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In the field of Natural Language Processing (NLP), sentence pair
classification is important in various real-world applications. Bi-
encoders are commonly used to address these problems due to their
low-latency requirements, and their ability to act as effective re-
trievers. However, bi-encoders often under-perform compared to
cross-encoders by a significant margin. To address this gap, many
Knowledge Distillation (KD) techniques have been proposed. Most
existing KD methods focus solely on utilizing the prediction scores
of cross-encoder models and overlook the fact that cross-encoders
and bi-encoders have fundamentally different input structures. In
this work, we introduce a novel knowledge distillation approach
called DISKCO, which DISentangles the Knowledge learned in
Cross-encoder models especially from multi-head cross-attention
models and transfers it to bi-encoder models. DISKCO leverages
the information encoded in the cross-attention weights of the trained
cross-encoder model, and provide it as contextual cues for the student
bi-encoder model during training and inference. DISKCO combines
the benefits of independent encoding for low-latency applications
with the knowledge acquired from cross-encoders, resulting in im-
proved performance. Empirically, we demonstrate the effectiveness
of DISKCO on proprietary and on various publicly available datasets.
Our experiments show that DISKCO outperforms traditional knowl-
edge distillation methods by upto 2%.
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1 INTRODUCTION

In recent years, Natural Language Processing (NLP) has witnessed
significant advancements, revolutionizing various domains such as
information retrieval, question answering, sentiment analysis, and
more. Among the multitude of NLP tasks, sentence pair classifica-
tion plays a crucial role in numerous real-world applications, includ-
ing query-product relevance classification in e-commerce [2, 25],
text-based or (Query, Document) information retrieval [22], and
identifying duplicate questions in online platforms like Quora/Stack
overflow. Traditionally, there have been two main approaches to
sentence pair or query-document classification: cross-encoder (CE)
models and bi-encoder (BE) models. Cross-encoder models consider
both sentences jointly and learn a joint representation for the pair. In
contrast, bi-encoder models independently embed each sentence and
compute a similarity score between the embeddings of the two sen-
tences using a simple distance metric. While cross-encoder models
have demonstrated remarkable performance on various benchmarks,
they suffer from high inference costs, making them impractical for
real-time, large-scale applications. They are also unsuitable for near-
est neighbor styled retrieval task [22]. On the other hand, bi-encoder
models offer lower latency but often underperform compared to
cross-encoder models, primarily due to the lack of joint context
between the sentences. The performance gap between bi-encoders
and cross-encoders has motivated researchers to explore knowledge
distillation (KD) methods [12], aiming to transfer the knowledge
learned by cross-encoders to bi-encoders. However, existing KD
methods predominantly focus on utilizing prediction scores from
the cross-encoder model, neglecting the fact that cross-encoders and
bi-encoders have different input structures. Further, authors in [3]
show that KD using imitation loss (imitating the prediction of CE
model in BE model) may not yield optimal knowledge transfer due
to the structural and learning paradigm differences between CE and
BE models. More recently, ERNIE-Search [20] proposed a cascaded
distillation of cross-encoder — late-interaction (e.g., COIBERT) —
bi-encoder models, and revisits the relationships between them for
gradually transferring the knowledge to bi-encoders.
The contributions of this work are as follows:


https://doi.org/10.1145/3589335.3648333
https://doi.org/10.1145/3589335.3648333
https://doi.org/10.1145/3589335.3648333

WWW "24 Companion, May 13—-17, 2024, Singapore, Singapore

(1) We propose a novel knowledge distillation approach called
DISKCO. Our approach transfers knowledge from cross-
Encoder models to bi-encoder models, leveraging the strengths
of both architectures. We first train the cross-encoder model,
and then build the hash map of tokens to important tokens us-
ing cross-connections leveraging the attention weights. This
fixed hash map is finally provided as additional context in bi-
encoders during their training and inference. By disentangling
and transferring this cross-attention weights, we enhance the
performance of Bi-Encoder models while maintaining their
advantages of independent encoding for low-latency applica-
tions.

(2) To the best of our knowledge, this work is the first of its kind
to provide a human-interpretable explanation of the knowl-
edge transfer mechanism from cross-encoder to bi-encoder
models as the hash map built is completely decipherable.

(3) We demonstrate the effectiveness of our approach on propri-
etary and publicly available MSMARCO and GLUE datasets,
showcasing improved performance compared to traditional
knowledge distillation methods.

