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Abstract

Large transformer models can highly improve
Answer Sentence Selection (AS2) task, but
their high computational costs prevent their
use in many real world applications. In this
paper, we explore the following research ques-
tion: How can we make the AS2 models
more accurate without significantly increas-
ing their model complexity? To address the
question, we propose a Multiple Heads Stu-
dent architecture (MHS), an efficient neural
network designed to distill an ensemble of
large transformers into a single smaller model.
An MHS model consists of two components:
a stack of transformer layers that is used to en-
code inputs, and a set of ranking heads; unlike
traditional distillation technique each of them
is trained by distilling a different large trans-
former architecture in a way that preserves the
diversity of the ensemble members. The re-
sulting model captures the knowledge of het-
erogeneous transformer models by using just
a few extra parameters. We show the effec-
tiveness of MHS on three English datasets for
AS2; our proposed approach outperforms all
single-model distillations we consider, rivaling
the state-of-the-art large AS2 models that have
2.7x more parameters and run 2.5X slower.

1 Introduction

Answer Sentence Selection (AS2) is a core task
for designing efficient retrieval-based Web QA sys-
tems: given a question and a set of answer sen-
tence candidates (e.g., retrieved by a search en-
gine), AS2 models select the sentence that correctly
answers the question with the highest probability.
AS2 research originated from the TREC compe-
titions (Wang et al., 2007), which targeted large
amounts of unstructured text. AS2 models are very
efficient, and can enable Web-powered question
answering systems of real-world virtual assistants
such as Alexa, Google Home, Siri, and others.

As most research areas in text processing and re-
trieval, AS2 has been dominated by the use of ever
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Figure 1: MHS model for answer sentence selection.
The model consists of a shared encoder body and mul-
tiple ranking heads. MHS independently scores up to
hundreds candidate answers a; for question ¢; The one
with highest likelihood is selected as answer.

larger transformer model architectures (Vaswani
etal., 2017). These models are typically pre-trained
using language modeling tasks on large amounts of
text (Devlin et al., 2019; Liu et al., 2019; Conneau
et al., 2019), and then fine-tuned on specific down-
stream tasks (Wang et al., 2018, 2019; Hu et al.,
2020). Garg et al. (2020) achieved an impressive
accuracy by fine-tuning pre-trained Transformers
to the AS2 task on the target datasets. They estab-
lished the new state of the art performance for AS2
using a RoOBERTay szcr model.

Unfortunately, larger transformer models come
at a cost: they require large computing resources,
consume a lot of energy (critically impacting the
environment (Strubell et al., 2019)), and may have
unacceptable latency and/or memory usage. These
downsides are critical for AS2 applications, where,
for any given query, a model is required to score
hundreds or thousands of candidates to select the
top-k answers. Therefore, in this work, we investi-
gate how AS2 models can be made more accurate
without significantly increasing their complexity.

Previous work has addressed the general prob-
lem of high computational cost of transformer mod-
els by developing techniques for reducing their



overall size while maintaining most of their per-
formance (Polino et al., 2018; Liu et al., 2018; Li
et al., 2020). In particular, Knowledge Distillation
(KD) techniques have been shown to be particu-
larly effective (Sanh et al., 2019; Turc et al., 2019;
Sun et al., 2019, 2020; Yang et al., 2020; Jiao et al.,
2020). KD techniques use a larger model, known
as a teacher, to obtain a smaller and thus more ef-
ficient model, known as a student (Hinton et al.,
2015). The student is trained to mimic the output
of the teacher. However, we empirically show that,
at least for AS2, BASE models trained through dis-
tillation are still significantly behind the state of the
art, i.e., models based on LARGE transformers.

In this paper, we introduce a new transformer
model for AS2 that matches the state of the art
while being dramatically more efficient. Our main
idea is based on the following considerations: first,
in recent years, several transformer model families
have been introduced, each pretrained using differ-
ent datasets and modeling techniques (Rogers et al.,
2021). Second, ensembling several diverse models
has shown to be an effective way to improve per-
formance in many question answering and ranking
tasks (Xu et al., 2020; Zhang et al., 2020; Liu et al.,
2020; Lin and Durrett, 2020). Our contribution
lies in a new approach to approximate a computa-
tionally expensive ranking ensemble into a single
efficient architecture for AS2 tasks.

More specifically, our investigation proceeds as
follows. First, we optimize ranking architectures
for AS2 by training k student models to replicate k
unique teacher architectures. When ensembled, we
show that they achieve better performance than any
standalone models at the cost of increased compu-
tational burden. Then, to preserve the accuracy of
this ensemble while achieving lower complexity,
we propose a new Multiple Heads Student archi-
tecture, which we refer to as MHS. As shown in
Fig. 1, MHS is composed of a shared encoder body
and multiple ranking heads. The encoder body is
designed to derive a shared representation of in-
put sequences, which gets fed to ranking heads.
We show that if each ranking head is trained to
mimic a unique teacher distribution, it is possible
to achieve the desirable diversity through ensemble
model while being significantly more efficient.

