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Abstract. In this paper we propose a novel approach for combining
first-stage lexical retrieval models and Transformer-based re-rankers: we
inject the relevance score of the lexical model as a token in the mid-
dle of the input of the cross-encoder re-ranker. It was shown in prior
work that interpolation between the relevance score of lexical and BERT-
based re-rankers may not consistently result in higher effectiveness. Our
idea is motivated by the finding that BERT models can capture numeric
information. We compare several representations of the BM25 score and
inject them as text in the input of four different cross-encoders. We
additionally analyze the effect for different query types, and investigate
the effectiveness of our method for capturing exact matching relevance.
Evaluation on the MSMARCO Passage collection and the TREC DL
collections shows that the proposed method significantly improves over
all cross-encoder re-rankers as well as the common interpolation meth-
ods. We show that the improvement is consistent for all query types.
We also find an improvement in exact matching capabilities over both
BM25 and the cross-encoders. Our findings indicate that cross-encoder
re-rankers can efficiently be improved without additional computational
burden and extra steps in the pipeline by explicitly adding the output
of the first-stage ranker to the model input, and this effect is robust for
different models and query types.

Keywords: Injecting BM25 - Two-stage retrieval - Transformer-based
rankers - BM25 - Combining lexical and neural rankers

1 Introduction

The commonly used ranking pipeline consists of a first-stage retriever, e.g. BM25
[47], that efficiently retrieves a set of documents from the full document collec-
tion, followed by one or more re-rankers [40,59] that improve the initial rank-
ing. Currently, the most effective re-rankers are BERT-based rankers with a
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Fig. 1. Regular cross-encoder input Fig. 2. Injection of BM25 in input

cross-encoder architecture, concatenating the query and the candidate docu-
ment in the input [2,25,40,44]. In this paper, we refer to these re-rankers as
Cross-Encodercat (CEcar). In the common re-ranking set-up, BM25 [47] is
widely leveraged [7,20,27] for finding the top-k documents to be re-ranked; how-
ever, the relevance score produced by BM25 based on exact lexical matching is
not explicitly taken into account in the second stage. Besides, although cross-
encoder re-rankers substantially improve the retrieval effectiveness compared to
BM25 alone [34], Rau et al. [43] show that BM25 is a more effective ezact lexi-
cal matcher than CEcar rankers; in their exact-matching experiment they only
use the words from the passage that also appear in the query as the input of
the CEcar. This suggests that CEcar re-rankers can be further improved by a
better exact word matching, as the presence of query words in the document is
one of the strongest signals for relevance in ranking [48,50]. Moreover, obtain-
ing improvement in effectiveness by interpolating the scores (score fusion [58])
of BM25 and CEcar is challenging: a linear combination of the two scores has
shown to decrease effectiveness on the MSMARCO Passage collection compared
to only using the CEcar re-ranker in the second stage retrieval [34].

To tackle this problem, in this work, we propose a method to enhance CEcat
re-rankers by directly injecting the BM25 score as a string to the input of the
Transformer. Figure 2 show our method for the injection of BM25 in the input
of the CE re-ranker. We refer to our method as CEgyascaT. Our idea is inspired
by the finding by Wallace et al. [54] that BERT models can capture numeracy.
In this regard, we address the following research questions:

RQ1: What is the effectiveness of BM25 score injection in addition to the query
and document text in the input of CE re-rankers?

To answer this question we setup two experiments on three datasets:
MSMARCO, TREC DI’19 and 20. First, since the BM25 score has no defined
range, we investigate the effect of different representations of the BM25 score
by applying various normalization methods. We also analyze the effect of con-
verting the normalized scores of BM25 to integers. Second, we evaluate the best
representation of BM25 — based on our empricial study — on four cross-encoders:
BERT-base, BERT-large [53], DistillBERT [49], and MiniLM [56], comparing
CEgma2scat to CEcat across different Transformer models with a smaller and
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larger number of parameters. Next, we compare our proposed approach to com-
mon interpolation approaches:

RQ2: What is the effectiveness of CEgnascaT compared to common approaches
for combining the final relevance scores of CEgaT and BM257

To analyze CEppmoscar and CEcar in terms of exact matching compared to
BM25 we address the following question:

RQ3: How effective can CEgnoscaT capture exact matching relevance compared
to BM25 and CEcat?
Furthermore, to provide an explanation on the improvement of CEgyascaT, we
perform a qualitative analysis of a case where CEcar fails to identify the relevant
document that is found using CEgmascat with the help of the BM25 score. !
To the best of our knowledge, there is no prior work on the effectiveness of
cross-encoder re-rankers by injecting a retrieval model’s score into their input.
Our main contributions in this work are four-fold:

1. We provide a strategy for efficiently utilizing BM25 in cross-encoder re-
rankers, which yields statistically significant improvements on all official met-
rics and is verified by thorough experiments and analysis.

