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1 Introduction
The field of Information Retrieval (IR) has gone through a para-
digm shift with the adoption of dense and cross-encoder neural
networks. While traditional lexical models like BM25 [18] served as
the cornerstone of retrieval systems for decades due to their unpar-
alleled efficiency, lexical models often fail to capture the semantic
meanings of complex queries. The introduction of the Transformer
architecture [24] has also made it possible to use Transformers
for ranking, using BERT to re-rank passages [15], using sentence-
embeddings for similarity checks [17], and so on. More recently,
powerful cross-encoder rerankers, such as BGE-v2-m3 [3], have
significantly improved retrieval accuracy. However, these models
also have some drawbacks, such as an increase in latency up to 15𝑥
in our experiments, depending on the size of the collection.

Modern retrieval pipelines are structured as a two-stage pro-
cess (Figure 1a): a fast, initial retriever followed by an expensive
reranker. We argue that using the most effective, “heavy” cross-
encoder for every single query might result in drastically high
average latency, as well as enormous computational cost. On our
test set, looking at the average of nDCG@10 and MRR@10, around
40% of the queries benefited from having a reranker and only 11%
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of the queries benefited from having a heavier reranker compared
to a light reranker. This shows that a significant portion of user
queries is simple enough to be accurately handled by a fast, low-cost
method like BM25 or a lightweight model. Using a large model on
every query constitutes a huge waste of computational resources.

To address this efficiency bottleneck, we propose Adaptive Re-
Ranking—a framework that dynamically selects the optimal re-
ranking strategy per query by predicting which model would per-
form optimally through a lightweight classifier. Our study intro-
duces three key contributions:
(1) A routing mechanism that routes each query to one of three

efficiency-aware pipelines:
• Class 0 (No Reranker): Fastest execution with minimal
computational using a lexical model.

• Class 1 (Light Reranker): Balanced effectiveness and la-
tency.

• Class 2 (Heavy Reranker): Highest effectiveness at in-
creased computational and latency cost.

(2) A novel utility-based labeling that defines optimal strategy
selection through a trade-off between retrieval effectiveness
(average of nDCG@10 and MRR@10) and a latency penalty, en-
abling dataset creation according to the desired latency penalty.

(3) An empirical study that shows adaptive routing can signifi-
cantly reduce latency while maintaining competitive retrieval
quality, validated across diverse datasets.

Our adaptive re-ranking framework offers significant practical
value for resource-constrained development environments such
as mobile edge computing (MEC). Recent work has [27] demon-
strated that mobile devices face severe constraints in CPU, GPU,
memory, and battery life. In such limited-resource environment,
using heavy neural re-ranking models for all queries becomes im-
practical and wasteful. By dynamically routing queries, our clas-
sifier enables IR systems to achieve competitive retrieval quality
while respecting computational and energy limitations. By adjust-
ing 𝜆 in our utility function, speed and efficiency can be prior-
itized for such environments. Our code and data is available at
https://anonymous.4open.science/r/Adaptive_Re-Rank-F354

2 Related Work
Query Performance Prediction. QPP’s goal is to estimate retrieval

effectiveness without any relevance judgments. Traditional QPP
methods rely on clarity-based [5], robustness-based [28], and score-
based [20] approaches that uses corpus statistics and query term
frequencies as signals. Recent advances have introduced neural
approaches to QPP such as an end-to-end neural framework [26].
The introduction of pre-trained language models further advanced
the developments by fine-tuning BERT for QPP, achieving state-of-
the-art performance with significantly lower latency than previous
neural predictors [1]. Recent work has also explored using LLMs

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://anonymous.4open.science/r/Adaptive_Re-Rank-F354


SIGIR ’26,
,

Ata Cinar Genc, Emir Kaan Korukluoglu, and James Allan

Figure 1: System Architecture Comparison. (a) The standard two-stage pipeline applies a heavy reranker to all queries. (b) Our
Adaptive Re-Ranking pipeline uses a lightweight Router to decide the most cost-effective path (Class 0, 1, or 2) per query.

for QPP by, for example, fine-tuning open-source LLMs to generate
relevance judgments to estimate effectiveness [14]. Despite these
advances, prior work found that LLMs are not reliable enough to
create relevance judgments [8]. Our work differs from traditional
QPP: rather than predicting a performance score, we are routing a
classification problem over re-ranking strategies, and we include
latency into our novel utility-based labeling function.

