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Abstract

Most approaches used in open-domain question answering
on hybrid data that comprises both tabular-and-textual con-
tents are based on a Retrieval-Reader pipeline in which the
retrieval module finds relevant “heterogenous” evidence for
a given question and the reader module generates an an-
swer from the retrieved evidence. In this paper, we present
a Retriever-Reranker-Reader framework by newly propos-
ing a Reader-INherited evidence reranKer (RINK) where a
reranker module is designed by finetuning the reader’s neu-
ral architecture based on a simple prompting method. Our
underlying assumption of reusing the reader’s module for
the reranker is that the reader’s ability to generating an an-
swer from evidence contains the knowledge required for the
reranking, because the reranker needs to “read” in-depth a
question and evidences more carefully and elaborately than
a baseline retriever. Furthermore, we present a simple and
effective pretraining method by extensively deploying the
commonly used data augmentation methods of cell corrup-
tion and cell reordering based on the pretraining tasks —
tabular-and-textual entailment and cross-modal masked lan-
guage modeling. Experimental results on OTT-QA, a large-
scale table-and-text open-domain question answering dataset,
show that the proposed RINK armed with our pretraining
procedure makes improvements over the baseline reranking
method and leads to state-of-the-art performance.

Introduction

Open-domain question answering (ODQA) is a task that
aims to find an answer to a given question, which explicitly
requires the “retrieval” step for searching relevant knowl-
edge. Going beyond the classical “textual” ODQA, recent
studies have addressed multi-modal ODQA that additionally
retrieves and reads other types of knowledge such as images
and tabular contents, raising new challenges due to its het-
erogeneous type of data. Among the variants of multi-modal
ODQA tasks, this paper addresses table-and-text ODQA,
which uses heterogeneous data of tabular and textual con-
tents as real-world knowledge for ODQA, as introduced in
the OTT-QA benchmark of (Chen et al. 2021).
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The existing approaches for table-and-text ODQA are pri-
marily based on a Retrieval-Reader pipeline, in which the
retrieval module first finds a set of relevant “heterogenous”
evidences and the reader module then generates an answer
using a decoder layer that includes the retrieved evidences as
an additional input. In contrast to textual ODQA, the mul-
timodality is a challenging issue in table-and-text ODQA,
requiring the retrieval and reasoning components to be in-
volved with a strong interaction across different types of
evidence (i.e., textual, or tabular content). For the retrieval
step in table-and-text ODQA, early fusion has been widely
used to efficiently handle multimodality (Chen et al. 2021),
by defining a fusion block as the basic retrieval unit, which is
obtained by combining table cells with their related passages
and differs from the retrieval based on a single block that
searches tabular or textual blocks separately. Despite its ef-
fectiveness over the use of single blocks, the collection size
of fusion blocks becomes readily suge because of its combi-
natorial nature, being considerably larger than the separate
sizes of table cells and passages, rendering the retrieval pro-
cess non-trivial'.

To improve the retrieval performance for table-and-text
ODQA, this paper extensively incorporates a ‘“reranker”
module for fusion block retrieval, thereby initially exploring
the framework of Retriever-Reranker-Reader for table-and-
text ODQA, described as follows:

1. Reader-INherited evidence reranKer (RINK): In par-
ticular, we propose a novel type of reranker, referred to as
RINK, in which the reranker module is inherited from the
reader module with the same architecture and performs a
binary classification based on a prompting method, en-
abling us to maximally share the reader’s parameters for
the reranker and to apply multi-task learning or transfer
learning. The key property of RINK is that the reranker
is based on a set-level reranking, in which the reranker
is first applied to sampled sets of blocks, and then the
resulting set-level evidences are aggregated to compute

'The initial retrieval performance reported in the OTT-QA
dataset is only about only about 52.4% in terms of HITS@4K
(Chen et al. 2021), which is considerably smaller than those of tex-
tual ODQA reported in the work of (Asai et al. 2020), which shows
about 93% in terms of Paragraph Recall, although the evaluation
metrics are not the same.



the relevance score of an individual block. This is dif-
ferent from the standard reranker module which is based
on an instance-level reranking that directly estimates the
relevance score of each individual block, usually via
a cross-encoder (Soleimani, Monz, and Worring 2019;
Kruengkrai, Yamagishi, and Wang 2021) on the concate-
nated sequence of a question and an individual retrieval
block. The underlying assumption of the reranker’s in-
herited design from the reader is that the reranker re-
quires to “read’ a question and a retrieval block more
in-depth than the retriever, and this requirement for in-
depth reading is likely presented to the reader even more
strongly.