We train an MHS model using three different
teachers: RoBERTa (Liu et al., 2019), ELEC-
TRA (Clark et al., 2019), and ALBERT (Lan et al.,
2019). We conduct experiments on three AS2

datasets: ASNQ (Garg et al., 2020), WikiQA (Yang
et al., 2015), and an internal corpus (IAS2). Our
results show that MHS consistently improves over
all models trained with single teachers, rivaling
performance of much larger models including
multiple variants of ensemble models; further,
MHS matches current state-of-the-art AS2 models
(TANDA by Garg et al. (2020)), while saving 64%
and 60% in model size and latency, respectively.
In summary, our contribution is four-fold:
(i) We propose MHS, an efficient architecture
specifically designed to distill an ensemble
of heterogeneous transformer models into a
single transformer model for AS2 tasks while
preserving ensemble diversity.

(il)) We conduct large-scale experiments with mul-
tiple transformer model families and show that
MHS achieves better performance of equally
sized distilled model, rivaling much larger en-
semble and state-of-the-art AS2 models.

(iii)) We discuss various training methods for MHS
and show three key factors to improve AS2
performance: (a) multiple ranking heads in
MHS, (b) multiple teachers, and (c) hetero-
geneity in teacher models.

(iv) We present a comprehensive analysis of the
MHS, both in terms of ranking behavior and
efficiency, highlighting the effect of several
design decisions on its performance.

2 Related Work
2.1 Answer Sentence Selection (AS2)

Several approaches for AS2 have been proposed
in recent years. Severyn and Moschitti (2015)
used CNNs to learn and score question and an-
swer representations, while others proposed align-
ment networks (Shen et al., 2017; Tran et al., 2018;
Tay et al., 2018). Compare-and-aggregate architec-
tures have also been extensively studied (Wang and
Jiang, 2016; Bian et al., 2017; Yoon et al., 2019).
Tayyar Madabushi et al. (2018) exploited fine-
grained question classification to further improve
answer selection. Garg et al. (2020) have achieved
impressive performance by fine-tuning transformer
models using a novel transfer-and-adapt technique.

2.2 Single Model Distillation

Knowledge distillation for transformer models has
recently received significant attention from the
NLP community. Sanh et al. (2019) presented Dis-
tilBERT, a BERT-like model with 6 layers. This



student was initialized using some of the parame-
ters from a BERTg s teacher, and subsequently
distilled from it. Xu et al. (2020) proposed self-
ensemble/distillation methods for BERT models
in text classification and NLI tasks; their teachers
are obtained by ensembling student models or by
averaging of model parameters from previous time
steps. Turc et al. (2019) and Sun et al. (2019)
also explored knowledge distillation for BERT
model compression, using smaller BERT models
with fewer transformer blocks as student models.
Previous studies on transformer distillation have
also leveraged its intermediate representation (Sun
et al., 2019, 2020; Jiao et al., 2020; Mukherjee
and Awadallah, 2020; Liang et al., 2020). These
approaches typically lead to more accurate perfor-
mance, but severely limit which pairing of teacher
and students can be used (e.g., same transformer
family/tokenization, identical hidden dimensions).

2.3 Ensemble Distillation

Yang et al. (2020) discussed two-stage multi-
teacher knowledge distillation for QA tasks. Sim-
ilarly, Jiao et al. (2020) used BERT models as
teachers for their proposed model, TinyBERT, in
a two-stage learning strategy. Unlike their two-
stage approach, our study focuses on distilling the
knowledge of multiple teachers while preserving
the individual teacher distributions. Furthermore,
we explore several pretrained transformer models
for knowledge distillation instead of focusing on
a specific architecture. More recently, Allen-Zhu
and Li (2020) formally proved that an ensemble of
models of the same family can be distilled into a
single model while retaining the same performance
of the ensemble; however, their experiments are
exclusively focus on ResNet models for image clas-
sification tasks. Kwon et al. (2020) tried to dynam-
ically select, for each training sample, one among
a set of teachers. These studies focus distillation
on models that strictly share the same architecture
and training strategy, which we show not achieving
the same accuracy as our MHS model.

2.4 Multi-head Transformers

To the best of our knowledge, no previous work dis-
cusses multi-head transformer models for ranking
problems; however, some related works exist for
classification tasks. TwinBERT (Lu et al., 2020)
may be the most similar approach to MHS; it con-
sists of two multi-layer transformer encoders and
a crossing layer to combine their outputs. While

TwinBERT has two bodies which share one clas-
sification head, our model aims at the opposite:
MHS consists of one shared body and multiple
ranking heads for efficient inference and multi-
teacher knowledge distillation. Another similar ap-
proach is proposed by Tran et al. (2020). However,
this work exclusively focuses on non-transformer
models (ResNet-20 V1 from He et al. (2016)) for
image classification tasks, and is evaluated only on
small datasets such as MNIST and CIFAR. Besides
the different domain, this approach also focuses on
distilling from architecturally similar models (dis-
tilling 50 ResNet-20 teacher models into a ResNet-
20 student with 50 heads), rather than aiming at
cross-model family training to increase diversity.