Adaptive Retrieval. Adaptive retrieval methods use learned sig-
nals to choose between sparse, dense, and hybrid pipelines [2].
Other work claims that the first-stage ranker is the bottleneck in
latency and proposes a unified prediction framework that chooses
hyperparameters based on the given query [12]. More recently,
a new paradigm has been explored that is similar to mixture of
experts in structure and aims to leverage a zero-shot mixture of
heterogeneous retrievers—including human-like sources—that dy-
namically weights and fuses them per query, yielding substantially
better retrieval performance across diverse information needs [11].
Our work is similar in the way of offering a selection of retrievers,
however we also consider the efficiency of the ideal reranker on a
per-query basis.

Adaptive RAG Techniques. With the recent advances in Retrieval-
Augmented Generation (RAG), new adaptive pipelines were intro-
duced. Recent work employs a classifier to determine if RAG is
necessary for a given prompt [10]. Similarly, MBA-RAG [19] uses
reinforcement learning to optimize retrieval strategies. Other work
proposes an adaptive router for different RAG paths (symbolic,
neural, hybrid) [9]. Our work differs by focusing specifically on
the re-ranking strategies in standard IR pipelines, introducing a
supervised learning approach grounded in a cost-benefit (utility)
function rather than relying on LLM-generated complexity signals.

3 Method
Our framework consists of a utility-based labeling that assigns each
query to its optimal retrieval strategy, dataset curation, and router
training, a routing pipeline that directs queries at inference time.

3.1 Labeling
To create our classifier, we label queries based on what retrieval
method provides the best performance with a reasonable latency.
For this, we define the effectiveness score as the average of nDCG@10
and MRR@10:

eff𝑚 (𝑞) = 1
2 nDCG@10𝑚 (𝑞) + 1

2 MRR@10𝑚 (𝑞). (1)

This gives a value between (0, 1) that captures how good the rank-
ing is for that query, ignoring latency. While nDCG captures the
overall ranking quality, MRR focuses on first relevant hit, which is
quite important in modern information retrieval [13]. We combine
both to provide the benefits of nDCG with the stronger emphasis
on the first relevant item found.

However, we do not want to choose models only by effectiveness;
slower models should be penalized. While recent works [2, 10, 19]
explore the trade-off between retrieval accuracy and computational
cost, they do not include measured true latency (clock time) in
decision making. To be able to train our classifier with latency
included we introduce a formula that penalizes the latency per
query instead of taking the average of all queries. We are aiming to
reward queries that only use more computational resources when
doing so will actually improve that query itself.

Let 𝑙𝑎𝑡𝑚 (𝑞) be the latency of a given query of model𝑚, and let
max𝑗 (lat𝑗 (𝑞)) be the maximum latency among all models for that
query. We mix the effectiveness and latency scores using 𝜆 to define
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our utility function:

util𝑚 (𝑞) = (1 − 𝜆) eff𝑚 (𝑞) + 𝜆

(
1 − lat𝑚 (𝑞)

max𝑗 (lat𝑗 (𝑞))

)
. (2)

Note that the model with the lowest latency will have a boosted
utility score compared to the others; indeed, the most expensive
model will receive no contribution to the utility from latency. Intu-
itively, util𝑚 (𝑞) is high when the model is both effective and fast,
and it decreases when the model is slow relative to the others.