The rest of the paper is organized as follows. In Section 2, we
provide background and related work on sentence pair classification
and knowledge distillation. Section 3 presents the details of our
DISKCO approach, including the disentanglement of knowledge
and the transfer process. Experimental setup, results, and ablation
studies are presented in Section 4. Finally, we conclude the paper in
Section 5, summarizing our contributions and discussing potential
future directions.

2 RELATED WORK

2.1 Cross Encoders, Bi-Encoders and Late
Interaction

Cross encoders [26] are a type of transformer-based models that aim
to capture the relationship between input pairs. These models take
two inputs, typically a pair of sentences or sequences, and encode
them together into a shared representation. By jointly considering
both inputs, cross encoders can effectively model interactions and
dependencies between the input elements, leading to improved per-
formance on various downstream tasks.

Bi-encoders [16], on the other hand, use separate (possibly shared,
as in case of Siamese networks) encoders for each input sentence.
Each sentence is encoded independently, producing two separate
representations. These representations are then compared using a
similarity function (e.g., dot product, cosine similarity) to determine
the relationship between the sentences.

Both cross encoders and Bi-encoders have their advantages and
are suitable for different scenarios. Cross encoders excel at capturing
the interaction between sentences, while Bi-encoders are computa-
tionally efficient. The choice between the two architectures depends
on the specific requirements. For real-time predictions, cross en-
coders are often infeasible, but Bi-encoders excel due to the ability
to utilize pre-computed indexes due to the decoupled inputs to the
network.

Another method used to bridge the gap between CE and BE is late
interaction, user by ColBERT [15]. ColBERT is a contextualized late
interaction model built on the BERT architecture for passage ranking
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in large-scale information retrieval systems. It has an architecture
similar to Bi-Encoder, but instead of using a simple distance metric
like cosine similarity, it utilizes late interaction layers to combine
the embeddings returned by each Bi-encoder arm, and compute the
final similarity scores.

2.2 Knowledge Distillation

Knowledge Distillation (KD)[12] is a widely researched topic that
enables the transfer of knowledge from a complex, pre-trained model
to a smaller, more computationally efficient model. The teacher-
student framework is commonly used in knowledge distillation. In
this approach, the larger model (teacher) provides soft targets, i.e.,
the probabilities of correct labels, to guide the training of the smaller
model (student). Subsequently, the student model tries to imitate
the output distribution of the teacher model. This framework has
been successfully applied to various NLP tasks. With the rise of
BERT [8] and the corresponding growth in textual data, there has
been growing interest in applying KD to BERT models in the field
of NLP. The distillation of large cross encoder models for sentence
pairs presents two options: i. distilling it to a smaller cross-encoder,
and ii. distilling it to a Bi-encoder.

2.2.1 Cross Encoder Knowledge Distillation. Distill BERT
[30] is a seminal work along with (Tinybert[14], Fast BERT[18],
Task specific BERT [33], Patient Knowledge Distillation BERT [32].
These propose using KD to transfer knowledge from a large BERT
model to a smaller model. They showed that the distillation process
enables the smaller model to capture contextual relationships effec-
tively. While these approaches make BERT models faster by up to
60%, they cannot be used in real-time because e-commerce applica-
tions such as semantic matching [13, 23] have limited computational
resources (especially GPUs) and strict latency requirements.