3 Methodology

We build up to introducing MHS by first formaliz-
ing the AS2 task (Section 3.1), and then summariz-
ing typical transformer distillation and ensembling
techniques (Section 3.2). Finally, details of the
MHS approach are explained in Section 3.3.

3.1 Training Transformer Models for Answer
Sentence Selection (AS2)

The AS2 task consists of selecting the correct an-
swer from a set of candidate sentences for a given
question. Like many other ranking problems, it
can be formulated as a max element selection task:
given a query ¢ € ( and a set of candidates
A = {a1,--- ,ay}, select a; that is an optimal
element for q. We can model the task as a se-
lector function 7 : @ x P(A) — A, defined as
7(q, A) = aj, where P(A) is the powerset of A,
Jj = argmax, (p(ai|q)), and p(a;|q) is the proba-
bility of a; to be the required element for g. In this
work, we evaluate MHS, as well as all our base-
lines, as an estimator for p(a;|q) for the AS2 task.
In the remainder of this work, we formally refer to
an estimator by using a uppercase calligraphy letter
and a set of model parameters O, e.g., Mg.

We fine-tune three models to be used as a
teacher 7o: ROBERTap srge, ELECTRA[ arGE,
and ALBERTxx1 arge. The first two share the
same architecture, consisting of 24 layers and a hid-
den dimension of 1,024, while ALBERT xx1.arGE
is wider (4,096 hidden units) but shallower (12 lay-
ers). All three models are optimized using cross
entropy loss in a point-wise setting, i.e., they are
trained to maximize the log likelihood of the binary
relevance label for each answer separately.



While approaches that optimize the ranking
over multiple samples (such as pair-wise or list-
wise methods) could also be used (Bian et al.,
2017), they would not change the overall findings
of our study; further, point-wise methods have
been shown to achieve competitive performance
for transformer models (MacAvaney et al., 2019).

When training models for the IAS2 and WikiQA
datasets, we follow the TANDA technique intro-
duced by Garg et al. (2020): models are first fine-
tuned on ASNQ to transfer to the QA domain, and
then adapted to the target task.

Besides the three teacher models, we
also train their equivalent BASE version,
namely RoBERTag,sz, ELECTRAg,sg, and
ALBERTg,s:. These baselines serve as a useful
comparison for measuring the effectiveness of
distillation techniques.

3.2 Distilled Models and Ensembles

Knowledge distillation (KD), as defined by Hinton
et al. (2015), is a training technique which a larger,
more powerful teacher model Tg is used to train
a smaller, more efficient model, often dubbed as
student model Sg. Sg is typically trained to mini-
mize the difference between its output distribution
and the teacher’s. If labeled data is available, it is
often used in conjunction with the teacher output
as it often leads to improved performance (Ba and
Caruana, 2014). In these cases, we train Sg using a
soft loss with respect to its teacher and a hard loss
with respect to the human-annotated labels.

To distill the three LARGE models introduced in
Section 3.1, we use the loss formulation from Hin-
ton et al. (2015), as it performs comparably to
other, more recent distillation techniques (Tian
et al., 2019). Given a pair of input sequence z
and the target label y, it is defined as follows:

ﬁKD(.Z',y) = CMﬁH(S@(l'),y) +
(1—a)m®Ls(Se(z), To(z)) (1)

where o and 7 indicate a balancing factor
and temperature for distillation, respectively.
We independently tune hyperparameters a €
{0.0,0.1,0.5,0.9} and 7 € {1,3,5} for each
dataset on their respective dev sets. As previ-
ously mentioned, we use cross entropy as hard
loss Ly for all our experiments. Lg is a soft
loss function based on the Kullback-Leibler di-
vergence KL(p(x),q(z)), where p(x) and q(z)
are softened-probability distributions of teacher

To and student Sg models for a given input z,
that s, p(z) = [p1(2). . pic((x)] and g(z) =

(@1 (z), - Nlte] (z)] defined as follows:
_ exp(Te(w,c)/T)
pc(l') - ZjEC exs(Te(ﬂﬁaj)/T) (2)
_ exp(Se (z,c)/T)
qe(x) = >jecexp(Se(z,5)/T)’ 3)

where C indicates a set of class labels.

Using the technique described above, we dis-
till three LARGE models into their correspond-
ing BASE counterparts: i.e., ALBERTE, sz from
ALBERTxx1 argr, and so on. Furthermore, we
create an ensemble of BASE models by linearly
combining their outputs; hyperparameters for en-
sembles were tuned by Optuna (Akiba et al., 2019).

Finally, we build another ensemble model
of three ELECTRARg,s; distilled from the three
LARGE models mentioned above. As we will
show in Section 4, ELECTRAB s outperforms all
other BASE models; therefore, we are interested
in measuring whether it could be used for inter
transformer family model distillation. Once again,
Optuna was used to tune the ensemble model.