The parameter 𝜆 serves as a hyperparameter controlling the
system’s sensitivity to latency. After conducting sensitivity analysis,
we select 𝜆 = 0.05 to enforce a ‘performance-first’ policy1. This
value ensures that while slower ranking methods (such as using
BM25+BGE-v2-m3) incur a penalty, they are not systematically
disqualified. Consequently, this formula implies that a significant
increase in latency is acceptable only if it yields a measurable gain
in retrieval effectiveness, effectively acting as a regularizer against
inefficient models that offer negligible performance improvements.
𝜆 can be adjusted according to need: if the user desires the system
to run faster, then it can be adjusted by increasing 𝜆.

Label Category Count EffBM25 EffL6 EffBGE

Class 0 (BM25) 182,876 0.2203 0.1801 0.1831
Class 1 (L6) 88,295 0.2049 0.7475 0.6467
Class 2 (BGE) 35,573 0.1614 0.3492 0.6441

Table 1: Label distribution and average effectiveness scores
across the dataset, 𝑋 denotes mean, calculated with Eq. (1)2

3.2 Dataset Curation
We curated a dataset using BEIR [23] datasets with 306,744 la-
beled queries with 𝜆 = 0.05. It shows a skew toward Class 0 (no
reranking) of 59.6% (see Table 1) which indicates that the major-
ity of queries can be handled efficiently with only BM25 without
increasing re-ranking latency. However, queries labeled as Class
1 (MiniLM-L6) received higher average effectiveness, even outper-
forming the heavy BGEModel in that subset. It can also be observed
that in Class 2 the average effectiveness scores of both BM25, and
MiniLM-L6 is significantly lower than BGE, which illustrates that
for some queries, a bigger model yields more effectiveness – but
not always, which justifies our approach. Illustrating these patterns
at the query level, Table 2 shows examples from each class and the
utility scores across different retrieval models.

3.3 Retriever Decision
We choose BM25 as the first-stage ranker based on its proven success
and popularity. For light and heavy rerankers, we use ms-marco-
MiniLM-L6-v2 [25] and bge-reranker-v2-m3 [3], again, based on
their performance and popularity [6, 7]. We also explore other pop-
ular options such as Qwen3-ReRanker-8B, Qwen3-ReRanker-0.6b
[21, 22] for the heavy reranker, and find that bge-reranker-v2-m3
provides better accuracy and lower latency compared to the other
models on the training data.
1We performed sensitivity analysis with the oracle across 𝜆 ∈
{0.01, 0.05, 0.1, 0.15, 0.2}. 𝜆 = 0.05 yielded the best balance, providing the
least effectiveness decline with moderate latency reductions.
2L6 means BM25 + L6, BGE means BM25+BGE

Best util
Dataset Query Model BM25 L6 BGE

MS-Marco is levaquin an antibiotic bge 0.04 0.26 0.40
MS-Marco what causes itching during

exercise
l6 0.01 0.54 0.53

NF Corpus What is ‘Meat Glue’? bm25 0.70 0.34 0.30
NF Corpus The Top Three DNA Protect-

ing Spices
bm25 0.63 0.62 0.58

Quora How can I rule the world? l6 0.29 0.98 0.95

Table 2: Example scores for BM25, MiniLM-L6, and BGE
across MS-Marco, NFCorpus, and Quora queries (𝜆 = 0.05)

3.4 Router Training
We train a supervised query router that predicts a routing class,
given a query. Each class corresponds to a retrieval route (e.g.,
BM25 only, BM25 + Light Reranker, BM25 + Heavy Reranker). The
routing goal is to select the most efficient route while maintaining
ranking quality. Since our training data has imbalanced classes, we
down-sample our dataset to match the minority class3. We use a
75/25 train-test ratio for training. We truncate queries and use fixed-
length padding. Using this data, we fine tune bert-base-uncased
with a sequence classification head (num-labels=3) using AdamW
optimizer (𝜂 = 3𝑥10−5). We train the model for 20 epochs, and we
select the best model based on validation accuracy. Final perfor-
mance is reported as test accuracy of 65% with [0.649, 0.660] 95%
confidence interval.