2.2.2 Bi-encoder Knowledge Distillation. TwinBERT [19] and
PROD [17] proposes the distillation of cross encoders to twin tower
BERT structure, thus, permitting pre-compute of document embed-
dings and cache in memory saving additional computational time.
TwinBERT computes the embeddings of each input separately, and
then applies a crossing layer to produce the final score. The crossing
layers were either a residual network, or a simple cosine similar-
ity score. PROD proposes a framework for progressive teacher and
data distillation where the model and data complexity is gradually
decreased. Another approach, utilized by ERNIE-search [20], is to
distill CE to BE is to do a progressive distillation from CE to a
late-interaction model, and from late-interaction model to a BE.
Our approach is distinct and complementary to existing meth-
ods. While other approaches focus on imitating scores from Cross-
Encoder (CE) models or performing interaction distillation in meth-
ods like Colbert or ERNIE Search, we take a different route. Instead
of imitating scores, we extract cross-interaction information from
the teacher model in the form of its attention weights. These at-
tention weights are then transferred to the Bi-Encoder (BE) model
in a human-interpretable format. By leveraging attention weights,
we provide meaningful contextual information to the BE model,
enhancing its understanding of token interactions and improving its
performance in a more transparent and interpretable manner.
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2.2.3 Query Expansion. Query expansion (QE) is a technique
that enhances the precision and recall of search results by augment-
ing an initial user query with additional terms or concepts derived
from the original query or external sources [5]. It has been widely
explored in various information retrieval and natural language pro-
cessing applications, such as document retrieval, web search, and in-
formation retrieval systems [1]. The fundamental idea behind query
expansion is to bridge the semantic gap between a user’s query
and the underlying documents in a collection by augmenting the
query with terms that enhances the effectiveness of the retriever.
The method for expanding a query ranges from manual QE [9]
to various levels of automated QE (AQE). The methods for AQE
vary widely, from information retrieval based methods [4], proba-
bilistic approaches [7], using word embeddings [29] and language
model based methods [35]. While at first glance, DISKCO appears
to be another approach for AQE, it is more focused on distilling the
knowledge that a cross-encoder model learns due to cross-attentions
between the document and query terms rather than some form of
correlation, such as polysemy and synonymy, that the other methods
rely on. Our approach is also different from other AQE using self-
attention [11] in that we do not train any model to perform query
expansion. We simply rely on cross-encoder models to provide the
necessary information about the cross-interaction between the query
and document tokens.

3 OUR APPROACH

In this section, we present the proposed knowledge distillation ap-
proach. Figure 1 and 2 shows the overall architectural diagram for
the proposed method. DISKCO capitalizes on the wealth of informa-
tion stored in the attention modules of the CE model, allowing us to
extract valuable contextual insights from the multi-head-attention
mechanism. By leveraging this rich information, we enhance the
performance of BE models, infusing them with important contex-
tual information from the CE model. DISKCO has three stages - (i)
training of cross-encoder models, (ii) building hash map of tokens to
important tokens from learned cross-attention weights, (iii) learning
bi-encoder models by providing hash map as additional contextual
cue in the input. We discuss each of these steps in detail below.
Let us define the labeled dataset as

D = (41, P1, Y1), (42, P2, Y2)s -+ (A Pps Yn)

where q;, p; and y; represent the query, document, and label, re-
spectively. The queries q; = (q},q?, ...q:q) and documents p; =

t .
(p}, p?, .A.pip ) are composed of t4 and t;, tokens, respectively.

3.1 Teacher Model: Cross Encoder

In our approach, we utilize a cross-encoder (CE) model to build
the teacher model (refer to Figure 1). The CE model employs a
transformer [34] encoder with cross-attention, enabling it to capture
rich interactions between query and document tokens. Transformer
encoder comprises of stacked identical blocks and the key compo-
nent being multi-head attention. It plays a crucial role in generating
powerful contextual embeddings, leading to it’s success in vari-
ous NLP tasks. To facilitate this, we concatenate the query q; and
document p; using a special token, resulting in an input sequence
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J=((CLS] qlq?..q;7 (SEP] pl,p? .p" [SEP]). In the multi-
head attention block, the input embeddings are transformed by pass-
ing them through a linear layer to generate query, key, and value
matrices. These matrices capture different aspects of the input and al-
low the model to attend to relevant information during the encoding
process. The attention score is computed by taking the dot product
between the query and key vectors, followed by a softmax activation
to obtain attention weights. Finally, the contextual representation
for each token is derived by multiplying the attention weights with
the corresponding value matrix. The use of multi-head allows the
transformer to capture diverse and nuanced relationships between
tokens. Each attention head focuses on different patterns or aspects
within the input, enabling the model to attend to multiple sources of
information simultaneously.

We use the embedding of the special token CLS from the last
layer of the transformer as a pooled input representation for the
classification task. This pooled representation is then passed through
a classification layer, to obtain a cross-encoder prediction score.

3.2 Hash map building using cross-attention scores

After training cross encoder, we utilize the cross-attention scores at
each layer of the model to build DISKCO hash H. A DISKCO hash
is a dictionary containing mapping from query tokens to product
tokens that it cross-attends to across all the training examples with an
aggregated attention score. This map HH is augmented as additional
information to bi-encoder model for effective knowledge transfer.
Let af j denotes the attention score of i*? token for jt h token in the

input sequence at I h layer (averaged over all the attention heads of
layer) of the cross-encoder model. Let Q denotes the set of distinct
tokens on query side and gy,, gz, - - - o, be the corresponding to-
kens, and P denotes the set of distinct tokens on product side (we
use the term product and document interchangeably in the paper).
Then, the DISKCO hash is created as follows.