We note that the ensemble of the three LARGE
models is not used as a teacher. In our prelimi-
nary experiment, we found that the ensemble is
not a good teacher, as the model was too confident
in its prediction, a trend that is studied by Pana-
giotatos et al. (2019). Most softmaxed category-
probabilities by the ensemble model are close to
either O or 1 and behave like hard-target rather than
soft-target, which did not improve over the KD
baselines (rows 7-9) in Table 2.

3.3 Multiple-Heads Student (MHS)

As mentioned in the previous section, students
trained using different teachers can be trivially en-
sembled using a linear combination of their out-
puts. However, this results in a drastic increase in
model size, as well as a synchronization latency
overhead, which are both undesirable properties
in many applications. In this section, we intro-
duce MHS, a transformer architecture designed to
emulate the properties of an ensemble of distilled
models while being more efficient. As illustrated
in Fig. 2, an MHS model consists of two compo-
nents: () an input encoder comprised of stacked
transformer layers, and (ii) a set of k ranking heads,
each designed to be trained with respect to a spe-
cific teacher. Each ranking head is comprised of
one or more transformer layers; it receives as in-
put the output of the shared encoder, and produces
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Figure 2: Detailed overview of an MHS model that con-
sists of a shared encoder body of b transformer layers,
followed by k ranking heads of h layers each; we use
notation By, kH), to identify an MHS configuration. All
heads are jointly trained, but each head learns from
a unique teacher model; at inference time, predictions
from heads are combined by a pooler layer.

classification output. To obtain its final prediction,
the MHS averages the outputs of its ranking heads.
A schematic representation of MHS is shown in
Figure 2.

Formally, let Mg be a pretrained transformer
of n layers. To obtain an MHS model, we first split
the model into two groups: the first b blocks are
used for the shared encoder body By, while the next
h = (n — b) blocks are replicated and assigned as
initial states for each head H},i = {1,...,k}. To
compute the output for the i head, we first encode
an input x using By, and then use it as input to H }l

To train MHS, we use a linear combination of
the loss function of each ranking head:

Lyms(z,y) = S04 N~ Lilz,y), @)

where \; and £; are the weight and loss function
for the i-th head in the MHS model. Specifically,
we apply the loss function of Equation 1 to each
head, i.e., £; = Lxp for the i™ head-teacher pair.
We note that, while the encoder body and all rank-
ing heads are trained jointly, each head is optimized
only by its own loss. Conversely, when backpropa-
gating Lyps, the parameters of the encoder body
are affected by the output of all k£ ranking heads.

1

'In our experiments on ASNQ, we use a pretrained
ELECTRAGg,sz model as starting point; for IAS2 and Wik-
iQA, we use a ELECTRARg, sz model fine-tuned on ASNQ.

Table 1: Dataset statistics. ASNQ and IAS2 contain
significantly more candidates than WikiQA.

ASNQ TAS2 WikiQA

=z Questions 57,242 3,074 873
5 QA pairs 23,662,238 189,050 8,672
= Correct answers 69,002 32,284 1,040
Questions 1,336 808 126

E QA pairs 539,210 20,135 1,130
Correct answers 4,166 5,945 140

- Questions 1,336 3,000 243
B QA pairs 535,116 74,670 2,351
& Correct answers 4250 21,328 293

This ensures that each head learns faithfully from
their teacher while the parameters of the encoder
body remain suitable for the entire model.

For inference, a single score for MHS is obtained
by averaging the outputs of all ranking heads:

MHS(r) = 1 S5 Hy(By(2). )

In our experiments, we use k = 3 heads, each
trained with one of the LARGE models described
in Section 3.1. We discuss a variety of combination
for values of b and h; the performance for each con-
figuration is analyzed in Section 5.3. For training,
weset \; = 1foralli = {1,...,k} and reuse the
search space of the hyperparameters o and 7 for
knowledge distillation (see Section 3.2).

4 Experimental Setup
4.1 Datasets

While many studies on Transformer-based mod-
els (Devlin et al., 2019; Liu et al., 2019; Clark et al.,
2019; Lan et al., 2019) are assessed for GLUE tasks
(10 classification and 1 regression tasks), our inter-
ests are in ranking problems for question answering
such as AS2. To fairly assess the AS2 performance
of our proposed method against conventional dis-
tillation techniques, we report experimental results
on a set of three diverse English AS2 datasets: Wik-
iQA (Yang et al., 2015), a small academic dataset
that has been widely used; ASNQ (Garg et al.,
2020), a much larger corpus (3 orders of magni-
tude larger than WikiQA) that allow us to assess
models’ performance in data-unbalanced settings;
finally, we measure performance on IAS2, an inter-
nal dataset we constructed for AS2. Compared to
the other two corpora, IAS2 contains noisier data
and is much closer to a real-world AS2 setting. Ta-
ble 1 reports the statistics of the datasets, and more
details are described in Appendix.