3.5 Experiment Setup
First Stage Retrieval We implement BM25 in Python with an
in-memory inverted index using Porter/Snowball stemming and
NLTK tokenization. Documents are indexed as title and text (when
available). We use the same hardware for all ranking stages for
consistency.
Candidate Set Size Throughout all experiments, we rerank the
top 𝑘 = 50 documents returned by the BM25 first-stage retriever.
Training and Testing We train the router on each dataset’s
official train split. All labelling is computed using the train split
only, and test queries were only used on test experiments.
ReRankers Weuse the cross-encoder rerankerms-marco-MiniLM-
L-6-v2 (Sentence-Transformers CrossEncoder) to score each (𝑞, 𝑑)
pair in the top-50 candidate set and then sorted documents by
the predicted relevance score to generate the ranked lists. We
use BAAI/bge-reranker-v2-m3 via FlagEmbedding (FP16 on GPU
when available) to score the same (𝑞, 𝑑) pairs and then sort docu-
ments by the reranker score.

4 Results
Tomeasure the performance of our router against different methods,
we conduct test runs in various IR datasets. For each query, we run
the retrieval pipelines for each proposed method. We calculate the
effectiveness (Eff) and latency scores per query. Table 3 evaluate
the central claim of the paper: Selective reranking is valuable
because queries differ in how much they benefit from costly

3We also experimented with class-weighted loss function instead of downsampling;
however, it yielded lower routing accuracy than down-sampling.
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Figure 2: Latency distribution on NFCorpus

reranking. To isolate the potential of this proposed paradigm from
the difficulty of learning, we report two oracle results: one at 100%
accuracy (optimal routing), another one at 65% accuracy (showing
imperfect routing) 4.

Selective reranking is a valid strategy across different datasets.
Across all datasets, we see that fixed strategies always expose a
latency-effectiveness tradeoff, whereas conditionally routing of-
fers a balance. Looking at Table 3, the learned router achieved
1.15×–53.2× lower median latency and 1.11×–3.52× lower mean
latency, with effectiveness changes ranging from −19% to +5%. The
largest wins occurred on NFCorpus and SciFact, where median
latency dropped by 53.2× and 33.6× (to 5.4 ms and 8.5 ms, respec-
tively), while effectiveness slightly increased on NFCorpus (+4.7%)
and decreased modestly on SciFact (−4.2%). The gap between mean
andmedian reflects the handling of most queries through fast lexical
retrieval, also shown in Figure 25. In Quora, the router maintained
almost identical effectiveness (−2.3%) while reducing the median
latency by 35%. Compared to L6, the router’s effectiveness remained
close, with changes between −8.1% and +4.9%. At the same time, the
router delivers median-latency gains on NFCorpus (10.1×) and Sci-
Fact (6.60×): the router lowers the latency distribution by routing
to fast lexical paths, also seen in Figure 2.5

Oracle routing shows validity and potential generalizabil-
ity. Across all datasets, Oracle shows the strongest performance in
both effectiveness and latency, confirming that adaptive routing can
dominate a fixed strategy (Table 3), establishing an upper bound
which is unattainable by any fixed method – e.g., on NFCorpus
Oracle (100%) shows 13% higher effectiveness against both L6 and
BGE whilst 1.10× and 5.60× faster, respectively. This shows that
within each dataset, some queries benefit from costly routing and
some do not.

Simulated oracle results show that the trained router is
not random. The oracle at 65% accuracy shows how an imper-
fect router performs here. Looking at Table 3, we observe that the
learned router’s results are similar to the simulated results, showing
us that the learned router does not behave like random guessing.

