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Abstract

Pre-trained language models based on transformer networks are
highly effective for document re-ranking in ad-hoc search. Among
these, cross-encoders stand out for their effectiveness, as they pro-
cess query-document pairs through the entire transformer network
to compute ranking scores. However, this traversal is computation-
ally expensive. To address this, prior work has explored early-exit
strategies, enabling the model to terminate the traversal of query-
document pairs. These techniques rely on learned classifiers, placed
after each transformer block, that decide if a query-document pair
can be dropped. Diverging from previous approaches, we propose
Similarity-based Early Exit (SEE), a novel—non-learned—strategy
that exploits the similarities between query and document token
embeddings to early-terminate the inference of documents that will
most likely be non-relevant to the query. Even though SEE can be
used after every transformer block, we show that the best advan-
tage is achieved when applied before the first transformer block,
thus saving most of the inference cost for the query-document pairs.
Reproducible experiments on 17 public datasets covering in-domain
and out-of-domain evaluation show that SEE can be effectively ap-
plied to four different cross-encoders, achieving speedups of up to
3.5%X with a limited loss in ranking effectiveness.
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1 Introduction

Pre-trained Language Models (PLMs) based on transformer net-
works achieve state-of-the-art performance in ad-hoc search. The
drawback of using these complex architectures is their high com-
putational cost, so balancing efficiency with ranking quality is an
ongoing challenge [25, 4]. A common approach to reduce overall
computational requirements is to use PLMs for re-ranking only.
This involves applying them after a first-stage retrieval—e.g., using
term-based models like BM25—to narrow down the set of poten-
tially relevant documents to which the PLM is applied [17, 13].
Some PLMs, commonly referred to as cross-encoders in the liter-
ature, process query-document pairs as input. Their embeddings
pass through the transformer’s all-to-all interaction blocks to pro-
duce a re-ranking score, which is then used to generate the final
results list.

While the research community has extensively explored model
compression techniques like distillation and quantization to re-
duce cross-encoder computational costs, early-exit strategies in
neural document re-ranking have received relatively little atten-
tion [47, 20]. Most of the contributions in literature focusing on
early-exiting transformer-based networks revolves around super-
vised techniques, i.e., each transformer layer of the PLM is coupled
with a classifier that implements the early exit decision.

For instance, let us consider DeeBERT by Xin et al.[48], which
aims to accelerate BERT[12] inference. In DeeBERT, when a sample
goes through a transformer block, it is also passed to the associated
classifier. This classifier is fine-tuned alongside the entire network
during training. This approach is illustrated in the top diagram
of Fig. 1, where the arrows represent the flow of the embeddings
encoding a given query-document pair. These embeddings pass
through the transformer blocks T; of the PLM to compute a final
relevance score. Notably, they can exit early at any block if the
intermediate classifier is sufficiently confident in its predicted score.
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Learned EE Classifiers
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Figure 1: Top: Architecture of a learned, point-wise Early
Exit (EE) method based on multiple classifiers. Bottom: Ar-
chitecture of our SEE method that early-stops non-relevant
documents with a single listwise filter.

In this paper, we propose a new class of Early Exit (EE) strate-
gies for cross-encoders. Our approach builds on recent studies that
analyze the properties of this family of models [27, 10], particularly
the evolution of token embeddings in their latent space as they
pass through the cross-encoder blocks. Based on these insights,
we introduce a novel, non-learned early-exit technique, named
Similarity-based Early Exit (SEE), which leverages similarities be-
tween embeddings as a proxy for the final relevance score computed
by the PLM. This proxy enables the discrimination of documents
likely to be relevant to the query from those that are not. Relevant
documents continue traversing the transformer blocks to refine
their final score, while non-relevant ones exit the inference process
early, maintaining the quality of the final top-k result list.

Unlike learned approaches, where the early-exit decision is point-
wise—i.e., made independently for each query-document pair—SEE
takes exit decisions in a listwise manner. It employs a filter, placed
before a specified transformer block, which considers all docu-
ments to be re-ranked for a given query. The bottom diagram in
Fig. 1 illustrates how SEE operates, using an example where the
filter is positioned before the transformer block T;. For a given
query, the filter processes all documents to be re-ranked, reorder-
ing them based on embedding similarities. It then outputs only
the top-ranked documents, allowing them to continue traversal
through the transformer network. When the filter is placed before
the first transformer block (Ty), SEE consistently achieves the best
efficiency-effectiveness trade-off. Specifically, our evaluation shows
that SEE outperforms state-of-the-art methods, achieving speedups
of up to 3.5x compared to the full model, with only a limited loss
in ranking effectiveness.

In detail, the novel contributions presented are the following:

e We propose SEE, an effective, non-learned EE strategy for
PLM-based cross-encoders that leverage properties of the embed-
ding space during inference. To the best of our knowledge, this
is the first investigation of early-exit strategies for PLM-based
re-rankers that do not require end-to-end training of additional
classifiers explicitly designed for early exit query-document in-
ference.
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e We present a detailed comparison of SEE applied to MonoBERT
against its state-of-the-art competitor, early-exiting MonoBERT
(eeMB) [47], in an in-domain scenario on 3 different datasets.
The analysis shows that SEE can achieve comparable perfor-
mance with respect to eeMB without additional training. To
allow the best possible fairness of the experimental protocol,
we provide an improved GPU implementation of eeMB, which
substantially improves its inference efficiency.

e We provide an exhaustive evaluation of SEE in an out-of-domain
setting over 14 different datasets, showing that it outperforms
eeMB on most of them, achieving speedups of up to 3.5x with
minimal loss in ranking effectiveness.

e We experimentally assess that SEE can also be used in combi-
nation with other inference-optimization techniques such as
Ranked List Truncation (RLT). In particular, we show that SEE is
robust to different document list sizes to be re-ranked, with
sizes ranging from 100 to 1000, providing a speedup of 1.4X even
on short-sized lists.

e We analyze the adaptability of SEE by implementing it in 3
additional state-of-the-art cross-encoder, i.e., MonoELECTRA,
miniLM, and X-ELECTRA, showing that the performance of our
proposed method is consistent across different models.