Table 2: Performance on IAS2, ASNQ, and WikiQA. For each metric, we highlight the best, ond best, and 3" best
scores. We compare our MHS model (row 14) with state-of-the-art AS2 models (Garg et al. (2020), rows 2 and 5),
ensembles from distilled models (rows 10—-12), and the technique proposed by Tran et al. (2020) (row 13). MHS
achieves equivalent performance (Spearman p, p < 0.01) of state-of-the-art AS2 models while 2.7x smaller; it
outperforms all models with a comparable number of parameters (Wilcoxon signed-rank test, p < 0.01).

IAS2 ASNQ WikiQA

Teacher Student — #params .o, MAP MRR P@l MAP MRR P@l MAP MRR

1 N/A ALBERTxxiace  222M 639 605 699 608 727 726 872 914 926

2 N/A ROBERTawor  335M 642 60.6 703 626 736 737 893 926 936

arg et al. (2020) I

3 N/A ELECTRALuc:  335M 650 613 70.7 647 744 747 867 910 922

4 N/A ALBERT s 1IM 588 556 66.1 493 632 625 835 889 90.I

5 N/A RoBERTagse — 10ont 506 566 670 549 672 67.0 827 887 898
Garg et al. (2020)

6 N/A ELECTRAg,:  109M 622 588 687 618 719 723 863 90.7 91.9

7 ALBERTxxiarae ALBERTpsse 1IM 615 572 680 565 685 686 840 89.0 903

8 ROBERTaic: ROBERTaprs:  109M 634 594 69.7 624 722 726 835 892 90.6

9 ELECTRApsc: FLECTRAps:  109M 632 6L1 69.6 637 739 741 881 916 92.9

10 Ensemble of 3 BASE (rows 4—6) 247M 637 595 69.6 622 725 729 881 914 927

11 Ensemble of 3 distilled (rows 7-9) ~ 247M 642 60.0 70.1 627 728 73.1  88.1 917 92.9
Ensemble of 3 ELECTRARAse

12 e oo v, (w5 327M 651 608 708 63.6 735 740 886 915 928

13 Hydra (Tran et al., 2020) 124M 634 599 697 627 730 733 881 915 928
MHS Bi,3H,

14 e (rows 1-3) (uo Tl 124M 643 608 703 643 751 752 893 924 935

4.2 Evaluation Metrics 5.1 Answer Sentence Selection Performance

We assess AS2 performance on ASNQ, WikiQA
and IAS?2 using three metrics: mean average preci-
sion (MAP), mean reciprocal rank (MRR), and pre-
cision at top-1 candidate (P@1). The first two met-
rics are commonly used to measure overall perfor-
mance of ranking systems, while P@1 is a stricter
metric that captures effectiveness of high-precision
applications such as AS2.

Our models are implemented with PyTorch
1.6 (Paszke et al., 2019) using Hugging Face Trans-
formers 3.0.2 (Wolf et al., 2020); all models are
trained on a machine with 4 NVIDIA Tesla V100
GPUs, each with 16GB of memory. Latency bench-
marks are executed on a single GPU to eliminate
variability due to inter-accelerator communication.

5 Results

Here we present our main experimental findings.
In Section 5.1, we compare MHS to state-of-the-art
models and other distillation techniques using three
datasets (IAS2, ASNQ, WikiQA). In sections 5.2
and 5.3, we motivate our design and hyperparame-
ter choices for MHS by empirically validating them.
Finally, in Section 5.4, we discuss inference latency
of MHS comparing to other transformer models.

The performance of MHS on IAS2, ASNQ, and
WikiQA datasets are reported in Table 2. Specif-
ically, we compared our approach (row 14) to
four groups of baselines: larger transformer-based
models (rows 1-3), including the state-of-the-art
AS2 models by Garg et al. (2020) (rows 2 and
5); equivalently sized models, either directly fine-
tuned on target datasets (rows 4—6), or distilled
using their corresponding LARGE model as teacher
(rows 7-9); ensembles of BASE models (rows 10—
12). We also adapted the ensembling technique of
Hydra (Tran et al., 2020), which is originally de-
signed for image recognition, to work in our AS2
setting? and used it as a baseline (row 13). All the
comparisons are done with respect to a B113H;
MHS model initialized from an ELECTRAR g5
model: performance of other model configurations
are discussed in Section 5.3. Due to the volume
of experiments, we train a model with a random
seed for each model given a set of hyperparame-
ters and report the AS2 performance with the best
hyperparameter set according to each dev set.