2. We find that our method is more effective than the approaches which linearly
interpolate the scores of BM25 and CEcar.

3. We analyze the exact matching effectiveness of CEgar and CEgpmaoscaT in
comparison to BM25. We show that CEgymascaT is a more powerful exact
matcher than BM25 while CEgar is less effective than BM25.

4. We analyze the effectiveness of CEcar and CEppascar on different query
types. We show that CEgymoscaT consistently outperforms CEcar over all
type of queries.

After a discussion of related work in Sect.2, we describe the retrieval models
employed in Sect. 3 and the specifics of our experiments and methods in Sect. 4.
The results are examined and the research questions are addressed in Sect. 5.
Finally, the conclusion is described in Sect. 6.

2 Related Work

Modifying the Input of Re-rankers. Boualili et al. [12,13] propose a method
for highlighting exact matching signals by marking the start and the end of each
occurrence of the query terms by adding markers to the input. In addition,
they modify original passages and expand each passage with a set of generated
queries using Doc2query [41] to overcome the vocabulary mismatch problem.
This strategy is different from ours in two aspects: (1) the type of information
added to the input: they add four tokens as markers for each occurrence of
query terms, adding a burden to the limited input length of 512 tokens for query

! In this work, we interchangeably use the words document and passage to refer to
unit that should be retrieved.
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and document together, while we only add the BM25 score. (2) The need for
data augmentation: they need to train a Doc2query model to provide the exact
matching signal for improving the BERT re-ranker while our strategy does not
need any extra overhead in terms of data augmentation. A few recent, but less
related examples are Al-Hajj et al. [4], who experiment with the use of different
supervised signals into the input of the cross-encoder to emphasize target words
in context and Li et al. [30], who insert boundary markers into the input between
contiguous words for Chinese named entity recognition.

Numerical Information in Transformer Models. Thawani et al. [52] pro-
vide an extensive overview of numeracy in NLP models up to 2021. Wallace
et al. [54] analyze the ability of BERT models to work with numbers and come
to the conclusion that the models capture numeracy and are able to do numeri-
cal reasoning; however the models appeared to struggle with interpreting floats.
Moreover, Zhang et al. [63] show that BERT models capture a significant amount
of information about numerical scale except for general common-sense reasoning.
There are various studies that are inspired by the fact that Transformer models
can correctly process numbers [11,15,21,22,26,38]. Gu et al. [23] incorporate
text, categorical and numerical data as different modalities with Transformers
using a combining module accross different classification tasks. They discover
that adding tabular features increases the effectiveness while using only text is
insufficient and results in the worst performance.

Methods for Combining Rankers. Linearly interpolating different rankers’
scores has been studied extensively in the literature [8-10,34,58]. In this paper,
we investigate multiple linear and non-linear interpolation ensemble methods
to analyze the performance of them for combining BM25 and CEgar scores in
comparison to CEgyoscat. For the sake of a fair analysis, we do not compare
CEpma2scaT with a Learning-to-rank approach that is trained on 87 features by
[65]. The use of ensemble methods brings additional overhead in terms of effi-
ciency because it adds one more extra step to the re-ranking pipeline. It is note-
worthy to mention that in this paper, we concentrate on analyzing the improve-
ment by combining the first-stage retriever and a BERT-based re-ranker: BM25
and CEcar respectively. However, we are aware that combining scores of BM25
and Dense Retrievers that both are first-stage retrievers has also shown improve-
ments [1,6,55] that are outside the scope of our study. In particular, CLEAR
[20] proposes an approach to train the dense retrievers to encode semantics that
BM25 fails to capture for first stage retrieval. However, in this study, our aim is
to improve re-ranking in the second stage of two-stage retrieval setting.