2 Related Work

Researchers have delved into the efficiency/effectiveness tradeoff
of Information Retrieval (IR) query processing by exploring various
directions [5, 37, 15]. The recent developments of Language Model
(LM) based on pre-trained transformers, used in IR for retrieval and
ranking, have posed interesting challenges and opportunities in
this direction.

Although the advantages in the effectiveness of PLM-based cross-
encoders are well known, their high computational requirements
of the inference step can impact the efficiency of the overall query
processing pipeline. For this reason, in recent years, several re-
search lines have contributed to improving the efficiency of the
inference phase of PLM models. Most apply model compression [50]
techniques. More specific examples of these techniques are: model
distillation [19], model quantization [31], and early exit (EE) [48].
Unlike the first two lines of research, which work by speeding up
the computation time of PLM models by reducing their size, the
third line actively reduces the computational burden of PLMs by
introducing internal checkpoints (also called early exit filters) that
actively drop the inference of a specific sample when its likelihood
of being relevant is low. In addition, EE can be combined with distil-
lation and quantization to further speed up inference. However, the
idea of EE for machine learning inference was originally developed
many years before modern PLMs and then applied to IR. Notably,
in IR these EE techniques were applied to learning-to-rank models,
such as additive tree ensembles [8, 6, 7].

Several contributions in literature investigate EE techniques for
PLM-based cross-encoders, revolving around the same concept, i.e.,
each transformer layer of the PLM is coupled with a classifier that
implements the EE filter. One of the first implementations of this
idea is due to Xin et al. [48], who proposed DeeBERT to speed
up the inference of BERT [12]. Transformer layers and associated
classifiers are jointly fine-tuned on a given downstream task. At
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inference time, after a sample goes through a transformer layer, it
is also passed to the associated classifier. If it is confident of the
prediction, the result is returned; otherwise, the sample is sent to
the next transformer layer.

Zhou et al. proposed a more conservative EE approach by in-
troducing Patience-based Early Exit (PABEE) for BERT [52]. Still,
a classifier is inserted after each layer of a BERT-based PLM, and
inference stops when the intermediate predictions of the internal
classifiers remain unchanged for a predefined number of steps.

Xin et al. [47] proposed eeMB (early-exiting MonoBERT), which
is the first EE technique applied to PLM-based cross-encoders for
document ranking. Although the general idea developed in eeMB
is the same as that of DeeBERT, the authors apply it to MonoBERT.
Due to the task addressed, the classifiers used to early-exit the com-
putation by performing a binary classification on query-document
pairs into relevant/non-relevant, and the inference stops when a
classifier after a transformer block is confident in its prediction.
Moreover, unlike DeeBERT, which treats all classes equally, the
authors use asymmetric EE for document ranking: the exiting con-
fidence threshold for positive predictions (relevant documents) is
higher than for negative ones (non-relevant document), since the
two classes in document ranking are intrinsically different. The
main hyper-parameter of eeMB is thus ¢y, the negative confidence
threshold, used to EE samples that are likely non-relevant.

In this paper, we evaluate the performance of SEE against eeMB
by comparing their effectiveness/efficiency trade-offs. Besides eeMB,
more sophisticated learned EE strategies have been proposed, such
as BERxIT [49], which employ a learned approach similar to the one
proposed by eeMB, i.e., it exploits an EE strategy in which a super-
vised classifier acts as a filter. Unlike eeMB, BERxiT does not address
the ranking task. To the best of our knowledge, eeMB is the only
EE method that can be exploited in an ad-hoc re-ranking task with
point-wise cross-encoders. Note that, as in previous work in the
literature, this work focuses on—point-wise—encoder-only models,
i.e., MonoBERT, MonoELECTRA, miniLM, and X-ELECTRA. We
do not consider more recent—listwise—PLM-based cross-encoders,
such as RankZephyr [32], LiT5 [39] and Set-Encoder [38] because
experimental results in literature show that they are as effective as
pointwise re-rankers [38].

In addition to EE strategies, RLT, a.k.a. query cut-off predic-
tion [29], techniques are related to our proposed method. While in
a RLT technique, a speedup is achieved by reducing the number
of documents to be re-ranked as in a EE strategy, the decision on
re-ranking or not a given document depends on the score of the
retrieval system used and not on the re-ranking models employed.
This fundamental difference allows us to use a RLT technique and
a EE strategy in the same ranking pipeline. In this paper, we also
present an experimental evaluation that shows the impact of ap-
plying RLT before the EE strategy.

Unlike previous approaches in the literature, our SEE technique
leverages the intrinsic properties of the embeddings to guide EE
strategies. Specifically, instead of modifying the cross-encoder by
introducing additional learned parameters for EE, we exploit the
inherent characteristics of the embedding space and its spatial dis-
tribution. This enables us to devise a similarity-based technique that
operates without any modifications to the original cross-encoder
model.
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3 Similarity-based Early Exit

Given the recent results highlighting the importance of analyzing
the representation learned by PLMs for automatic text classifica-
tion [10] and document ranking [27], we hypothesize that token
representations can be exploited also to early exit samples in a
document re-ranking scenario. Specifically, we investigate whether
a proper similarity measure between query and document token
embeddings can be used as a proxy of the final document score: the
smaller the similarity, the lower the probability that the document
will be scored high by the cross-encoder. Under this hypothesis,
we can evaluate query-document similarity after any transformer
block and filter in advance documents with low similarity to save
the cost of traversing the remaining transformer blocks.

3.1 Similarity Measures

We investigate four similarity measures as proxies of the rank-
ing score computed by a cross-encoder model for a given query-
document pair (g, d). Let {qi}l{il and {d; }?4:1 be the embeddings
for tokens of a query g and a document d, respectively. In this
work, we always refer to embeddings before a specific transformer
block T;, 0 < i < K, with K the number of transformer blocks in
the neural network. According to this notation, q; and d; before
Tp correspond to the input embeddings of the model. In the base
version of BERT-based models, we have 12 transformer blocks, and
thus K = 12.