*Instead of 50 ResNet-20 V1 teachers paired with a 50-
head ResNet-20 V1 student, we train 3 ELECTRApg sz teach-
ers with different seeds and distill them into an MHS model (re-
ferred to as Hydra in Table 2) initialized from ELECTRAgase.-



5.1.1 Vs. TANDA (BASE) & Single-Model
Distillation

We find BASE models trained by TANDA (rows
4-6), the state-of-the-art training method for AS2
tasks, are further improved (rows 7-9) by introduc-
ing knowledge distillation to its 2nd fine-tuning
stage. Our MHS achieves a significantly improve-
ment over all single BASE models for all the
considered datasets (Wilcoxon signed-rank test,
p < 0.01). We empirically show in Section 5.2
that this significant improvement was achieved by
both the architecture of our MHS and using hetero-
geneous teacher models rather than a small amount
of extra parameters.

5.1.2 Vs. TANDA (LARGE)

We observe that our MHS equals (Spearman’s rank
correlation, p < 0.01) LARGE models trained
by TANDA (rows 1-3), including the state-of-
the-art AS2 model (Garg et al., 2020) (row 2),
while the MHS has 2.7 times fewer parameters.
Furthermore, our MHS consistently outperforms
ALBERTxx1 Arge, Which has 1.8 times more pa-
rameters than the MHS.

5.1.3 Vs. Ensembles & Hydra

For all the datasets we considered, our MHS
achieves similar or better performance of much
larger ensemble models, including an en-
semble of ALBERTg,sg, ROBERTag,se, and
ELECTRAg,g; trained with and without distil-
lation (rows 10 and 11), as well as the en-
semble of three ELECTRAg,sz models each
trained using ALBERTxx1 arce, ROBERTAL ArgE,
and ELECTRA[ srge as teachers (row 12). We
also note that MHS outperforms our adaptation
of Hydra (Tran et al., 2020) (row 13), which em-
phasizes the importance of using heterogeneous
teacher models for AS2.

5.2 Are Multiple Ranking Heads and
Heterogeneous Teachers Necessary?

Using the heterogeneous teacher models shown in
Table 2, we discuss how AS2 performance varies
when using different combinations of teachers for
knowledge distillation. The first method, KDgyp,
simply combines loss values from multiple teachers
to train a single transformer model, similarly to the
task-specific distillation stage with multiple teach-
ers in Yang et al. (2020). In the second method,
KDgRr, we switch teacher models for each training

Table 3: Comparison of single and multiple teachers
distillation for ELECTRARg sz and MHS B;13H; mod-
els on the TAS2 test set. Overall, we found that the
combination of MHS architecture and use of multiple
teachers is essential to achieve the best performance.

Model P@1 MAP MRR

ELECTRAgs: 62.2 58.8 68.7

Distillation Strategy

TANDA (No Teacher)

Single Teacher ELECTRABAss 63.2 61.1 69.6
KDsum ELECTRAB e 63.5 60.1 69.8
KDgr ELECTRAgAse 63.1 60.2 69.6
TANDA (No Teacher) MHS B113H; 62.1 59.5 68.8
Single Teacher MHS B113H1 63.2 60.5 69.5
Hydra? (Tran et al., 2020) MHS B113H; 63.4 59.9 69.7
One Teacher per Head MHS B113H, 64.3 60.8 70.3

batch in a round-robin style; i.e., the student trans-
former model will be trained with the first teacher
model in the first batch, with the second teacher
model in the second batch, and so forth.

Table 3 compares performance of the multiple-
teacher knowledge distillation strategies described
above to that of our proposed method; we also eval-
uate the effect of using one teacher per head, rather
than a single teacher (ELECTRA[ rgg), on MHS.
For ELECTRAR g, we found that KDg,,,, method
slightly outperforms KDgg; this result highlights
the importance of leveraging multiple teachers for
knowledge distillation in the same mini-batch. For
MHS, we found that using multiple heterogeneous
teachers (specifically, one per ranking head) is cru-
cial in achieving the best performance; without it,
MHS B;13H; achieves the same performance of
ELECTRARBR,s: despite having more parameters.
Besides these two trends, the results of rows 13
and 14 in Table 2 emphasize the importance of
heterogeneity in the set of teacher models.

As aresult, MHS Bj13H; performs the best and
achieves the comparable performance with some of
the teacher (LARGE) models, while saving between
45% and 63% of model parameters. From the afore-
mentioned three trends, we can confirm that the
improved AS2 performance was achieved thanks
to the multiple ranking heads in MHS, the use of
multiple teachers, and heterogeneity in teacher
model families; on the other hand, the slightly in-
creased parameters compared to ELECTRAR s
did not contribute to performance uplift.

5.3 How Many Blocks Should Heads Have?

In Table 2, we examined the performance of an
MHS model with configuration B113H; that s, a
body composed of 11 blocks, and 3 ranking heads



Table 4: Performance of different MHS configurations
on the IAS2 test set. Overall, we found that MHS is
stable with respect to the configuration.

Table 5: Inference Latency. For a fair comparison,
batch size is set to 128 for all models. MHS achieves
latency similar to those of BASE models.