Get the cross-attention scores from attention map aﬁj (see Fig-

ure 1) across all the training samples. We leverage all aé j’s such that

ith token is from the query side and j* h token is from the product
side,i.e.,i € Qand j € P,

Initialize H(qy,, pi) = 0,Vqy, € Q Vp; € P
H(qe,pi)+ = ). a1, ¥(q,p) € D,Vqy, € q,Vpi € p
1
(D

This hash map is shown in Figure 1 where query token g, is attend-
ing to tokens pil, piz, ) ll.til from the product side across all training
samples, and their aggregated attention weights are represented as
W(qti,p{) = wf For instance, for the token "shoe", the hash map
list strongly affiliated tokens such as "backpack", "sneakers", "flip-

flops", "running", "accessories". We describe the complete algorithm
for populating hash map in Algorithm 1.

3.3 Student Model: Bi-encoder

Bi-encoder models employ separate query and document arms us-
ing the transformer encoder (as shown in Figure 2). CE model has
high inference cost, making it impractical for real-time deployment
in latency-sensitive scenarios. Bi-encoder’s design, coupled with
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DISKCO Hash

1 2 3 [t1]
T [ Bt O ()
N qt 1 2 3 . 1
‘ Transformer Layer n Layer n attention map L pi) | Pi] [Py Py
T wé wg w‘g w(‘_)tz‘
. qt; ——>
T attgntion query @,
weights cross- ) >
Transformer Layer 2 > attention
averhged over hash
T multjple heads map
Layer 2 attention map
‘ Transformer Layer 1
o
Mot o Qg ——>
(N R N B L i )
cLs SEP — ~
q a i p? P tokens tokens from product
from query vocabulary
g; - query i - product vocabulary

Layer 1 attention map

Figure 1: Architecture of DISKCO (part 1). Given the input query q; and product p; pairs, we train the cross-encoder model. For each
training sample, we take the cross-attention weights (at every layer) from query side to product side, and build a DISKCO hash map
H. This hash map contains mapping from query tokens to product tokens they are cross-attending to across all training samples.

Bi-Encoder
[ | Cosine Similarity
! w} w}  wd
> 1 3 1 2 3 |___. T
Transformer Layer n % P | P1) | PY / 1 \
T wy  wi o w) [ Transformer Layer n J
: ;. —>{p3 | (93] [P} |-
' ' . sample |tr] token for T
A lookup in each query token ; ; :
DISKCO using w?
hash map 4
Transformer Layer 2
{ v ai > rh h 7’?1 """ TLtfl T
T Transformer Layer 2
2] 5,1 2 3] ---- [l
[ Transformer Layer 1 J 9 rg) (M2 ) (Ti2 Ti2 A
K / concatenate tokens
T T T T 7y for all query tokens K Transformer Layer 1 /
SES AL rh) i) (e TLY‘ ) L) [rh - "‘Ltzr‘
¢ @ I N I
T CLS
! 2 pd
contextual tokens for the query from DISKCO hash map * P t
gi -query Pi - product

Figure 2: Architecture of DISKCO (part 2). We perform the lookup of query tokens in DISKCO hash map 7 and get all the contextual
tokens. These contextual tokens are concatenated with the query tokens with a special token <SPL> in the input and the bi-encoder

model is trained with this modified input.

dot/inner product operations for final classification score calcula- them suitable for real-time applications (refer to Table 1). However,
tions, enables the BE model to perform in a computationally efficient bi-encoder performance falls short compared to the CE model due
manner. Moreover, the pre-computed and cached document repre- to the limitations of independent encoding. In this paper, we address

sentations in BE models significantly reduce inference time, making this limitation by providing additional contextual information in the
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Algorithm 1: Extracting Contextual Tokens from CE

Input: Dataset D = {(q;, p;, yi)}, Trained Cross-Encoder
model CE
Output: Contextual tokens look up table H
1 Initialize an empty Contextual tokens look up table, and
DISKCO hash map to 0
2 H(qy, pi) =0,Yq;, € QVp; € P
3 foreach (q;,p;,yi) € D do
4 foreach [ € layers do
/* Get the attention weights at
layer | averaged over multiple
heads by performing a forward
pass through CE */
5 Aé = get_attentions(CE, q;, p;, )
/* take cross attention weights
such that i is from the query
side and j is from the document

side x/
6 foreach q;; € tokens(q;) do
7 foreach p; € tokens(p;) do

W(qti’pj)"' = aﬁj

L/* Update the lookup table «/

form of DISKCO hash map . DISKCO unlocks a deeper under-
standing of how knowledge from the CE model can be effectively
transferred to the BE model, providing meaningful context to the
knowledge distillation process.