Given an embedding similarity measure ¢(q;,d;), e.g., cosine
similarity, we consider the following ways of aggregating the simi-
larities between the two sets {g;} and {d;}:

Max(q,d) = max #(qgi, dj) (1)
1<]<M
N M
MEeAaNSIM(g, d) = N ZZ¢(qz:d] (2)
1=1 j=1
1 N 1 M
C S d)=¢| — — d; 3
ENTRSIM(q,d) = ¢ N;ql’M; i (3
N
(4)

MaxSmm(q, d) = Z max ¢(q;, dj)
= 1<j<Mm

Max (Eq. 1) measures the maximum similarity between a query’s
and a document’s embedding. It is sufficient to have a single pair
of embeddings (gi, d;) with high similarity to conclude that g and
d are similar. MEANSIM (Eq. 2) is a more conservative estimate of
similarity, where the average distance between all possible pairs
of query/document embeddings is considered. CENTRSIM (Eq. 3)
provides a behavior similar to MEANSIM at a reduced cost: only the
distance between the centroids of the two sets is computed. Note
that the above three measures are borrowed from the hierarchi-
cal agglomerative clustering linkage measures [34]. Finally, it is
straightforward to see that Max is easily influenced by outlier token
embeddings, leading to a similarity over-estimation. In contrast,
high values of the other two measures are obtained only if the two
sets {g;} and {d;} are globally similar. To overcome these issues,
we also consider the MaxSim (Eq. 4) similarity measure, which was
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introduced by Khattab and Zaharia [22] for ColBERT and its vari-
ants [36, 35]. Intuitively, for each query token embedding, MAXSIm
searches for the most similar document token embedding and then
aggregates similarities through summation. Thus, one similar pair
is no longer sufficient to consider g and d similar.

Recall that token embeddings change during the traversal of
the transformer blocks of the network. In principle, our early-exit
filter can compute the above similarities before any transformer
block. The earlier we can discard a document, the more signifi-
cant the gain in efficiency. However, intuition suggests that the
more blocks are evaluated, the more refined are the embeddings,
and therefore, the more reliable the conclusions we can draw by
considering their similarity. However, we have to consider that
embeddings are transformed during the network traversal, and the
boundary between query and document tokens, on which our simi-
larity measures are based, might become blurry due to the token
interaction caused by the attention layers. Despite this issue, we
still adopt a simplified—yet conservative—approach in computing
our similarity measures. We maintain the same distinction between
query and document token embeddings, adopted to feed the model
and also for all the transformed embeddings obtained during the
network traversal. This follows common intuition and simplifies
our goal of understanding whether the similarity measures in Eq. 1-
4 are good proxies for the ranking scores predicted by PLM-based
cross-encoders models. We experimentally assess this assumption
in Sec. 4.

3.2 SEE Architecture and Strategies

In this section, we discuss SEE, a novel method that aims to early
exit the inference process of cross-encoder models. SEE directly ex-
ploits the similarity between token embeddings to decide whether
to exit the inference of query-document pairs. As already men-
tioned, we focus on the re-ranking task, where we have a user
query g and a list of documents Ly = [d1,do, .. ., d|Lq|] to be re-
ranked, as identified by a first-stage retriever.

Early Exit Architecture. SEE works as a filter that can be applied
before any transformer block of a cross-encoder. The SEE filter first
estimates query-document similarities for all pairs {(q, d;) }i=1,.., Ly»
employing one of the similarity functions previously introduced.
Then, it reorders the list Lq, using these query-document similarities
as proxies of the final cross-encoder scores. Finally, it truncates the
reordered list L based on a similarity threshold z. If the similarity
measure for a given query-document pair (g, d;) is below z, we stop
scoring (q, d;), thus making 7 the trigger of our early-exit decision.
Otherwise, the pair will continue the traversal of the model up
to the end, as done when using the original cross-encoder model
without an early exit. Note that in the way we defined our EE
approach, the number of query-document pair (g, d;) completing
the entire traversal of the model is not fixed since in different
queries, a difference ratio of query-document pairs will pass the
similarity filter.

The efficiency/effectiveness trade-off of SEE relies on a proper
choice of 7, which does not require a training phase. Once identified
a query-document similarity function, the choice of 7 is made using
some heuristic strategies, adapted from those introduced by Cam-
bazoglu et al. [8] for early exit document ranking in the context
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of Learning-to-Rank methods based on additive tree ensembles.
Therefore, no learning is needed to tune 7, which is a major dif-
ference from current state-of-the-art approaches for early exit for
cross-encoder inference that exploits multiple learned classifiers.

In addition, unlike previous learned approaches [47, 49] that are
point-wise, because early-exit decisions are taken independently
of all other query-document pairs, SEE can be considered listwise,
as the list of documents Ly is first reordered in reverse order by
similarity values to decide the threshold 7 that triggers our early-
exit strategy.

Finally, it is worth noting that SEE, is particularly well suited for

performing inference on large batches of query-document pairs, as
is common practice for fully exploiting the power of high-end GPUs.
Indeed, we can split the original model into two separate “slices™: (i)
the first from the input embedding to the filter, (i) the second from
the filter until the final output. Only one re-batch step is required
in between the two phases to handle the shortening of the original
list Ly, which largely reduces the number of query-document pairs
that have to continue the cross-encoder inference to obtain their
final scores. The same cannot be easily done in previous early-exit
approaches, where a point-wise classifier is implemented after each
transformer block, and thus a re-batching should occur after each
block to handle the progressive shortening of Lg.
Early Exit Strategies. SEE is based on query-document similari-
ties, which are normalized in the range [0—1], aiming to compare
different similarity values based on a single scale. The min-max
normalization of similarities is carried out on a per query basis, and
thus we independently scale in [0—1] the similarities computed for
all documents in each Lq.

Several strategies can govern the choice of 7 for early-exiting
query-document pairs. The first strategy is based on a fixed sim-
ilarity threshold 7, which is made possible due to the scaling of
the similarity values in [0—1]. Independent of the query and the
document, the same value of 7 is used to decide whether to continue
the scoring. For example, we can set 7 = 0.8, and a document is
filtered out only if its normalized similarity is less than 0.8. We refer
to this strategy as Exit by Similarity Threshold (EST). The higher
the value of 7, the stricter our SEE filter becomes.

A second strategy, named Exit by Proximity Threshold (EPT),
considers the objective of enhancing and optimizing ranking at a
fixed cutoff k, e.g., we aim to maximize nDCG@k. In this case, the
number of documents passed by the filter must have a similarity
close enough to the similarity of the document at the k" position
in the ranked list. Let o be this similarity and § a proximity value
with § > 0. Therefore, 7 becomes equal to o — 8. For example, if
oc=0.8and § = 0.1, we have that r = 0.7.