MHS Config #params P@1 MAP MRR

B1.13H, 124M 64.3 60.8 70.3
B193H> 139M 64.9 61.2 70.8
Bs 3H,4 169M 64.7 60.7 70.4
Bs 3Hg 199M 64.3 60.6 70.3

with one transformer block each. In order to un-
derstand how specific hyperparameters setting for
MHS influences model performance, we examine
different MHS configurations in this section. Due
to space constraints, we only report results on IAS2;
we observed similar trends on ASNQ and IAS2. In
order to keep a latency comparable to that of other
BASE models, we keep the total depth of MHS con-
stant, and vary the number of blocks in the ranking
heads and shared encoder body.

Table 4 shows the results for alternative MHS
configurations. Overall, we noticed that the perfor-
mance is not significantly affected by the specific
configuration of MHS, which yields consistent re-
sults regardless of the number of transformer layers
used (1 to 6, B113H to Bg3Hg). All MHS mod-
els are trained with a combination of hard and soft
losses, which makes it more likely to have different
configurations converge on a set of stable but simi-
lar configurations. Despite the similar performance,
we note that Bg3Hg is comprised of significantly
more parameters than our leanest configuration,
B113H; (199M vs 124M). Given the lack of im-
provement from the additional parametrization, all
experiments in this work were conducted by using
11 body blocks and 1 head block (B113H1).

5.4 Benchmarking Inference Latency

Besides AS2 performance, we examine the infer-
ence latency for MHS and baseline models evalu-
ated in Section 5.1, using an NVIDIA Tesla V100
GPU. The results are summarized in Table 5. For
a fair comparison between the models, we used
the same batch size (128) for all benchmarks, and
ignored any tokenization and CPU/GPU commu-
nication overhead while recording wall clock time.
Overall, we confirm that MHS achieves a compa-
rable latency of other BASE models. All four are
within the one standard deviation of each other.
All the LARGE models including the state-of-
the-art AS2 model (RoBERTay srce by Garg et al.
(2020)) produce significantly higher latency, e.g.
about 3.4 times slower than MHS; specifically,

Model #params Latency (:s)

avg  std
ALBERTBAse 11IM 23  0.017
RoBERTagase 109M 19 0.017
ELECTRABAse 109M 2.0 0.018
ALBERTxx1arcE 222M 47.0 0.370
RoBERTay arce 335M 6.5 0.066
ELECTRAL Arce 335M 6.7 0.089
Ensemble of BASE (rows 10-11) 247TM 6.3 0.060
Ensemble of 3 ELECTRARgase 327M 6.1 0.064
MHS B113H, 124M 2.6 0.020

ALBERTxx1 Arce, Which is comprised of 12 very
wide transformer blocks, shows the worst latency
among single models. Further, the latency of the
two ensemble models are comparable to some of
the LARGE models, thus supporting our argument
that they are not suitable for high performance ap-
plications. On the other hand, our MHS model
saves up to 59% latency and 62% model size com-
pared to the ensemble model, while achieving com-
parable answer sentence selection performance.

6 Conclusions

In this work, we introduce a technique for obtain-
ing a single efficient AS2 model from a committee
of heterogeneous transformer models. This effi-
cient approach, which we call MHS, consists of a
sequence of transformer blocks, followed by mul-
tiple ranking heads; each head is trained with a
unique teacher, ensuring proper distillation of the
ensemble. Results show that the proposed model
outperforms traditional, single teacher techniques,
rivaling those of the state-of-the-art AS2 models
while saving 64% and 60% in model size and la-
tency, respectively. MHS enables LARGE-like AS2
accuracy while maintaining BASE-like efficiency.

Further analysis demonstrates that our MHS
improved the AS2 performance thanks to the 3
key factors: (i) multiple ranking heads in MHS,
(ii) multiple teachers, and (iii) heterogeneity in
teacher models. The core idea of MHS can be ex-
tended to other tasks beside ranking, such as classi-
fication e.g., GLUE (Wang et al., 2018). As such
tasks come with a different objective and metrics,
we leave them for future work.
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A WikiQA

This dataset was introduced by Yang et al. (2015)
and consists of 1,231 questions and 12,139 can-
didate answers. It was created using queries sub-
mitted by Bing search engine users between May
Ist, 2010 and July 31st, 2011. The dataset includes
queries that start with a wh- word and end with
a question mark. Candidates consist of sentences
extracted from the first paragraph from Wikipedia
page retrieved for each question; they were anno-
tated using Mechanical Turk workers. Some of
the questions in WikiQA have no correct answer
candidate; following (Wang and Jiang, 2017; Garg
et al., 2020), we remove them from the training set,
but leave them in the development and test sets.