. Retriever based on pretrained encoders: To improve
the retriever, we present a simple “pretraining” method
of the retriever’s encoder to enhance representation by
strengthening the multimodal interaction between tabu-
lar and textual contents to obtain enhanced multimodal
representations based on self-supervised tasks — tabular-
and-textual entailment and cross-modal masked lan-
guage modeling. To pretrain the retriever’s encoder, we
deploy a synthetic dataset constructed automatically us-
ing two types of common data augmentation methods:
cell corruption and cell reordering.

Experiment results on OTT-QA, a large-scale table-and-
text ODQA dataset, show that the proposed RINK with
the pretrained retriever outperforms the baseline reranking
method and achieves state-of-the-art performance with 35.5
EM in the blind test set. Furthermore, our analysis presents
that incorporating a base reranker and decoding-based ev-
idence reranking system boosts retrieval performance and
positively affects the performance of generative question an-
swering.

The contribution of this paper is summarized as follows:
1) To the best of our knowledge, our study is the first to apply
the “reranker” to improve the retrieval performance in table-
and-text ODQA tasks; 2) we newly propose RINK, which
is a set-level reranker that is induced by maximally reusing
the reader module; 3) we present an effective pretraining
method to improve the retriever’s encoder using synthetic
datasets obtained by simple data augmentation methods; 4)
our proposed RINK leads to achieving state-of-the-art per-
formance in OTT-QA.

Related Work

Open-Domain Question Answering

ODQA (Chen et al. 2017) is a task that finds the answer
to a given question from a large set of data in multiple
domains. The retrieval components for ODQA, which im-
proves the retrieval performances of TF-IDF, are primarily
based on dense retrieval based on the encoder of pretrained
language models (Karpukhin et al. 2020). Reader compo-
nents have been explored by either machine reading com-
prehension (MRC)-based extractive models or generation-
based models (Izacard and Grave 2021b; Lewis et al. 2020a;
Raffel et al. 2020; Lewis et al. 2020b). Multi-hop reasoning
for QA has been studied in HotpotQA (Yang et al. 2018)
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which requires the model to read and understand multiple
documents simultaneously to answer a given question.

Table-and-Text Question Answering

Recent studies on MRC and ODQA have been conducted
on hybrid knowledge consisting of both tabular and textual
contents. HybridQA (Chen et al. 2020b) is an MRC-style
dataset for table-and-text QA and TAT-QA (Zhu et al. 2021)
is an MRC task with financial table-and-text contents.

OTT-QA (Chen et al. 2021) is a large-scale table-and-
text ODQA benchmark that requires systems to retrieve rele-
vant evidences and to perform reasoning over heterogeneous
knowledge of tabular and textual contents. (Chen et al. 2021)
proposed “early fusion” mechanism, which defines a ‘fusion
block’ as the basic retrieval unit that combines a table seg-
ment and its related passages.

DUREPA (Li et al. 2021) proposed a hybrid framework
that uses a dual-reader to jointly encode tabular and textual
contents, and generates either an SQL query or an answer on
table-and-text contents.

Similar to the reasoning path in (Asai et al. 2020) on tex-
tual ODQA, CARP (Zhong et al. 2022) suggested the use
of a ‘hybrid chain’ defined as a sequence of nodes from a
heterogeneous graph, where nodes include a question, ta-
ble cells, and sentences in passages. Furthermore, CARP
proposed chain-centric pretraining to improve the domain-
specific chain extractor based on data augmentation, which
synthesizes a hybrid chain and reversely generates its corre-
sponding question.