3 Methods

3.1 First Stage Ranker: BM25

Lexical retrievers estimate the relevance of a document to a query based on word
overlap [46]. Many lexical methods, including vector space models, Okapi BM25,
and query likelihood, have been developed in previous decades. We use BM25
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because of its popularity as first-stage ranker in current systems. Based on the
statistics of the words that overlap between the query and the document, BM25
calculates a score for the pair:

. tft.a
Stex(d,d) = BM25(q,d) = Y rsji. : (1)
g a1 - ) + 017}
where t is a term, ¢ f; 4 is the frequency of ¢ in document d, rsj; is the Robertson-
Spéarck Jones weight [47] of ¢, and [ is the average document length. ki and b are
parameters [32,33].

3.2 CEcart: Cross-Encoder Re-rankers Without BM25 Injection

Concatenating query and passage input sequences is the typical method for using
cross-encoder (e.g., BERT) architectures with pre-trained Transformer models
in a re-ranking setup [25,36,40,60]. This basic design is referred to as CEcar
and shown in Fig. 1. The query ¢1.,, and passage p1., sequences are concatenated
with the [SEP] token, and the [CLS] token representation computed by CE is
scored with a single linear layer Wy in the CEcaT ranking model:

We use CEcat as our baseline re-ranker architecture. We evaluate different cross-
encoder models in our experiments and all of them follow the above design.

3.3 CEpmascat: Cross-Encoder Re-rankers with BM25 Injection

To study the effectiveness of injecting the BM25 score into the input, we modify
the input of the basic input format as follows and call it CEgnoscaT:

CEpn2scar(q1im, p1in) = CE([CLS] q [SEP] BM25 [SEP]p[SEP]) « W, (3)

where BM25 represent the relevance score produced by BM25 between query
and passage.

We study different representations of BM25 to find the optimal approach for
injecting BM25 into the cross-encoders. The reasons are: (1) BM25 scores do not
have an upper bound and should be normalized for having an interpretable score
given a query and passage; (2) BERT-based models can process integers better
than floating point numbers [54] so we analyze if converting the normalized
score to an integer is more effective than injecting the floating point score. For
normalizing BM25 scores, we compare three different normalization methods:
Min-Max, Standardization (Z-score), and Sum:

SBM25 Smin (4)

Min-Max(sgares) =
Smaz — Smin

spmas — i(.S)

Standard(spares) =
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SBM25
sum(S) (6)

where sparos is the original score, and $;,4, and s, are the maximum and
minimum scores respectively, in the ranked list. Sum(S), u(S), and o(S) refer
to sum, average and standard deviation over the scores of all passages retrieved
for a query. The anticipated effect of the Sum normalizer is that the sum of
the scores of all passages in the ranked list will be 1; thus, if the top-n passages
receive much higher scores than the rest, their normalized scores will have a larger
difference with the rest of passages’ scores in the ranked list; this distance could
give a good signal to CEgyescar. We experiment with Min-Max and Standard-
ization in a local and a global setting. In the local setting, we get the minimum
or maximum (for Min-Max) and mean and standard deviation (for Standard)
from the ranked list of scores per query. In the global setting, we use {0, 50, 42,6}
as {minimum, maximum, mean, standard deviation} as they have been empiri-
cally suggested in prior work to be used as default values across different queries
to globally normalize BM25 scores [37]. In our data, the {minimum, maximum,
mean, standard deviation} values are {0,98,7,5} across all queries. Because of
the differences between the recommended defaults and the statistics of our col-
lections, we explore other global values for Min-Max, using 25,50,75,100 as
maximum and 0 as minimum. However, we got the best result using default val-
ues of [37]. To convert the float numbers to integers we multiply the normalized
score to 100 and discard decimals. Finally, we store the number as a string.

Sum(sparas) =

3.4 Linear Interpolation Ensembles of BM25 and CEcat

We compare our approach to common ensemble methods [34,64] for interpolating
BM25 and BERT re-rankers. We combine the scores linearly using the following
methods: (1) Sum: compute sum over BM25 and CEcar scores, (2) Max: select
maximum between BM25 and CEcar scores, and (3) Weighted-Sum:

si=a.spyas+ (1 — Q). ScEqar (7)

where s; is the weighted sum produced by the interpolation, spasa5 is the nor-
malized BM25 score, scgg.p 18 the CEcar score, and « € [0..1] is a weight that
indicates the relative importance. Since CEcat score € [0, 1], we also normalize
BM25 score using Min-Max normalization. Furthermore, we train ensemble mod-
els that take sparos and sc g, ., as features. We experiment with three different
classifiers for this purpose: SVM with a linear kernel, SVM with an RBFkernel,
Naive Bayes, and Multi Layer Perceptron (MLP) as a non-linear method and
report the best classifier performance in Sect. 5.1.