To substantiate our hypothesis, let’s consider the relevance classi-
fication task in an e-commerce setting. Given a customer query like
"puma shoes for men," the critical tokens could be "sneakers women
backpack." The reasoning is that the model should comprehend that
shoes and sneakers are related, shoes and backpacks are distinct
product types, and men’s and women’s shoes differ. We hypothesize
that such interactions are captured by the CE model’s multi-head at-
tention modules, which could be highly beneficial for the BE model.
Besides providing a mechanism to transfer knowledge from the
CE to the BE model, this method also offers a human-interpretable
explanation of the knowledge transfer process.

We utilize a transformer model for the student model, which is
independent of the configuration of the teacher model. Following the
approach in [21], we have shared encoder for query and document
to facilitate knowledge transfer between them. For every token q{
in the query q;, we perform lookup in hash map H and sample

the tr associated tokens rlljrfjr based on their aggregated attention

score w{ in the hash map. These pertinent tokens serve as contextual
information for the query, assisting the student model in pinpointing
significant interactions in the CE model and guiding its encoding
process.
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To integrate this contextual information in BE, we formulate the
contextualized query as

_ 1 2 lq 1.2 [tr]|
gBe = ([CLS] q;, g, q;" [SPLIF; rijentyy s

1.2 |tr| 1.2 |tr|

Figs TigeeenTiy s v Titgs Titg o Tig, )

and for product, we refrain from adding any contextual informa-
tion (this is discussed in our ablation studies 4.4) pgg = ([CLS]
p}, pf...p? ). The [CLS] token symbolizes the special classification
token, while [SPL] marks the separation between the query and
the relevant tokens. This construction guarantees that the student
model acquires the necessary contextual prompts during the encod-
ing process. Ultimately, we obtain the BE score using a dot product
between query embedding and document embedding.

9embedding = BE[CLS] (qBE) 2

Pembedding = BE[CLS] (pBE) (3)
BEscore = cosme—score(qembeddingapembedding) )]

Algorithm 2 describes the process for knowledge transfer from the
trained teacher model, the Cross-Encoder, to the student model,
the Bi-Encoder. DISKCO strategically infuses relevant contextual
details during the encoding process, which provides the student
model with a profound understanding of frequent token interactions
across document, even without direct exposure to the document. In
the next section, we show this augmentation significantly improves
the model’s performance across various datasets.

4 EXPERIMENTS

In this section, we present the experimental setup and methodology
employed to investigate the effectiveness of DISKCO in enhancing
the performance of a bi-encoder transformer model, and bridge the
performance gap with respect to a cross encoder model. We describe
the datasets used for training and evaluation, the baseline models
which our model is compared against, as well as the architecture and
hyperparameters of both the teacher and student models. Further-
more, we outline the training procedure and metrics utilized to assess
the performance gains achieved through knowledge distillation.

We present the results of our method on MS-MARCO dataset.
The dataset consists of real-world search engine queries and their
corresponding documents, which are used as the context for answer-
ing the queries. The queries are sampled from anonymized Bing
search logs, ensuring that they represent a wide range of topics and
user intents. There are 880 thousand queries and 8.8 million pas-
sages. Each query has up to 10 passages and corresponding labels
denoting if the passage was selected for the search query. We report
the MRR@10, a standard metric for MS-MARCO to compare it
with existing baselines.

To demonstrate the wide applicability of DISKCO, we also report
the results on GLUE benchmark datasets, a collection of diverse
natural language processing (NLP) tasks designed to assess the
performance and generalization capabilities of various NLP models.
GLUE consists of multiple datasets, each representing a different
NLP task. We report the results on QNLI, QQP and STS. We also
report DISKCO’s performance on Al Crowd ESCI data [25].