UnifiedSKG (Xie et al. 2022) standardizes datasets and
models in a single framework to cover 21 knowledge-
grounding datasets, including semantic parsing tasks such
as Spider (Yu et al. 2018) and GrailQA (Gu et al. 2021),
QA tasks such as WikiSQL (Zhong, Xiong, and Socher
2017), WikiTQ (Pasupat and Liang 2015), HybridQA, Mul-
tiModalQA (Talmor et al. 2021), and FeTaQA (Nan et al.
2022), as well as other tasks such as ToTTo (Parikh et al.
2020), KVRET (Eric et al. 2017), SQA (Iyyer, Yih, and
Chang 2017), TabFact (Chen et al. 2020a), and FEVEROUS
(Aly et al. 2021).

Dense Retrieval and Reranking

Dense passage retrieval (DPR) (Karpukhin et al. 2020) usu-
ally adopts a bi-encoder architecture (Humeau et al. 2020;
Lee et al. 2021; Li et al. 2020) that encodes the question and
passage separately. The encoded representations are then
used to measure the similarity between the question and pas-
sage through the maximum inner-product search.

Related to our work, (Mao et al. 2021) proposed RIDER,
the reader-guided reranker, solely based on the top predic-
tions of the reader, by checking each passage from the initial
retrieval result and adding it to a reranked list if it contains
any reader prediction. In contrast to RIDER, which is an
“instance”-level reranker based on the reader’s results with-
out requiring any training, our proposed RINK is the “set”-
level reranker with an additional finetuning stage.

Another related work (Izacard and Grave 2021a) uses the
cross-attention scores obtained from the Fusion-in-Decoder
(FiD)-based reader as the relevance scores of passages.



However, the study of (Izacard and Grave 2021a) focuses
on learning the bi-encoder DPR module using the reader’s
attention scores as the teacher’s supervision, rather than im-
proving the reranker like ours. Furthermore, in contrast to
our proposed RINK that uses “multiple” sets of passages and
aggregates the set-level relevance scores, (Izacard and Grave
2021a) derived an instance-level score using only a “single”
set of passages without any aggregation. Because of this dif-
ference between (Izacard and Grave 2021a)’s work and ours,
the method proposed by (Izacard and Grave 2021a) is com-
plementary to our proposed RINK; for example, RINK can
be generalized using its cross-attention scores as alternative
relevance signals.

Background

Suppose that the task aims to find an answer to a question
q and a set of fusion blocks B, each fusion block b is pre-
sented by a table segment block by and its associated list of
passages bk, - - - , bk as defined in (Chen et al. 2021) where
L is the number of associated passages, BERT refers to the
encoder of a pretrained language model such as (Devlin et al.
2019) and RoBERTa (Liu et al. 2019), and T5 refers to the
encoder-decoder language model such as TS5 (Raffel et al.
2020) and BART (Lewis et al. 2020a). Unless otherwise
specified, BERT is used by the retriever and T5 is adopted
by the reranker and reader.

Retriever Using Bi-encoder

For the Retriever-Reranker-Reader framework, the retriever
is based on a bi-encoder (Karpukhin et al. 2020; Humeau
et al. 2020; Lee et al. 2021), which uses BERT to encode a
question ¢ and a fusion block b, and computes the similarity
between them as follows:

Emb,(q) = W, BERT ¢ (9)
Embiiock () = Wiioek BERT [c1s) (D)
Slm(Q7b) = Embq(q)TEmbblock(q) (1)

where BERT ¢ 5(s) indicates the BERTs last encoded rep-
resentation at [CLS] token on the sequence s, W, Wi, €
Rmodet X dmodel gre projection matrices, and d,y,qe; is the di-
mensionality of BERT. We employ FAISS (Johnson, Douze,
and Jégou 2021) to efficiently obtain a set of top-N fusion
blocks B;,,;+ based on sim(q,b) in 5.