4 Experimental Design

Dataset and Metrics. We conduct our experiments on the MSMARCO-
passage collection [39] and the two TREC Deep Learning tracks (TREC-DL’19
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and TREC-DL’20) [17,19]. The MSMARCO-passage dataset contains about 8.8
million passages (average length: 73.1 words) and about 1 million natural lan-
guage queries (average length: 7.5 words) and has been extensively used to train
deep language models for ranking because of the large number of queries. Fol-
lowing prior work on MSMARCO [28,34,35,67,68], we use the dev set (~7k
queries) for our empirical evaluation. M AP@1000 and nDCG@10 are calcu-
lated in addition to the official evaluation metric M RR@10. The passage corpus
of MSMARCO is shared with TREC DL’19 and DL’20 collections with 43 and
54 queries respectively. We evaluate our experiments on these collections using
nDCGQ10 and M AP@1000, as is standard practice in TREC DL [17,19] to
make our results comparable to previously published and upcoming research.
We cap the query length at 30 tokens and the passage length at 200 tokens
following prior work [25].

Training Configuration and Model Parameters. We use the Huggingface
library [57], Cross-encoder package of Sentence-transformers library [45], and
PyTorch [42] for the cross-encoder re-ranking training and inference. For inject-
ing the BM25 score as text, we pass the BM25 score in string format into the
BERT tokenizer in a similar way to passing query and document. Please note
that the integer numbers are already included in the BERT tokenizer’s vocabu-
lary, allowing for appropriate tokenization. Following prior work [25] we use the
Adam [29] optimizer with a learning rate of 7% 107 for all cross-encoder layers,
regardless of the number of layers trained. To train cross-encoder re-rankers for
each TREC DL collection, we use the other TREC DL query set as the validation
set and we select both TREC DL (19 and ’20) query sets as the validation set
to train CEs for the MSMARCO Passage collection. We employ early stopping,
based on the nDCG@10 value of the validation set. We use a training batch size
of 32. For all cross-Encoder re-rankers, we use Cross-Entropy loss [66] . For the
lexical retrieval with BM25 we employ the tuned parameters from the Anserini
documentation [32,33].?

5 Results

5.1 Main Results: Addressing Our Research Questions

Choice of BM25 Score Representation. As introduced in Sect. 3.3, we com-
pare different representations of the BM25 score in Table1 for injection into
CEgmMmascar. We chose MiniLM [56] for this study as it has shown competitive
results in comparison to BERT-based models while it is 3 times smaller and 6
times faster.® Our first interesting observation is that injecting the original float
score rounded down to 2 decimal points (row b) of BM25 into the input seems to
slightly improve the effectiveness of re-ranker. We assume this is due to the fact
that the average query and passage length is relatively small in the MSMARCO

2 The code is available on https://github.com/arian-askari/injecting_bm25_score_bert.
3 https://huggingface.co/microsoft /MiniL.M-L12-H384-uncased.
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Passage collection, which prevents from getting high numbers — with low inter-
pretability for BERT — as BM25 score. Second, we find that the normalized
BM25 score with Min-Max in the global normalization setting converted to inte-
ger (row f) is the most significant effective® representation for injecting BM25.

Table 1. Effectiveness results. Lines b-n refer to the MiniLMpnmcaT re-ranker using
different representations of the BM25 score as text. Significance is shown with { for
the best result (row f) compared to MiniLMcar (row a). Statistical significance was
measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple testing.

Normalization | Local/Global | Float/Integer  MSMARCO DEV
nDCG@10 | MAP | MRR@10
(a) | MiniLMcar (without injecting BM25 score) | .419 .363 |.360
(b) | Original score | — — 420 .364 | .362
(¢) | Min-Max Local Float 411 .359 | .354
(d) | Min-Max Local Integer 414 .361 |.355
(e) | Min-Max Global Float 422 365 |.363
(f) | Min-Max Global Integer .424¢ .368t | .3677
(¢9) | Standard Local Float .407 .355 | .352
(h) | Standard Local Integer .410 .358 | .354
(¢) | Standard Global Float .420 .363 | .361
(j) | Standard Global Integer 421 .365 | .363
(k) | Sum - Float .402 .349 |.338
(1) | Sum - Integer .405 .350 | .342

The global normalization setting gives better results for both Min-Max (rows
e, f) and Standardization (rows 4,j) than local normalization (rows c¢,d and
g,h).5 The reason is probably that in the global setting a candidate document
obtains a high normalized score (close to 1 in the floating point representation)
if its original score is close to default maximum (for Min-Max normalization) so
the normalized score could be more interpretable across different queries. On the
other hand, in the local setting, the passages ranked at position 1 always receive
1 as normalized score with Min-Max even if its original score is not high and it
does not have a big difference with the last passage in the ranked list.