We also present the results of DISKCO on multilingual dataset
that have been sub-sampled from the Amazon e-commerce history
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Algorithm 2: Training BE using DISKCO

Input: Dataset D = {(q;, p;, yi)}, Contextual tokens look up table , Maximum number of contextual tokens tr for each query token

Output: Trained Bi-encoder Model BE 0gg
1 Initialize Bi-encoder model using pre-trained model weights
2 foreach (q;,p;,yi) € D do

scores
k
ij
/* append contextual tokens to query

t,
4 ql?o'”ext= [CLS] q},q?,...,qiq [SPL] rl.ll,rl.zl.....r
/+ Train BE using contextual inputs
5 Update 0 <_BCE(BEscore(qfontEXt,Pi)ayi)

3 ri. = sample_contextual_tokens(q;, H , tr)

ltr] 1
i1 o T

r

/* sample contextual tokens for each token in q; from H based on aggregated attention

*/
*/
[tr| 12 [tr]|
Tig e Tig s Tigg oo ity
*/

Table 1: Results of DISKCO and baselines on MSMARCO Dev
set. The model types are (CE: cross encoder, BE: bi-encoder, LI:
late interaction). Cache space is the storage required for caching
the passages (p: #passages, d: embedding dimension, s: sequence
length, t: #tokens). * The inference times are approximate aver-
age time based on the architecture (see discussion in Section 4.1)
for detailed explanation.

Model Model MRR@10 Ir.lference Cache
Type Time (ms) Space

Cross Encoder CE 44.00 2470* O(1)

RocketQA [24] 37.00

COIL [10] 35.50

PAIR [27] BE 37.90 82 O(p-d)

RocketQAv2 [28] 38.80

PROD [17] 39.30

ColBERT [15] 36.00

ColBERTV2 [31] L1 39.70 104 Op-d-s)

DISKCO BE 39.50 89 O(p-d+t)

log and human-audited for binary relevance labels, similar to the
work of [25]. At this time, the data is not publicly available and is
proprietary. We used a few hundred thousand records to train and
another few hundred records to test the models. We also perform
extensive ablation studies to show the effect of various parameters
of DISKCO on the performance.

4.1 Results and Discussion

Table 1 shows the MRR @10 values for DISKCO and other baselines.
All the models uses 12 layer pretrained transformers. DISKCO uses
12-layer XLMRoberta as the base model. We used a learning rate
of 1073, Unless specified, as in ablation study, we use a maximum
token length of 64 for the queries and 256 for the passages. For
DISKCO, we sample 50 tokens per query token. For the baselines,
we use the values reported in the respective papers. We present the
results of a 12-layer XLMRoberta based cross encoder model with
maximum token length of 320 to emphasize the gap between the
Bi-encoder and cross-encoder models.

Table 2: Area under the ROC curve of DISKCO on multilingual
dataset.

Model Type AUC
Teacher 92.10

Student-1 84.10

Cross-encoder

Bi-encoder (2 layer)

DISKCO (2 layer) 86.40
Bi-encoder (12 layer) Student-2  88.60
DISKCO (12 layer) 89.90

From the table we see that DISKCO beats the purely bi-encoder
models, such as RocketQA(v1/v2), COIL, PAIR and PROD. Ad-
ditionally, we note that DISKCO fails to meet the baselines that
use late interactions. To justify this, we consider the type of target
applications that requires bi-encoder. They are usually large scale
models that require fast inference. To perform this, we need to cache
the document embeddings, and generate the query embeddings on
the fly. Late interaction models require caching of all the tokens of
the document in order to evaluate the late interaction layer. This in-
creases the storage cost, and we found such solution to be infeasible,
thus giving DISKCO an edge.

Table 1 also shows the approximate query time. Note that the
time per query-passage pair for CE is 247ms but CE model needs
to run once for each passage for a given query (10 for MSMARCO
dateset). This is the main reason behind using bi-encoder models
for real time retrieval. DISKCO has a slightly higher inference time
than vanilla bi-encoder architecture, but is faster than late interaction
models.