It is worth noting that the number of documents in Ly that pass
the filter is generally not uniform, regardless of using EST or EPT.
The only case in which the number of documents preserved by the
filter is exactly k is when we adopt EPT with § = 0. Otherwise, if
d > 0, besides these k documents, the further ones passed by the
filter are those with a similarity in the range [o — §, 0).

In the remainder of the paper, we discuss experiments for SEE
adopting either EST or EPT. As stated previously, we can choose
the strictness of the filter of EST and EPT: we can directly vary 7 for
EST, whereas for EPT we indirectly tune 7 by changing the value
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of 6. For both techniques, another crucial ingredient is the position
of the SEE filter, which we can place before any transformer blocks
To, - - ., Tx. Moreover, in principle, we can insert multiple early exit
filters, thus forming a cascade. In this paper, we use a simpler—yet
effective—approach that uses only a single filter. The earlier the
filter is placed, the more conspicuous the potential reduction in
latency will be.

4 Experimental Evaluation

In this section, we assess the efficiency and effectiveness of SEE.
We first briefly describe our experimental setup. We then experi-
mentally evaluate different similarity measures, filter placement
alternatives, and choices of 7, the threshold that triggers SEE. Next,
we present two in-depth analyses that compare the performance of
1) SEE applied to MonoBERT and eeMB [47] on a in-domain task on
three distinct benchmark datasets, 2) SEE applied to MonoBERT and
eeMB evaluated over multiple out-of-domain tasks using BEIR [40]
datasets, and 3) SEE applied to MonoBERT and eeMB using different
list truncation cutoffs. Finally, we highlight the adaptability of SEE
by implementing and evaluating its performance when applied to
different PLMs, namely MonoELECTRA, miniLM, and X-ELECTRA.

4.1 Experimental Setup

Following the seminal work of Nogueira et al. [30], we use two
fine-tuned BERT on two datasets: MS MARCO [1] and a version
of ASNQ [16] adapted for the ranking task [47]'. In detail, for
MS MARCO, we use the triples (query, positive document, and
negative document) provided with the dataset. Instead, for ASNQ,
we use the code provided by Xin et al. [47] to create the triples.
In the same way, we also utilize MS MARCO to fine-tune a cross-
encoder based on ELECTRA. We named it MonoELECTRA. Both
MonoBERT and MonoELECTRA are composed of 12 layers each.
In addition, we employ two other open-source models available
within the HuggingFace [46] repository, with both being already
fine-tuned on MS MARCO. In detail, we use miniLM [45] with 12
layers, available in the Sentence-transformer library [33], and a
larger version of ELECTRA composed of 24 layers, which we call
X-ELECTRA [11].

Evaluation. In-domain evaluation in MS MARCO is performed
using the official (small) development query set and the 2019 TREC
Deep Learning Track query set, hereinafter named dev and trec-
dl-2019, respectively. For evaluating ASNQ, we generate our test
dataset by processing the official development set in the same way
as done for the training set, i.e., we only consider the relevant
documents with a label equal to 4. In contrast, all the others were
considered non-relevant. In addition, we evaluate our approach
on all 15 publicly-available datasets in the BEIR [40] benchmark.
We use the official candidate sets to be re-ranked provided by dev,
trec-dl-2019, and ASNQ. In contrast, for BEIR, we compute a set of
1000 candidates for each query using the BM25 implementation
available in the BM25s library [26], with k; = 1.2, and b = 0.75.
Competitors. As discussed in Sec. 2, to the best of our knowledge,
eeMB [47] is the only method available for early stopping inference

1Code, links to models, additional data, and experimental settings are available here:
https://github.com/veneres/SEE-SIGIR25
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of MonoX models for ranking tasks. It relies on learned classi-
fiers placed after each transformer block, which decide whether a
query-document pair can be dropped or should proceed to the next
transformer block. We fine-tune and evaluate eeMB on MS MARCO
and ASNQ, following the authors’ instructions and code. We use
the proposed implementation as a baseline. Moreover, we provide
an improved version, which we refer to as eeMB., which makes
eeMB much faster in performing query-document inference in a
real-world scenario, i.e., using a batch size greater than one. This
new version revolves around a rebatching mechanism described in
the following section.
Implementation Details. SEE exploits a rebatching mechanism
after the filtering step. Rebatching improves the efficiency of the
inference step on the GPU by grouping the non-early-exited doc-
uments before moving to the following transformer blocks. This
allows for a more efficient use of GPU resources. The rebatching
mechanism is query-wise, i.e., we rebatch the documents in Lq
surviving the filter for a single query q. We implemented the same
rebatching mechanism in eeMB. This is crucial to make fair compar-
isons between the two methods. This is because learned early-exit
methods like eeMB involve unbalanced scoring costs, as query-
document pairs scored for a query can traverse a different number
of transformer blocks. This does not allow the full exploitation of
GPU parallelism that enables query-document pairs to be scored
in batches. It is worth noting that the paper presenting eeMB [47]
lacks a detailed discussion on the implications of batch size during
the inference phase. Thus, we propose a more efficient implementa-
tion of eeMB by splitting the model after every transformer block
T; and introducing a rebatching phase to improve the usage of GPU
resources.

The efficiency tests of SEE and eeMB were performed on a single
Nvidia A100-SXM4-40GB GPU.

4.2 Similarity Measures Evaluation

We start assessing whether similarity measures (Eq. 1 - Eq. 4) are a
good proxy of the final scores produced by a cross-encoder. There-
fore, regardless of the relevance labels in each dataset’s ground
truth, in this analysis, we evaluate the performance of the simi-
larity functions by considering the ranking score produced by the
whole model as a reference. Since the standard metrics used to as-
sess the quality of a ranking define a cutoff point for the top-ranked
items, e.g., nDCG@10, we assume that the top 10 documents ob-
tained by the model are the relevant ones, and the rest of the ranked
list is composed of non-relevant documents. We thus re-rank the set
Lg = [d1,d,....d)p )] of documents associated with a given query
q by using Sim(q, d;), d; € Ly, where Sim is one of the four tested
similarity functions and |Lg| is usually equal to 1000. To assess
whether embedding similarities are a good proxy of relevance, we
measure how many of the top-10 scored documents returned by the
model can be found in the top-100 documents in Ly after sorting the
list by Sim(d;, q) in reverse order of similarity. This corresponds to
measuring the recall at cutoff 100 (R@100) by considering the top-
10 scored documents identified by the whole cross-encoder model
as the only relevant ones. High values of R@100 guarantee that the
top-10 scored documents by the full cross-encoder without EE can
be found in the top-100 documents ranked by token embedding
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Table 1: R@100 achieved by four different similarity functions
applied before Ty, Ty, Ty and after Ti;, marked respectively
as 0, 4, 8, 12 on a sample of the training set of MS MARCO
using MonoBERT. In this experiment, a document is consid-
ered relevant if present in one of the top-10 positions of the
ranking produced by MonoBERT. The best result for each
placement is underlined while the best overall is in bold.