Moreover, converting the normalized float score to integers gives better
results for both Min-Max (rows d, f) and Standardization (rows h,j) than the
float representation (rows ¢, e and g,4). We find that Min-Max normalization is
a better representation for injecting BM25 than Standardization, which could

4 Although the evaluation metrics are not in an interval scale, Craswell et al. [18] show
that they are mostly reliable in practice on MSMARCO for statistical testing.

5 The range of normalized integer scores using the best normalizer (row f) are from 0
to 196 as the maximum BM25 score in the collection is 98.
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Table 2. Effectiveness results. Fine-tuned cross-encoders are used for re-ranking over
BM25 first stage retrieval with a re-ranking depth of 1000. { indicates a statistically
significant improvement of a cross-encoder with BM25 score injection as text into
the input (Cross-encodergmascar) over the same cross-encoder without BM25 score
injection (Cross-encodercar). Statistical significance was measured with a paired t-
test (p < 0.05) with Bonferroni correction for multiple testing.

Model TREC DL 20 TREC DL 19 MSMARCO DEV
nDCGQ@10 MAP | nDCG@10 | MAP | nDCG@10 | MAP | MRR@10

BM25 .480 286 | .506 377 | .234 195 | 187
Re-rankers

BERT-Basecat .689 447 | .7T13 441 |.399 346 | .342
BERT-Basegmascar | -7057 AT5T | .723¢ 4531 | 4221 367t | .3647
BERT-Largecar .695 464 | .714 467 | .401 .344 | .360
BERT-Largepmascar | 728t 4821 7317 ATTE 4247 367t | .369%
DistilBERT car .670 442 | 679 440 | .383 310 |.325
DistilBERTsm2scaT | 6821 4561 | .69971 4517 |.3907 323t | .33971
MiniLMcat .681 448 | .704 452 | .419 .363 | .360
MiniLMpuascaT 710t A73% |71t 463t | .424t .36871 | .367+

be due to the fact that in Min-Max the normalized score could not be negative,
and, as a result, interpreting the injected score is easier for CEgyo5caT. We find
that the Sum normalizer (rows k and [) decreases effectiveness. Apparently, our
expectation that Sum would help distinguish between the top-n passages and
the remaining passages in the ranked list (see Sect.5.1) is not true.

Impact of BM25 Injection for Various Cross-encoders (RQ1). Table?2
shows that injecting the BM25 score — using the best normalizer which is Min-
Max in the global normalization setting converted to integer — into all four cross-
encoders improves their effectiveness in all of the metrics compared to using them
without injecting BM25. This shows that injecting the BM25 score into the input
as a small modification to the current re-ranking pipeline improves the re-ranking
effectiveness. This is without any additional computational burden as we train
CEcar and CEgymascar in a completely equal setting in terms of number of
epochs, batch size, etc. We receive the highest result by BERT-Largegmascat
for cross-encoder with BM25 injection, which could be due to the higher number
of parameters of the model. We find that the results of MiniLM are similar to
those for BERT-Base on MSMARCO-DEV while the former is more efficient.

Comparing BM25 Injection with Ensemble Methods (RQ2). Table3
shows that while injecting BM25 leads to improvement, regular ensemble meth-
ods and Naive Bayes classifier fail to do so; combining the scores of BM25 and
BERTcar in a linear and non-linear (MLP) interpolation ensemble setting even
leads to lower effectiveness than using the cross-encoder as sole re-ranker. There-
fore, our strategy is a better solution than linear interpolation. We only report
results for Naive Bayes — having BM25 and BERTcaT score as features — as
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Table 3. The effectiveness of injecting BM25 score into the input (Bert-Basesma2scar)
compared to interpolation performance of BM25 and Bert-Basecar using common
ensemble methods.