(Baseline) Reranker Using Cross-Encoder

The baseline instance-level reranker is based on the cross-
encoder that feeds ¢ [SEP] b, the concatenated input of a
question ¢ and a fusion block b, to BERT and performs the
binary classification of whether the given block is relevant,
formulated as follows:

Embcross (Q7 b) BERT[CLS] (q [SEP] b)

relrerank (4, ) log o (Linear (Emb,y0s5(gq, b))) (2)

where Linear: R%medct — R is a linear layer using a
reranker-specific projection matrix and o is the sigmoid
function. The reranker takes B;,,;;, the top N initial retrieval
results, and produces the top M reranked results, denoted as
Biop-
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Reader Using Fusion-in-Decoder (FiD)

Given the set of top-retrieved blocks By, our reader mod-
ule is based on FiD (Izacard and Grave 2021b); for each fu-
sion block, its concatenated input with question g is fed into
T5’s encoder to produce its contextualized representation,
and all the contextualized block representations are concate-
nated and then fed into T5’s decoder. The FiD-based reader
is described as follows:

&
decode(q, B,,,)

T5-enc(q [SEP] b;)
T5-dec([Cy;- - ; Car] , [PAD])3)

where b; € By, is the i-th fusion block, ‘;’ is the con-
catenation operator, T5-enc indicates the T5’s encoder,
T5-dec(z, y) represents the decoder function where x is the
input sequence and y is the prefix sequence for the decoder,
and [PAD] is the padding token used for the start token of
the decoder?.

Proposed Approach

Figure 1 shows the overall neural architecture of the reranker
using RINK under the framework of the Retriever-Reranker-
Reader, that is, the retriever with the bi-encoder, the baseline
reranker with the cross-encoder, and the proposed RINK us-
ing the FiD architecture. The background section presents
a retriever and baseline reranker, including the FiD-based
reader. This section presents the details of the proposed
RINK and describes the proposed pretraining for improving
the retriever.

Reader-Inherited Reranker (RINK)

The proposed RINK directly employs the reader module but
is fine-tuned based on a prompting method to determine
whether a given set of blocks is relevant. Here, a set of
blocks is relevant if at least one element block is relevant.
When multiple sets of blocks and their relevance labels are
provided, RINK derives the relevance score of an individual
block b by computing the degree to which the sets are likely
to be relevant while containing the given block b, which is
proportional to the ratio of the size of relevant sets to that of
sets containing b.

Set-Level Relevance Classification Suppose that V is a
set of vocabulary and T5-decioken(,y) is the autoregres-
sive language model of T5 that produces a probability vector
over V for the next token, when « is the input sequence and
y is the prefix sequence. Given a set of blocks B and b; € B,
we obtain p(g, B) € RV, a probability vector over V based
on T5’s decoder, as follows:

C; T5-enc(“query:” ¢ “block:” b; “relevant:”)
(¢, B) T5-decioken([C3 -+ 5 Chy], [PAD]))  (4)

where “query:”, “block:”, and “relevant:” are prompt tokens,
being designed by mostly following (Hu et al. 2022)°.

2With abuse of notation, it is assumed that T5-dec(z, %) can
take the pre-encoded contextualized representations for x.

3 Although we use the same notation of T5-enc as the reader’s
one, we fine-tune T5 separately for each module and keep different
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Question Dense Retrieval Retrieved
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The season was suspended by COVID-19.

Figure 1: Neural architecture of our proposed reranker using RINK under the framework of Retriever-Reranker-Reader: 1)

given a question ¢ and a fusion block b, the dense retrieval

computes the similarity sim(q, b) based on bi-encoder using Eq.

(1) and returns the initial retrieved results 5;,,;¢; 2) the proposed RINK applies the set-level relevance classification of using
Eq. (4)-(5) on a collection of block sets S = {B};"_,, where B; C B;,:, and aggregate these set-level relevance scores using

Eq. (7) to derive the instance-level score relgrni (g, b) for

the block b; 3) the baseline reranker computes the relevance score

relrerank (q, b) based on cross-encoder using Eq. (2); 4) the proposed set-level RINK and baseline reranker are combined using
a linear combination using Eq. (8) to finally produce the relevance score el ompined(q, b)-

For prompting-based classification, let v: J — V be
the verbalizer that converts a label into individual words,
where Y = {Nonrel, Rel}. Here, v(Nonrel) = “false” and
v(Rel) = “true”, which refer to the nonrelevance and rele-
vance labels, respectively.