Filter position

Similarity 0 4 3 12

Max 0.28 0.45 045 0.69
MEaNSIM | 0.33 0.30 0.21 0.37
CENTRSIM | 0.36 033 0.27 0.68
MaxSim 0.67 0.73 0.72 0.85

similarities for each query g, and thus the cross-encoder should be
able to reconstruct the top-10 ranked documents computing the
full score only for 100 instead of 1000. Note that the SEE filter used
in the other experiments is more sophisticated, as the number of
documents in Ly passed by the filter is dynamically chosen on a
per-query basis.

Table 1 reports the average R@100 obtained on a sample of the
official MS MARCO training set (with approximately 1000 candi-
dates for each query) using MonoBERT. We chose to use a sample
of the official training set as the validation set for the analysis of
our filter because no official validation set exists in MS MARCO.
Columns marked as 0, 4, 8, and 12 report the results obtained by
applying Sim(q,d;), d; € Lg, to the embeddings before the trans-
former blocks Ty, Ty, T3, and after T1;. The embeddings before Tj
are those produced by the model just after the tokenizer, i.e., the
initial embeddings including sentence and positional components.
In contrast, the embeddings after T1; (column 12) are the last ones
produced by the transformers and thus are the inputs of the clas-
sifier layer of the PLM model. We observe that we obtain the best
recall using the MAxS1M similarity when using the embeddings
after T;1. Moreover, with a R@100 above 0.67 achieved before Ty,
we confirm that a similarity measure can be used to devise effective
exit strategies in the early stage of a cross-encoder model.

These results confirm that if only the top-100 documents, sorted
by embedding similarity using MAaxS1m, are passed by our SEE
filter positioned before Tp, the final top-100 results will contain,
on average, 7 of the top-10 results returned by the full MonoBERT
without EE. In summary, the best results are obtained using MAxS1im,
and therefore, in the following experiments, we use MAXSim as the
similarity measure implemented within our SEE.

4.3 Filter Placement Evaluation

Another key ingredient for the proposed method is the choice of the
EE filter placement. In Fig. 2, we show the efficiency/effectiveness
trade-offs of different filter positions using MonoBERT on the same
training set subset used in the previous section. We report the esti-
mated speedup (SU,), which, similarly to Xin et al. [47], is computed
as the ratio between the number of transformer blocks traversed
with and without SSE. This is linked to the estimated ratio of float-
ing point operations performed with and without the EE strategy.
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Figure 2: Comparison on a training set sample of MS MARCO
dataset using MonoBERT in terms of MRR@ 10 and estimated
speedup SU, using different filter positions and SEE strate-
gies. For our two strategies, EPT and EST, each point repre-
sents a different value of 7.

To reduce cluttering, we report only a subset of all possible choices
of filter placement; in particular, we show the effect of a filter be-
fore Ty, T1, and T,. Each point of the lines represents a different
threshold choice that ranges from 0.1 to 0.9, with a step of 0.1, for
both EST and EPT. From the figure, we can highlight two main
results. First, we observe that EPT consistently outperforms EST,
regardless of the filter position. Second, by placing the filter before
To, we obtain better trade-offs with both strategies. Therefore, in
the following experiments, we place SEE before Ty, and we use
only EPT, as this combination provides a better (or at least equal)
efficiency/effectiveness trade-off than all other possible choices
explored.

4.4 Performance Evaluation

In this section, we report a comprehensive performance evalua-
tion of SEE using MonoBERT and 16 datasets, i.e., dev, trec-dl-2019,
ASNQ, and the 14 datasets of the BEIR benchmark.?2 The goal of
the proposed evaluation is to compare SEE and eeMB,, i.e., our—
improved—implementation of eeMB that employs rebatching to
improve the utilization of GPU resources during inference. Follow-
ing the results in Table 1 and Fig. 2 we summarize our experimental
choices as follows: SEE uses MaxSiM, and we employ both SEE
and EPT before Tj. Instead, for eeMB, we base our choices on the
results proposed by Xin et al. [47], which means that we fix the
positive confidence threshold to 1.00 since it gives the best effi-
ciency/effectiveness trade-off, varying only the negative confidence
Cn.

For a fair comparison, we first present an evaluation based on
estimated/actual speed-ups for eeMB, eeMB,, and SEE using the
same configurations and datasets presented in the original paper
of eeMB. Then, we present an evaluation of the two approaches
on the 14 out-of-domain datasets of the BEIR benchmark to assess
the generalizability of our method to different corpus. To further
assess the applicability of our method to different realistic scenarios,
we present the results of the comparison between SEE and eeMB.

2Indeed, BEIR consists of a total of 15 datasets; however, one of them, MS MARCO
(trec-dl-2019), is also analyzed separately.
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Figure 3: Comparison in terms of effectiveness and estimated speedup SU, and real speedup SU, between SEE applied on
MonoBERT and eeMB. For SEE, each point represents a different threshold value 7, while for eeMB, a different value of c,,. We
have increasingly stricter filter thresholds for all methods from left to right.

when combined with a ranked list truncation strategy to limit the
number of documents to be re-ranked.

In-domain Evaluation. We first focus on Fig. 3 showing the perfor-
mance of SEE applied to MonoBERT (denoted by SEE-MonoBERT)
and eeMB on three different datasets. For the experiments reported
in the figure, the negative confidence ¢, of eeMB and eeMB.. was set
in the range ¢, € {0.7,0.8,0.9,0.95, 1}, while for SEE-MonoBERT,

the parameter § of EPT was set in the range § € {0.2,0.3,0.4,0.5,0.9}.