Model Ensemble MSMARCO DEV
nDCG@10 | MAP | MRR@10

BM25 — 234 195 | 187
BERT-Basecar — .399 346 | .342
BM25 and BERT-Basecar | Sum 270 225 |.218
BM25 and BERT-Basecat | Max .237 197 1.190
BM25 and BERT-Basecar | Weighted-Sum (tuned) | .353 295 |.290
BM25 and BERT-Basecar | Naive Bayes 314 .260 | .254
BERT-BasegmascaT BM25 Score Injection | .422 .367 |.364

it had the highest effectiveness of the four estimators. Still, the effectiveness is
much lower than BERTgMmo5caT and also lower than a simple Weighted-Sum.
Weighted-Sum (tuned) in Table 3 is tuned on the validation set, for which o« = 0.1
was found to be optimal. We analyze the effect of different o values in a weighted
linear interpolation (Weighted-Sum) to draw a more complete picture on the
impact of combining scores on the DEV set. Figure3 shows that by increas-
ing the weight of BM25, the effectiveness decreases. The figure also shows that
the tuned alpha which was found on the validation set in Table3 is not the
most optimal possible alpha value for the DEV set. The highest effectiveness for
a = 0.0 in Fig. 3 confirms we should not combine the scores by current interpo-
lation methods and only using scores of Bert-Basecar is better, at least for the
MSMARCO passage collection.

Ezxact Matching Relevance Results (RQ3). To conduct exact matching
analysis, we replace the passage words that do not appear in the query with
the [M ASK] token, leaving the model only with a skeleton of the original pas-
sage and force it to rely on the exact word matches between query and passage
[43]. We do not train models on this input but use our models that were fine-
tuned on the original data. Table4 shows that BERT-Basegyoscar performs
better than both BM25 and BERT-Basecat in the exact matching setting on
all metrics. Moreover, we found that the percentage of relevant passages ranked
in top-10 that are common between BM25 and BERTgMmascaT is 40%, which is
higher than the percentage of relevant passages between BM25 and BERT car
(37%). Therefore, the higher effectiveness of BERTpmoscaT in exact matching
setting could be at least partly because it mimics BM25 more than BERT car.
In comparison, this percentage is 57 between BERT gyoscaT and BERT car.
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Fig. 3. Effectiveness on MSMARCO DEV with varying the interpolation weight of
BM25 and BERT-Basecar scores. a = 0 means only BERTcaT scores are used.

Table 4. Comparing exact matching effectiveness of BERT-Basegmascatr and BERT-
Basecar by keeping only the query words in each passage for re-ranking. The increase
and decrease of effectiveness compared to BM25 is indicated with T and |.

Model Input MSMARCO DEV

nDCG@Q@10 | MAP MRR@10
BM25 Full text 234 195 187
BERT-Basecar Only query words | .218 (|1.6) | .186 (]0.9) |.180 (10.7)
BERT-Basesmascat | Only query words | .243 (7.9) |.209 (71.4) | .202 (11.5)

5.2 Analysis of the Results

Query Types. In order to analyze the effectiveness of BERT-basecar and
BERT-basepmascar across different types of questions, we classify questions
based on the lexical answer type. We use the rule-based answer type classifier®
inspired by [31] to extract answer types. We classify MSMARCO queries into 6
answer types: abbreviation, location, description, human, numerical and entity.
4105 queries have a valid answer type and at least one relevant passage in the
top-1000. We perform our analysis in two different settings: normal (full-text)
and exact-matching (keeping only query words and replacing non-query words
with [M ASK]). The average M RRQ10 per query type is shown in Table5. The
table shows that BERTgMm25caT is more effective than BERT car consistently
on all types of queries.

5 https://github.com /superscriptjs/qtypes.


https://github.com/superscriptjs/qtypes

Injecting the BM25 Score as Text Improves BERT-Based Re-rankers 7

Table 5. MRRQ10 on MSMARCO-DEV per query type for comparing BERT-
Basesmascar and BERT-Basecar on different query types in full-text and exact-
matching (only keeping query words) settings.