4This randomized inaccuracy also implies that the simulated router may sometimes
choose an expensive route when a real, learned router would (incorrectly) choose a
cheaper one, and vice versa.
5Since all datasets had similar results, we report only NFCorpus due to space constraints

Dataset Metric BM25 L6 BGE Router Sim(65%) Oracle

FiQA
Eff 0.27 0.37 0.42 0.34 0.40 0.46
𝐿𝑎𝑡 19.9 71.2 299.4 128.5 109.7 90.5
𝐿𝑎𝑡 18.2 70.1 298.7 69.1 61.8 32.2

Quora
Eff 0.77 0.82 0.88 0.86 0.87 0.92
𝐿𝑎𝑡 17.1 25.1 45.2 30.2 25.7 22.0
𝐿𝑎𝑡 11.9 20.0 40.5 26.4 21.7 16.7

NFCorpus
Eff 0.42 0.44 0.43 0.45 0.46 0.50
𝐿𝑎𝑡 0.5 42.1 212.9 60.6 62.6 38.0
𝐿𝑎𝑡 0.2 54.7 287.3 5.4 1.7 0.7

MS MARCO
Eff 0.2 0.37 0.37 0.34 0.37 0.42
𝐿𝑎𝑡 598 616 694 626 626 614
𝐿𝑎𝑡 447 464 542 470 473 459

SciFact
Eff 0.64 0.66 0.71 0.68 0.70 0.75
𝐿𝑎𝑡 2.1 56.9 298.1 98.2 72.5 34.3
𝐿𝑎𝑡 2.0 56.1 285.4 8.5 3.6 2.6

Table 3: Performance across all datasets (𝜆 = 0.05). 𝑋 denotes
mean,𝑋 denotesmedian. Latency is reported inmilliseconds.

Routing decision cannot be explained by lexical “complexity.”
To test whether the learned router is using the complexity of the
words in a given query, we checked the queries against the Aca-
demic Word List [4] and CEFR-J advanced vocabulary (C1-C2) [16].
We observe that for all labeled queries, the percentage of advanced
vocabulary remained consistent, showing that “advanced vocab-
ulary” is not a selection criterion for the learned router (AWL’s
Cramer’s 𝑉 = 0.03, CEFR-J C1’s 𝑉 = 0.04, and C2’s 𝑉 = 0.03).
We also observe that there are no significant differences across
classes in query length (46.3-47.2 characters, 𝑝 = 0.30) and word
length (5.53-5.57 characters, 𝑝 = 0.41), so length does not play a
meaningful part in the routing decision.
5 Conclusion
In this paper, we propose an Adaptive Re-Ranking framework
designed to mitigate the computational bottlenecks in modern two-
stage retrieval systems. By formalizing the trade-off between re-
trieval effectiveness and system latency into a quantitative utility
function, we developed a pipeline that dynamically routes queries
to the most cost-effective reranking strategy, ranging from skip-
ping re-ranking entirely (BM25) to a heavy cross-encoder model
(BGE). Our experiments demonstrated that the “one-size-fits-all”
paradigm, where one reranker is applied always, is computationally
inefficient. We showed that a significant portion of queries benefit
from lightweight models without compromising retrieval quality.

6 Limitations & Future Work
Domain scope Due to computational and time constraints, our
training dataset might not capture a sufficiently representative
variety of queries and domains, therefore our learned router may
not be fully general. Future work should curate a diverse dataset
that focuses on clean, high-quality multidomain datasets that enable
models to learn multiple domain-specific signals, if there are any.
Model selection Our model selection was affected by the time
and computational constraints. We also experimented with Distil-
BERT as a lighter router but observed a significant drop in accuracy,
suggesting that our framework benefits from the full BERT capacity.
Future work should explore other architectures and models.
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Utility function We believe our utility function captures a good
blend of effectiveness and latency of a selected model. Future work
could refine the utility function, introduce new variables and more
hyperparameters to adjust the weights according to personal needs.
Results interpretation Since our learned router is a black-box
model, we cannot verify or explain the selection criteria that the
learned router makes. Hence, we use an oracle with simulated 65%
accuracy to interpret the results of our learned router, whether the
results are a product of random noise or not.
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