Given a pair of a question and a set of blocks (g, B), the
probability of the relevance label Rel € ) for B is computed
as follows:

p(Rellg, B) = p(q, B)[v(Rel)]/ > _ plg, B)[v(w)]

wey

®

where p(q, B)[w] is an element of the probability vector
p(g, B) corresponding to token w.

Aggregation over Set-Level Relevance Results We first
prepare multiple set-level relevance results by constructing
a collection of block sets S = {Bi,--- , B, } by randomly
sampling B; C B;,it, with the constraint that the number of
sets containing each block is the same. Let S(b) C S be the

parameters between the reranker and the reader for the encoder and
decoder of T5.

collection of sets containing b, defined as follows:

S(b) = {Blb € Band B € S} (6)

The constraint can be restated as that we need to create a
collection S, such that |S(b)|] = K for any block b. For
consistency with the setting of the reader, we maintain the
size of the set as the same as the reader, as possible, i.e.,
|B| = M for any sampled set B € S. Given |B;,;+| = N and
|B;| = M, the number of set samples is n = N x K/M*;
in our experiment setting where N = 100 and K = 3k,
n = 20k for M = 15 and n = 30k for M = 10.

We apply the set-level classification using Eq. (4)-5 for all
block sets in S = {B}"_, . From these set-level classification
results, we derive the instance-level score of block b based

*More generally, n [N x K/M] to cover the case that
N x K mod M # 0. In this case, a simple solution is to allow
an exceptional case of a block |B| < M or to fill the remaining

blocks with the empty block.
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Tabular-Textual Entailment Task
(a). Original Table

Cross-Modal Masked Language Task

Points Per Game | Blocks Per Game

18-19  Cleveland 275
19-20 LA Lakers 253 03

Entailment | Passages (LA. Lakers)
—p|

The Los Angeles Lakers are an American professional basketball
-+ Western Conference Pacific Division.

(a). Whole Cell Masking

Points Per Game | Blocks Per Game

(a). Cell Corruption

18-19  [MASK] 275
19-20 L.A. Lakers [MASK] 03

Points Per Game | Blocks Per Game Contradiction [ Passages (Michael Jordan)
D |

Michael Jeffrey Jordan (born February 17, 1963), also known by
- former professional basketball player

18-19  Cleveland 1984
19-20 New York 253 12.0

(b). Whole Word Masking

(a). Cell Re-ordering

Passages (L.A. Lakers)
The [MASK] are an [MASK] professional basketball -
Western Conference Pacific Division.

Points Per Game | Blocks Per Game Entailment | Passages (Cleveland Cavaliers)
r———

The Cleveland Cavaliers (often referred to as the Cavs) are - as a
member of the league’s Eastern Conference Central Division.

18-19 275 Cleveland
19-20 LA Lakers 253 03

Figure 2: Pretraining tasks for the retriever’s encoder. Left: Tabular-and-textual entailment tasks uses the data augmentation
of table perturbation methods to generate positive and negative examples — a) the original table; b) the “cell corruption”, that
randomly selects a cell and replaces its original value with another one; ¢) The “cell reordering”, which randomly changes
the order of cells in the same row. Right: Cross-modal masked language modeling task applies the whole-cell/word masking,
accepts a “masked” concatenated sequence of tabular and textual contents, and then performs the masked token prediction.

on the following aggregation function:

> sesm) L(p(Rellg, B) > 0.5)
K

+ €
(7

where € is the small constant value for smoothing the prob-
ability and Z(e) is the indicator function that is one if e is
true and zero otherwise.

relpink(q,b) = log

Combining with the Baseline Instance-Level Reranker
It is expected that the baseline instance-level reranker of Eq.
(2), and set-level RINK of Eq. (7) capture their specialized
features for computing the relevance score of a block. Thus,
we combine these two types of reranker using a simple linear
function, as follows:

Telcombined(q: b) = - relrerank + (1 - O‘) -relrinkg (8)

where « is an interpolation parameter, which is tuned on the
development set>.