Given the importance of the implementation details and the real
speedup of the proposed strategy, we report both the curve of the
estimated and real speedup (SU, and SU,-). We report both the re-
sults of our version of eeMB, denoted by eeMB,, enhanced with
a novel rebatching mechanism to exploit modern high-end GPUs,
and the original eeMB implementation.

Focusing on Fig. 3, each curve represents the performance of a
different EE technique for MonoBERT on a given dataset. In par-
ticular, any point of each curve shows the effectiveness (mnRR@10
or nDCG@10) and the speedup (SU, or SU,) obtained by an EE
technique for a given configuration of its parameters (either z or
cn). All the speedups are computed against MonoBERT without EE,
corresponding to the point with SU=1 of the curve SEE-MonoBERT.
For each curve, from left to right the parameter setting increases
the amount of document pairs that are early exited, thus producing
larger speedups with a small loss in effectiveness. As can be seen
in Fig. 3, eeMB never achieves a real speedup (SU;,) greater than
1. Thus, in the next paragraphs, we only focus on eeMB,, that by
integrating our re-batching mechanism is much more efficient and
closer to the estimated speedup. We highlight that the versions of
MonoBERT and eeMB, used for the evaluation on ASNQ and MS
MARCO (dev and trec-dl-2019) were fine-tuned on ASNQ and MS
MARCO respectively, and thus in this experiment we show only
an in-domain evaluation.

The figure shows that the effectiveness of SEE is always higher
on trec-dl-2019, maintaining a higher nDCG@10 than eeMB, re-
gardless of the speedup (more than 3.5x times faster with a decrease
of less than 2%). We highlight that trec-dl-2019 is the only dataset
considered in this comparison with more than one relevance judg-
ment.

Conversely, for dev, we observe that monoBERT has a base lower
effectiveness than eeMB,, i.e., when the EE is not performed, and

2540

the speedup is 1.0. This fact also entails that SEE outperforms, in our
real-timing evaluation experiments, the classifier-based approach
only when the SU; is above 2.5. However, we still observe a lower
steepness of the curve, which gives a more predictable behavior
of SEE when changing the exit parameters. We also observe that
in ASNQ, a MonoBERT without EE outperforms a eeMB, with a
negative threshold c, very high, i.e,, n = 1, and thus in practice
without EE. However, SEE has a decisive decrease in effectiveness
as we make our SEE filter weaker to increase speedup and quickly
becomes worse than eeMB,..

Notably, Fig. 3 shows the difference between the estimated speedup
and the real speedup using SEE and eeMB,. In detail we remark
that using SEE the difference between estimated and measured
latency, i.e., SU, and SUy, respectively, becomes large only when
SUe is greater than 4x, while in eeMB; this is always significant.
This phenomenon can be explained by observing that eeMB,. re-
quires many re-batching steps (one every layer). Each of them adds
a computational overhead to the approach. In contrast, SEE has
only one re-batching step after the only exit decision is performed.
Out-of-domain Evaluation. We now present an out-of-domain
evaluation by comparing SEE on MonoBERT and eeMB; on the
BEIR datasets. In this analysis, we employ MonoBERT and eeMB,
both fine-tuned on MS MARCO, aiming to evaluate the ability of
SEE to cope with the zero-shot usage of cross-encoders.

The results of the study are presented in Table 2 where we
report the performance obtained in the 15 BEIR datasets using
MonoBERT using or not the two EE strategies under investiga-
tion. The datasets presented in Table 2 are grouped by their task.
Going from the top to the bottom, we have datasets for passage
retrieval, bio-medical information retrieval, question answering,
argument retrieval, duplicate-question retrieval, entity retrieval,
citation prediction, and fact-checking. At the bottom, we report the
row containing the average nDCG@10 and the query latency (in
seconds) of each method analyzed. In this part of the analysis, we
focus only on the results obtained using a candidate list of 1000
documents (rightmost group of columns in Table 2). In these ex-
periments, given the number of datasets and thus query-document
pairs to be re-ranked, we fixed the parameters for SEE and eeMB
instead of conducting a fine-grained evaluation of both techniques.
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Table 2: Assessment of out-of-domain, except for MS MARCO (trec-dl-2019), SEE performance on the BEIR benchmark. For
each model and dataset, we report the nDCG@10 in percentage and, between parenthesis, the average per-query inference time
(in seconds) or the relative speedup. We also differentiate the results obtained by truncating the BM25-ranked list to different
sizes. SEE and eeMB are compared with the performance obtained when no EE strategy is applied in a standard MonoBERT.
Statistically significant improvements are marked with T, while effectiveness degradations are marked with |. For each dataset

and truncation list size, we highlight in bold the best efficiency/effectiveness tradeoff obtained.