B ASNQ

Garg et al. (2020) introduced Answer Sentence
Natural Questions, a large-scale answer sentence
selection dataset. It was derived from the Google
Natural Questions (NQ) (Kwiatkowski et al., 2019),
and contains over 57k questions and 23M answer
candidates. Its large-scale (at least two orders of
magnitude larger than any other AS2 dataset) and
class imbalance (approximately one correct answer
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every 400 candidates) properties make it partic-
ularly suitable to evaluate how well our models
generalize. Samples in Google NQ consist of tu-
ples (question, answeriong, ansSwWeTshort,
label), where answer;ong contains multiple
sentences, answergyort 18 fragment of a sentence,
and label indicates whether answer;qng is cor-
rect. Google NQ has long and short answers for
each question. To construct ASNQ, Garg et al.
(2020) labeled any sentence from answeriong
that contains answergyor+ as positive; all other
sentences are labeled as negative. The original
release of ANSQ only contains train and develop-
ment splits; We use the dev and test splits intro-
duced by Soldaini and Moschitti (2020).

C IAS2

This is an in-house dataset, called Internal Answer
Sentence Selection, we built as part of our efforts
of understanding and benchmarking web-based
question answering systems. To obtain questions,
we first collected a non-representative sample of
queries from traffic log of our commercial virtual
assistant system. We then used a retrieval system
containing hundreds of million of web pages to ob-
tain up to 100 web pages for each question. From
the set of retrieved documents, we extracted all
candidate sentences and ranked them using AS2
models trained by TANDA Garg et al. (2020); at
least top-25 candidates for each question are an-
notated by humans. Overall, IAS2 contains 6,939
questions and 283,855 candidate answers. We re-
serve 3,000 questions for evaluation, 808 for devel-
opment, and use the rest for training. Compared
to ASNQ and WikiQA, whose candidate answers
are mostly from Wikipedia pages, IAS2 contains
answers that are from a diverse set of pages, which
allow us to better estimate robustness with respect
to content obtained from the web.

D Do Heads Resemble Their Teachers?

To better understand the relationship between
MHS’s ranking heads and the teachers used to train
them, we analyze the top candidates chosen by each
of teacher and student models. Figure 3 shows how
often each MHS head agrees with its respective
teacher model. To calculate agreement, we normal-
ize number of correct candidates heads and teachers
agree on by the total number of correct answer for
each head.

Intuitively, we might expect that ranking heads
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Figure 3: Agreement between each head and its teacher
model for MHS. It is obtained by diving the number of
correct candidates each head and teacher agree on by
the total number of correct answer for each head.

would agree the most with their respective teach-
ers; however, in practice, we notice that the high-
est agreement for all heads is measured with
ELECTRA| srge. However, one should consider
that the agreement measurement is confounded by
the fact that all heads are more likely to agree with
the head that is correct the most (ELECTRA[ ArgE)-
Furthermore, in all our experiments, MHS is ini-
tialized from a pretrained ELECTRAR,sg, Which
also increase the likelihood of agreement with
ELECTRA| srge. Nevertheless, we do note that
both the head distilled from ALBERT xx1.arce and
from RoBERTag s achieve high agreement with
their teachers, suggesting that MHS ranking heads
do indeed resemble their teachers.

E Common Training Configurations

Besides the method-specific hyperparameters de-
scribed in Sections 3.2 and 3.3, we describe train-
ing strategies and hyperparameters commonly used
to train AS2 models in this study. Unless we
specified, we used Adam optimizer (Kingma and
Ba, 2015) with a linear learning rate scheduler
with warm up? to train AS2 models. The num-
ber of training iterations was 20,000, and we as-
sess a AS2 model every 250 iterations using the
dev set for validation. If the dev MAP is not im-
proved within the last 50 validations*, we termi-

We used the warm up strategy only for the
first 2.5 - 10% of training iterations, using https:
//huggingface.co/docs/transformers/main_
classes/optimizer_schedules#transformers.
get_linear_schedule_with_warmup

*For the ASNQ dataset, we considered the last 25 valida-
tions as “patience”.


https://huggingface.co/docs/transformers/main_classes/optimizer_schedules#transformers.get_linear_schedule_with_warmup
https://huggingface.co/docs/transformers/main_classes/optimizer_schedules#transformers.get_linear_schedule_with_warmup
https://huggingface.co/docs/transformers/main_classes/optimizer_schedules#transformers.get_linear_schedule_with_warmup
https://huggingface.co/docs/transformers/main_classes/optimizer_schedules#transformers.get_linear_schedule_with_warmup

nate the training session. As described in Sec-
tion 5.1, we independently tuned hyperparameters
based on the dev set for each dataset, including an
initial learning rate {107%,107°} and batch size
{8,16,24,32,64}. Note that we train AS2 models
on the ASNQ dataset for 200,000 iterations due to
the size of the dataset.

For model configurations, we used the default
configurations available in Hugging Face Trans-
formers 3.0.2 (Wolf et al., 2020). For instance,
the number of attention heads are 12 and 64 for
ALBERTBASE and ALBERTXXLARGEa 12 and 16
for ROBERTag s and ROBERTay srge, and 12 and
16 for ELECTRAgAsg and ELECTRA[ srgg, Te-
spectively. In this paper, we designed MHS lever-
aging the default ELECTRAg g architecture, thus
the number of attention heads is 12.
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