Training To train RINK of Eq. (4)-(5), we prepare a col-
lection of positive and negative training examples by ran-
domly creating subsets of blocks from B;,,;:. As a positive
example, we randomly add one to five “gold” fusion blocks
and fill the remaining blocks with nonrelevant blocks. A
negative set is constructed by randomly sampling M blocks
among the nonrelevant blocks in B;,;:. We use a 1:9 ratio
of positive to negative training samples. The T5’s parame-
ters of RINK are first initialized by the reader’s ones and
fine-tuned using the cross-entropy loss on training examples
constructed in an aformentioned manner.

A similar training procedure is applied to train the base-
line reranker in Eq. (2). A gold fusion block in B;,,;; is used
as a positive example, and any nonrelevant block as a nega-
tive one.

5Tt is noted that the initial retrieval score Eq. (1) is not used for
the combination of Eq. (8).

13450

Pretraining the Encoder of Retriever

Data Augmentation for Pretraining Inspired by (lida
et al. 2021), we construct a large-scale pre-training corpus
using the parsed Wikipedia corpus consisting of over 200K
tables and 3M hyperlinked passages. To this end, we em-
ploy two types of common data augmentation methods of
cell corruption and cell reordering, which are introduced in
the work of (Iida et al. 2021). As illustrated in Figure 2, cell
corruption is a cell perturbation method that randomly se-
lects one cell and replaces its original value with another.
Cell reordering randomly changes the order of cells in the
same row®.

Pretraining Tasks: Tabular-and-Textual Entailment and
Cross-modal Masked Language Modeling To pretrain
the retriever’s encoder BERT, we first introduce the tabular-
and-textual entailment task to strengthen the interaction be-
tween tabular and textual contents, where a pair of a table
and a passage is assumed to be an “entailment” class when
there is a table cell that is hyperlinked to the passage, and
other pairs are merely regarded as “contradiction” class. The
ratio of positive to negative examples for the entailment task
issetto 1:1.

In addition, we use the cross-modal masked language
modeling task, where a “masked” concatenated sequence of
tabular and textual contents is provided as an input to the
retriever’s encoder and the masked token prediction is per-
formed. We apply whole-cell masking for table contents and
BERT’s whole-word masking for textual ones, as proposed
by (Herzig et al. 2020).

Experiments
Experimental Setup

Table 1 shows the detailed statistics of OTT-QA (Chen et al.
2021). By employing the data augmentation described in

®The cell corruption and the cell reordering correspond to the
cases of “sample cells from other tables” and “swap cells on the
same row” of Figure 3 in the work of (Iida et al. 2021), respectively.



Category Number
Fusion Block Number 5,411,408
Passage Number 6,342,314
Table Number 410,740
Train Dataset 41,469
Developement Dataset 2,214
Test Dataset 2,158
Pretraining Dataset 400,000

Table 1: Statistics of the OTT-QA benchmark dataset and
automatically constructed pretraining dataset: ‘“Pretraining
Dataset” indicates the number of pairs of tables and texts
constructed via the data augmentation of Figure 2. All the
other statistics derive from the OTT-QA dataset.