Finally, the table shows the caching space complexity of the
models. CE models cannot cache anything and needs to run for
each pair. The vanilla bi-encoder models caches the d-dimensional
embeddings of the p passages in the dataset. DISKCO requires
similar caching space, plus an additional O(¢) storage for the hash
map. On the other hand, the late interaction models require storing
the individual token embeddings for each passage of length s. This
makes late-interaction models unsuitable for real time applications
with large p and s.
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4.2 Performance on GLUE tasks

We explored the applicability of DISKCO beyond ranking and rele-
vancy tasks by investigating its potential in sentence similarity tasks,
as well as relevancy classification of products. The results of our ex-
periments are presented in Table 3, where we demonstrate the impact
of DISKCO on similarity tasks across various GLUE benchmark
datasets.

Consistent with the outcomes observed in our previous experi-
ments, we observed a significant performance boost when utilizing
DISKCO for sentence similarity tasks.

The improvements in performance were evident across all tested
datasets, indicating the robustness and generalizability of DISKCO
in wide range of NLP tasks.

Table 3: Performance of DISKCO on GLUE tasks. All numbers
are accuracy, except for STS, which reports Spearman correla-
tion, as consistent with GLUE benchmark.

Model QNLI AICrowd QQP STS
BE 86.56 86.18 81.64 77.32
BE with KD 87.44 86.96 82.11 7841
DISKCO without KD  88.84 87.43 8343 80.16
DISKCO with KD 88.86 87.39 83.43 80.18

4.3 Real World Application: Irrelevant Result
Detection for Multilingual Dataset

In Table 2, we present the results of our method on the real world
dataset with data from eleven countries in six languages (includ-
ing Arabic, Polish, Spanish, French, Portuguese and Turkish). We
trained the teacher model with pre-trained x 1lm-roberta model.
We also trained two student: Student 1 is a two layer transformer
for the query(because of low latency requirement), and a twelve
layer transformer for the product (no latency requirement on the
product side, since the product embedding will be cached), Student
2 is a twelve layer transformer for the query, and a twelve layer
transformer for the product. We notice a significant improvement
with DISKCO over the Bi-encoder. This improvement is even more
pronounced for smaller Bi-encoder(2 layer student) models. This
shows that for smaller models, the context hash map compensate the
drop in model’s capability.

4.4 Ablation Studies

In this section, we study the impact of various factors such as the
query length, number of tokens, and knowledge distillation loss on
the performance of DISKCO.

4.4.1 What is the impact of varying the number of con-
textual tokens on model performance? 1In practical terms,
when tokenizing the query, we impose a maximum sequence length,
primarily to meet stringent latency requirements. If the extracted
contextual tokens surpass this prescribed maximum, we are con-
strained to retain only those originating from the initial query tokens
for model input. For instance, if the query is ’puma men shoes,’
the contextual tokens may be limited to those derived from ’puma’
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Table 4: Examples of some contexts extracted from MSMARCO
dataset.

Token Context
iphone aluminium display elite believe micro printer training
chocolate  popcorn western bar calorie artisan vacation lime
table buffet poet card friends champagne camp restaurant
relief billion golf emergency metabolism tropical mini cable
house planning traditional homes party rules argent benefit
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Figure 3: Performance of DISKCO with the number of contex-
tual tokens on multilingual dataset (DISKCO 2 layer).

and 'men’ alone, omitting contextual tokens from ’shoes’, all due
to the imposition of the maximum sequence length to fulfill latency
requirements. To overcome this constraint, we employ a random
sampling approach, selecting contextual tokens from the entire set
of query tokens. This ensures a more comprehensive representation
of contextual information

Our experiments, as illustrated in Figure 3, have demonstrated that
including a limited number of DISKCO tokens provides significant
value. This is evident from the substantial improvement observed
between 10 and 20 tokens. However, it’s important to note that
adding tokens beyond 50 leads to diminishing returns, accompanied
by a notable increase in computation cost.

4.4.2 How does the DISKCO model performance improve
across various query lengths? Figure 4 shows the effect of the
length of the query on the performance on DISKCO. We note that as
we increase the length of the query, the gap between DISKCO and
Bi-encoder reduces. For queries longer that length of 10, DISKCO
under-performs Bi-encoders. This shows that the context added by
DISKCO has greater effect when the query itself lacks the context.
As we add more context to the query, the benefit of DISKCO reduces.

4.4.3 Why augment query, and not document? Typically,
the tasks that benefit the most from distillation, such as retrieval and
ranking, deal with asymmetric inputs. That is, the number of tokens
in a query is far fewer than the number of tokens in the document
or title. Adding tokens to the document does not provide significant
additional information, because the mean pooling to generate the
embedding of the product dilutes the effect of additional tokens.
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Figure 4: Performance of DISKCO (2 Layer) and Bi-encoder (2
Layer) with number of tokens in query on multilingual dataset.