Model Input ABBR |LOC|DESC|HUM | NUM  ENTY
# queries 9 493 1887 |455 933 |328
BERT-BaseCAT Full text 574 A77 |.397 | .435 | .361 | .399
BERT-BaseBM25CAT | Full text .592 .503 | .428 |.457 |.405 |.411
BM25 Only query words | .184 256 |.215 238 1.200 |.221
BERT-BaseCAT Only query words | .404 204 |.224 | .240 |.177 |.200
BERT-BaseBM25CAT | Only query words | .438 278 | .245 | .258 |.215 |.216

Query [SEP] BM25 [SEP] Passage Label Model: Rank

[CLS] |what 'is  the [shingles K jab ? [SEP] . [SEP] the | shingles vaccine R BM25:3
BERTgMm25cAT: 1

. the vaccine , called zostavax , is given as a single injection under BERTcar: 104
the skin ( subcutaneously ) . it can be given at any time in the
year . unlike with the flu |[jab

[CLS]  what . the shingles - ? [SEP] . [SEP] shingle is a N BM25:146
BERTpMm25cAT: 69
corruption of german schindle ( schindel ) meaning a roofing slate . BERTcar: 1

shingles historically ~were called tiles and shingle was a term applied

to wood shingles , as is still mostly the case outside the us [SEP]

Fig. 4. Example query and two passages in the input of BERTgma25caT. The color of
each word indicates the word-level attribution value according to Integrated Gradient
(IG) [51], where red is positive, blue is negative, and white is neutral. We use the
brightness of different colors to indicate the values of these gradients. (Color figure
online)

Qualitative Analysis. We show a qualitative analysis of one particular case in
Fig. 4 to analyze more in-depth what the effect of BM25 injection is and why it
works. In the top row, while BERTcaT mistakenly ranked the relevant passage
at position 104, BM25 ranked that passage at position 3 and BERTgMoscaT —
apparently helped by BM25 — ranked that relevant passage at position 1. In the
bottom row, BERTcaT mistakenly ranked the irrelevant passage at position 1
and informed by the low BM25 score, BERTgMm25caT ranked it much lower, at
69. In order to interpret the importance of the injected BM25 score in the input
of CEpmascar and show its contributions to the matching score in comparison
to other words in the query and passage, we use Integrated Gradient (IG) [51]
which has been proven to be a stable and reliable interpretation method in many
different applications including Information Retrieval [16,61,62].” On both rows
of Fig. 4, we see that the BM25 score (22’ in the top row and ‘11’ in the bottom
row) is a highly attributed term in comparison to other terms. This shows that

" We refer readers to [51] for a detailed explanation.
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injecting the BM25 score assists BERTgMo5caT to identify relevant or non-
relevant passages better than BERTca.

As a more general analysis, we randomly sampled 100 queries from
MSMARCO-DEV. For each query, we took the top-1000 passages retrieved by
BM25, we fed all pairs of query and their corresponding retrieved passages (100k
pairs) into BERTgMma5caT, and computed the attribution scores over the input
at the word-level. We ranked tokens based on their importance using the abso-
lute value of their attribution score and found the mode of the rank of the BM25
token over all samples is 3. This shows that BERTgyma5caT highly attributes the
BM25 token for ranking.

6 Conclusion and Future Work

In this paper we have proposed an efficient and effective way of combining BM25
and cross-encoder re-rankers: injecting the BM25 score as text in the input of the
cross-encoder. We find that the resulting model, CEgpmascaT, achieves a statis-
tically significant improvement for all evaluated cross-encoders. Additionally, we
find that our injection approach is much more effective than linearly interpolat-
ing the initial ranker and re-ranker scores. In addition, we show that CEgymascaT
performs significantly better in an exact matching setting than both BM25 and
CEcar individually. This suggests that injecting the BM25 score into the input
could modify the current paradigm for training cross-encoder re-rankers.

While it is crystal clear that our focus is not on chasing the state-of-the-art,
we believe that as future work, our method could be applied into any cross-
encoder in the current multi-stage ranking pipelines which are state-of-the-art for
the MSMARCO Passage benchmark [24]. Moreover, previous studies show that
combining BM25 and BERT re-rankers on Robust04 [5] leads to improvement
[3]. Tt is interesting to study the effect of injecting BM25 for this task because
documents often have to be truncated to fit the maximum model input length
[14]; injecting the BM25 score might give information to the cross-encoder re-
ranker about the lexical relevance of the whole text of the document. Another
interesting direction is to study how Dense Retrievers can benefit from injecting
lexical ranker scores. Moreover, injecting scores of several lexical rankers and
adding more traditional Learning-to-Rank features could be also interesting.

Acknowledgments. This work was supported by the EU Horizon 2020 ITN/ETN on
Domain Specific Systems for Information Extraction and Retrieval (H2020-EU.1.3.1.,
ID: 860721).
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