BM25 List Size — \ 100 \ 500 \ 1000
eeMB. SEE eeMB. SEE eeMB. SEE

Dataset | MonoBERT (cn = 04;5) 6=03) MonoBERT (cn = 0.;5) 6=03) MonoBERT (cn = 0;5) 6=03)
MS MARCO [1] \ 69.9 (0.23)  68.0(1.3X)  66.6 (1.7X) \ 68.7(1.08)  68.2(1.8X)  66.1(2.7X) \ 68.1(2.12)  68.1(2.0x) 67.1(3.1x)
TREC-COVID [42] 66.0 (0.22)  64.9 (0.9x)  65.9 (1.1x) 61.5(1.07)  62.9(0.9x)  61.4(1.2x) 61.5(2.13)  59.9(0.9x)  61.5(1.2x)
NFCorpus [3] 34.1(0.22) 302 (24%x)  33.4(1.5%X) 34.1(1.06)  |29.0 (2.7x)  33.5(2.6X) 34.0 (2.11)  |28.5(2.6X)  33.6 (3.5%X)
Natural Questions [23] 455(0.21)  44.8 (1.5X)  [44.3 (1.4X) 47.1(1.06)  46.4 (2.0x)  [45.7 (1.7%) 47.4(2.12)  46.7 (2.1x)  [46.1 (1.8%)
HotpotQA [51] 70.3 (0.21)  169.3 (1.6X)  |68.9 (1.4X) 71.0 (1.06) ]70.0 (2.0x)  |69.7 (1.8%X) 71.2 (2.11)  [70.1(2.0X)  [69.9 (1.9%)
FIQA [28] 36.0 (0.21)  |32.7 (1.5%)  |32.5 (1.6X) 35.9 (1.06)  |32.2 (2.0x) |32.8 (2.2%) 36.2 (2.11)  |32.4 (2.1x) |33.1(2.5%X)
ArguANA[43] 39.8 (0.21)  |33.2(1.7x)  39.3 (1.0x) 39.9 (1.06)  |32.5(2.3%) |39.2 (1.1x) 39.8 (2.13)  |32.4(23%)  39.1(1.1x)
Touché-2020 [2] 31.8(0.23) 333 (1.1x)  32.7 (1.2X) 30.6 (1.07)  32.6(1.4x)  31.5 (1.4X) 30.4(2.13)  32.6 (1.6x)  31.0 (1.5x)
CQADupStack [21] 33.5(0.21)  |29.7 (1.5%) |32.3 (1.5%X) 33.5(1.06) |29.2 (1.9x) |32.4 (1.9%) 33.5(2.11)  [29.1(2.0x) |32.5(2.2x)
Quora 82.9 (0.21)  |68.7 (1.8x) |81.1(1.5%X) 82.3(1.06) |67.4 (2.4x) |80.7 (1.9%) 82.2(2.11)  |67.1(2.6X) [80.7 (2.2%)
DBPedia [18] 39.9(0.21)  39.0 (1.4x)  [38.5 (1.6x) 39.9(1.06)  39.5(1.9x)  39.7 (2.4X) 39.8(2.11)  39.3(2.0x)  39.6 (2.8x)
SCIDOCS [9] 14.8 (0.21)  |13.4 (1.4x)  14.6 (1.4X) 14.9 (1.06)  |13.1(1.9x)  14.7 (1.5X) 14.8 (2.11)  |13.1(2.1x)  14.7 (1.5X)
FEVER [41] 73.8 (0.21)  73.7 (1.5%) 174.1(1.5%X) 75.6 (1.06)  75.5(1.9x)  176.1 (1.9x) 76.0 (2.11)  75.9 (2.0x)  176.5 (2.0X)
SciFact [44] 69.1(0.21)  |64.9 (1.8X)  68.6 (1.4X) 69.7 (1.06)  |64.7 (2.4X)  69.5 (2.2X) 69.7 (2.12)  |64.5(2.4X)  69.4 (2.7X)
Climate-FEVER [24] 22.5(0.21) 205 (2.1x)  22.5(1.5%X) 22.5(1.06) |20.1(2.5%)  23.0 (1.8%X) 22.4(2.13)  [19.9 (2.5%) 123.0 (1.9%)
Average | 487(0.22) 458(15x)  47.7(14x) | 485(1.06)  456(1.9x) 477 (L8x) | 485(212) 453 (19x)  47.9(1.9%)

We recall that for SEFE, we use EPT with § = 0.3, as it shows a
good efficiency/effectiveness tradeoff among all the three datasets
in Fig. 3. In contrast, we fixed the negative confidence c,, of eeMB to
0.95, which is the threshold where we start to observe a steep degra-
dation of effectiveness for eeMB, as depicted in Fig. 3. We evaluated
the statistical significance of the nDCG differences between EE and
non-EE model versions using a paired ¢-test (p = 0.01), applying
Bonferroni correction for multiple comparisons [14]. The EE strat-
egy with the best efficiency/effectiveness trade-off for MonoBERT
is defined as the one with the highest speedup if no statistical
difference is reported between the average nDCG@10 of the EE
and no-EE versions. If both SEE and eeMB, exhibit statistically
significant degradations, we highlight the one with the highest
nDCG@10.

Looking at Table 2, we can clearly see that SEE presents a better
efficiency/effectiveness tradeoff for the majority of datasets. In
particular, SEE outperforms eeMB, on 11 out of 15 datasets. We
also highlight that SEE applied to MonoBERT has a statistically
significant effectiveness degradation only in 5 datasets, i.e., for two
specific tasks: question answering and duplicate-question retrieval,
while eeMB, shows significant drops in 8 datasets. This confirms
that our SEE works well in an out-of-domain setting, reaching
speedups of up to 3.5x without any learning involved.

Conversely, eeMB, struggles to maintain the same level of ef-
fectiveness as the MonoBERT without EE, also with a very conser-
vative configuration. Overall, SEE achieves a speedup of 1.9% by
losing 1.24% of nDCG@10, while eeMB,. achieves the same speedup
by losing 6.60% of nDCG@10.
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Early Exit and Ranked List Truncation. We conclude the com-
parison between SEE and eeMB.. by assessing the two methods
using different candidate list sizes retrieved by BM25. This sim-
ulates the application of a RLT strategy aiming at reducing the
number of documents to be re-ranked from the “standard” rank
list size of 1000 documents. In particular, we used one popular RLT
strategy that cuts the retrieved document list to a fixed cutoff [29].

In addition to the original size of 1000 we further consider sizes
of 500 and 100. The results, presented in Table 2, confirm the better
efficiency/effectiveness trade-off of SEE compared to eeMB, on
most datasets, regardless of the list size used. In particular, eeMB,
outperforms SEE only in 4 and 3 datasets out of 15 for cutoffs of 100
and 500, respectively. Finally, we highlight that SEE is still beneficial
even when applied to a short candidate list. For instance, with a
size of 100 SEE achieves an average speed-up of about 1.4X (from
220msec. to 150msec.) by loosing only 2% of nDCG@10.
Evaluation Summary We experimentally confirm that SEE can
be a valid—non-learned—method to perform EE with a pointwise
ranker as MonoBERT. While it shows comparable performance with
other EE techniques, i.e., eeMB,, in an in-domain setting, it notably
outperforms them on multiple out-of-domain datasets. Moreover,
it is an effective solution when combined with RLT for all sizes of
candidate lists evaluated, especially when the number of elements
to be re-ranked decreases significantly.

4.5 SEE Adaptability

To assess the adaptability of SEE, we implemented SEE on three
cross-encoders besides MonoBERT: MonoELECTRA, miniLM, and
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Table 3: SEE adaptability on BEIR with three cross-encoders: for each model and dataset, we report nDCG@10 (%) and average
per-query inference time (s) with speedup (in parentheses). SEE is compared to the no-EE baseline. Statistically significant
gains and drops are marked with T and |, respectively; bold indicates speedups without significant effectiveness loss. .