Similar trend is noticeable i.e as the query length increase we observe
diminishing returns for adding contextual tokens as seen in Figure 4.

4.4.4 How does the choice of cross-attention layer in
DISKCO affect performance? The key idea behind DISKCO is
to leverage the cross attention weights to identify the most import
tokens in context of the query. For this, we looked at the cross
attention weights of all layers. We found that the first layer cross
attention weights provide the largest lift. For MS-MARCO dataset,
using the first layer cross-attention weights, we get an MRR of
39.50. Using the sixth layer, it drops to 38.76. Using the twelfth layer
cross-attention weights, the MRR degrades to 36.65. Averaging the
attention weights across all the layers causes the MRR to drop to
37.47 compared to the first layer. Our hypothesis to explain this
behavior is knowledge diffusion. Through knowledge diffusion, the
cross encoder is able to leverage the information learned at earlier
layers to enhance its representations at higher layers. While this
helps the higher layers capture more abstract and context-aware
features, as well as grammatical constructs [6], it diffuses the token
specific attention weights, and cannot be leveraged by DISKCO.

4.4.5 Qualitative analysis of contextual tokens. Table 4
provides some randomly selected keywords and their context. We
note that these contexts add various related information to the query,
such as display for iphone, and emergency for relief. It also adds
some less informative context, and empirically from our experiment
we observe that the model learn to attend to the ones that add value
during DISKCO training and ignore the noisy tokens.

4.4.6 Effect of filtering tokens based on labels. We extract
the important tokens based on the cross-attention weights. This
include adding tokens what were highly attended on to identify both
relevant and irrelevant examples. From the distribution of scores
of positive (relevant) pairs and negative (irrelevant) pairs, shown
in Figure 5, we noticed that the model is more confused, that is,
the scores are more widely spread for negative examples compared
to positive examples. This led us to believe that adding the tokens
extracted only from negative examples will give us the biggest boost.
Note that the query is expected to have most of the terms that help
in identifying relevant products, adding these additional contextual
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Figure 5: Distribution of the scores of relevant and irrelevant
pairs on MSMARCO.

Table 5: Comparison of baseline with DISKCO when adding
tokens from all pairs and only irrelevant pairs on MSMARCO
Dev set.

Model MRR@10
BE 37.18
DISKCO with negative tokens 38.39
DISKCO with all tokens 39.50

tokens would help weed out irrelevant products. However, as Table 5
shows, we found that adding tokens extracted from both positive
and negative pairs increases the model performance more than when
adding only the tokens from negative pairs.

4.4.7 Does the addition of standard knowledge distilla-
tion loss impact the performance of DISKCO?. Table 6 il-
lustrates the impact of the standard knowledge distillation (KD) loss.
When applying the conventional KD loss, the performance of the BE
model sees a rise of 2.05%, whereas the proposed DISKCO method
enhances performance by 4.02%. Interestingly, once DISKCO to-
kens are incorporated, the impact of the conventional KD loss on
performance appears to be negligible. Our conjecture is that the
KD loss’s impact is likely diminished because the DISKCO tokens
already bring ample information from the CE model into the BE
model.

Table 6: Effect of standard Knowledge Distillation loss on Bi-
encoder (BE) and DISKCO on MSMARCO Dev set.

Model MRR@10
Cross Encoder 44.00
BE without KD loss 35.12
BE with KD 37.18
DISKCO without KD loss 39.15
DISKCO with KD 39.50
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5 CONCLUSION

This paper introduces a new method called DISKCO, which aims
to enhance bi-encoder models by leveraging cross encoder models.
DISKCO utilizes the attention weights of the cross encoder to extract
contextual tokens from documents. These contextual tokens are then
incorporated into the keywords during the training of the bi-encoder
model.

We presented results on the MSMARCO, GLUE and a multilin-
gual internal datasets. We demonstrated superior performance com-
pared to all the purely bi-encoder baselines. Over a bi-encoder with
no knowledge distillation, DISKCO achieves 4% higher AUC. Over
standard knowledge distillation, we show that DISKCO achieves a
gain of 2%. Additionally, we performed extensive ablation studies
to show the impact of the contextual token on the performance of
bi-encoder models.
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