Model — \ monoELECTRA \ miniLM \ X-ELECTRA

Dataset | \ no EE SEE (5 = 0.3) | no EE SEE (5 = 0.3) | no EE SEE (6 = 0.3)
MS MARCO [1] | 70.0 (2.10)  68.2(0.69/3.0x) | 75.6 (1.37)  72.3 (0.46/3.0x) | 75.7 (6.00) |71.4 (1.85/3.3X)
TREC-COVID [42] 58.8 (2.08)  59.0 (1.76/1.2x) | 63.8(1.36)  63.8 (1.15/1.2x) | 76.6 (5.98) 76.6 (4.79/1.2X)
NFCorpus [3] 26.7 (2.09) 131.0 (0.58/3.6x) | 28.8 (1.36) 130.7 (0.40/3.4x) | 35.4 (6.00) 34.8 (1.60/3.8x)
Natural Questions [23] | 47.8 (2.36)  [46.5 (1.38/1.7x) | 49.6 (1.58)  [48.2 (0.91/1.7x) | 57.1 (6.48) |53.7 (3.13/2.1x)
HotpotQA [51] 61.8(2.07)  160.7 (1.08/1.9x) | 73.2(1.35)  [71.2 (0.71/1.9%) | 75.9 (5.96) |73.5 (2.91/2.1x)
FIQA [28] 38.0 (2.08)  [35.0 (0.81/2.6X) | 36.8 (1.36)  [33.1(0.53/2.6X) | 48.7 (5.97) 142.0 (2.26/2.6x)
ArguANA[43] 0(2.08)  8.9(1.87/1.1x) | 20.5(1.36)  20.5 (1.17/1.2x) | 10.6 (5.97) 10.3 (5.32/1.1x)
Touché-2020 [2] 29 4(2.11)  30.4 (1.28/1.6x) | 34.8 (1.38)  35.2 (0.87/1.6x) | 37.6 (6.03) 38.1(3.38/1.8x)
CQADupStack [21] 32.7(2.09)  [31.8(0.97/2.1x) | 33.2(1.36)  [32.3 (0.64/2.1x) | 38.6 (6.01) |36.4 (2.68/2.2x)
Quora 80.9 (2.08)  [79.7 (0.93/2.2x) | 82.1(1.38)  [80.2 (0.60/2.3%) | 81.2(5.97) |79.7 (2.58/2.3x)
DBPedia [18] 39.8 (2.08)  40.1(0.76/2.7x) | 45.1 (1.36)  |43.8 (0.51/2.6X) | 46.8 (5.97) [45.5 (2.07/2.9x)
SCIDOCS [9] 14.6 (2.08)  14.4 (1.46/1.4x) | 153 (1.36)  15.2(0.97/1.4x) | 18.0 (5.97) 17.8 (3.81/1.6x)
FEVER [41] 74.1(2.15) 174.4 (1.09/2.0x) | 80.4 (1.43)  [80.1(0.75/1.9x) | 82.8(5.97) |82.5 (2.97/2.0x)
SciFact [44] 57.3(2.08) 159.7 (0.88/2.4x) | 66.8 (1.36)  66.6 (0.53/2.5x) | 72.4 (5.98) 72.5 (2.15/2.8X)
Climate-FEVER [24] 11.6 (2.08) 112.1(1.16/1.8x) | 24.5 (1.36) 125.0 (0.73/1.9x) | 21.0 (5.97) 21.3 (3.08/1.9x)
Average | 435 (2.11) 435 (1.11/1.9%) | 48.7 (1.38) 47.9.(0.73/1.9%) | 51.9(6.02)  50.4 (2.97/2.0x)

X-ELECTRA. As detailed in Section 4.1, the former is a MonoX
model based on ELECTRA fine-tuned by us, the second is a strong
but lightweight cross-encoder available in the sentence-transformer
library [33], and the latter is a strong cross-encoder based on ELEC-
TRA large [11]. The results, shown in Table 3, follow the evaluation
strategy of Table 2, using the same parameters and statistical tests
with a fixed candidate list of 1000 documents.

The results in Table 3 confirm that our method is effective across
all three cross-encoders, achieving an average 2X speedup with
only a limited drop in nDCG@10. While there is a statistically sig-
nificant reduction in effectiveness on some datasets, 5 out of 15 for
MonoELECTRA, 7 for miniLM, and 8 for X-ELECTRA, the overall
performance remains competitive. SEE allows the use of bigger and
more effective models without sacrificing ranking effectiveness.
For instance, on NFCorpus, instead of employing MonoELECTRA
that achieves 26.7% of nDCG@10 with an average query latency of
more than 2 seconds per query, SEE enables the use of X-ELECTRA,
achieving a better nDCG@10 (34.8%) while lowering the average
query latency to 1.60 seconds. The same choice can also be ap-
plied to DBPedia where, with the same average query latency, the
improvement in terms of nDCG@10 from MonoELECTRA with-
out EE to X-ELECTRA with SEE is about 17%. As a side note, we
highlight the poor effectiveness of MonoELECTRA, miniLM, and
X-ELECTRA on ArguANA. From a preliminary analysis, we found
that the problem is due to the length of the ArguANA queries, i.e.,
192 words in average.

To summarize, since SEE does not require additional training,
we show that it can be easily adapted to different cross-encoders.
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In this setting, we show that SEE allows for a speedup of up to 3.8%
with a limited loss in ranking effectiveness.

5 Conclusion and Future Work

We presented SEE, a novel early-exit strategy for cross-encoder
models used in document re-ranking. First, we showed that the
similarities of the embeddings during the inference phase can be
successfully exploited to predict the final ranking of the model.
Second, we introduced a principled early-exit strategy that exploits
this intuition. Moreover, it does not require additional learning
on top of the cross-encoder models. We performed an extensive
analysis of SEE on 17 public datasets and models and we showed
how SEE is able to achieve speedups of up to 3.5 with a limited
loss of nDCG@10. As future work, we plan to improve the real
speedup of SEE by further optimizing its implementation on GPU,
while we would also like to extend our work by using multiple SEE
filters and study their effectiveness/efficiency tradeoffs.
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