Model Dev Test
EM F1 EM F1
HYBRIDER 103 13.0 9.7 128
IR + SBR 79 11.1 96 128
FR + SBR 13.8 172 134 169
IR + CBR 144 185 169 209
FR + CBR 28.1 325 272 315
DUREPA 15.8 - - -
CARP 332 38.6 325 385
Instance-level Reranker (M = 15) 352 41.2 345 404
RINK (o« =0, M = 15, K = 30) 346 403 327 38.6
RINK (o =0, M =10, K = 30) 352 40.8 333 393
RINK (« =0.7,M =15, K =30) 362 421 350 41.0
RINK (¢« =0.7,M =10, K =30) 36.7 424 355 415

Table 2: QA performances on the dev and blind test sets of
OTT-QA datasets. The proposed RINK with K = 30 is
compared with various baseline models for M = 10 and
M = 15. “Instance-level reranker” refers to the baseline
reranker of using Eq. (2), corresponding to RINK (a = 1).
The best performance is shown in bold text.

the previous section, we automatically constructed about
400,000 pairs of tables and texts as an additional pretrain-
ing dataset from the parsed Wikipedia corpus that consists
of about 200K tables and 3M hyperlinked passages. We
used the RoBERTa-base 7 (Liu et al. 2019) model for the
BERT (i.e., the encoder used in the retriever and the baseline
reranker.). We used the T5-base 8 (Raffel et al. 2020) model
for T5 and the FiD decoder (Izacard and Grave 2021b) (i.,e.,
the encoder-decoder used in the RINK and the reader). As
mentioned previously, the RINK parameters are initialized
by the reader’s fine-tuned weights on the OTT-QA dataset.
We used a batch size of 16 and learning rates of 5 x 107°
and 1 x 10~ to train the BERT and T5, respectively. The
AdamW optimizer was used for training. All experiments
were conducted using eight NVIDIA Quadro RTX A6000
GPUs. For the initial retrieval and reranker, N = |B;,|

"https://huggingface.co/roberta-base
8https://huggingface.co/t5-base
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Model R@1 R@5 R@10 R@15
Bi-Encoder - - 72.9 -
Tri-Encoder - - 73.8 -
CARP 49.0 - 74.0 -
Retriever 51.0 662 76.6 79.6
RINK (M =15, =0) 614 774 81.6 83.7
RINK (M =10, =0) 62.7  78.0 81.9 84.0
Instance-level Reranker (M = 15) 65.0 774 81.2 83.6
RINK (M =15,a =0.7) 66.1 79.9 83.3 85.5
RINK (M = 10,a = 0.7) 66.9 80.6 83.5 85.4

Table 3: Retrieval performance on development set of OTT-
QA. RINK using K = 30 is compared with CARP and other
baselines under the settings of M = 10 and M = 15: “Re-
triever” indicates the initial retrieval method of using Eq.
(1) without the reranking module; “Instance-level reranker”
indicates the baseline reranker of using Eq. (2), which corre-
sponds to the case of RINK (a = 1). The best performance
is shown in bold text and we report the retrieval performance
of bi-encoder, tri-Encoder, and CARP, as in (Kosti¢, Risch,
and Moller 2021; Zhong et al. 2022).

Model K R@1 R@5 R@10 R@15
6 587 757 80.6 82.8
9 598 765 81.1 83.6

RINK (¢ =0) 15 60.8 76.6 81.3 83.6
24 620 77.0 81.0 83.0
30 614 774 81.6 83.7

Table 4: Retrieval performances of RINK (M = 15, = 0)
with varied K values on the development set of OTT-QA
datasets.

was fixed at 100 and M = |By,p| is either 10 or 15. The
combination parameter, «, was tuned on the development
set.

Baselines
We compared RINK with the following methods:

* HYBRIDER (Chen et al. 2020b) employs a sparse re-
triever (i.e., BM25 and TF-IDF) to retrieve relevant ta-
bles and passages, and uses a reasoning model based on
ranking, hop, and reading comprehension (RC) models
to extract an answer.

{Iterative, Fusion }-Retriever / {Single, Cross }-Block
Reader (Chen et al. 2021) proposed the iterative retriever
(IR), fusion retriever (FR), single block reader (SBR),
and cross block reader (CBR). IR uses the iterative re-
trieval protocol, and FR adopts the “early fusion” strat-
egy to handle the multi-modality issue using a fusion
block as the basic retrieval unit. The SBR feeds the top-k
retrieved blocks to the reader one by one, and selects the
answer with the highest confidence score. The CBR feeds
all concatenated top-k blocks together into the reader.

DUREPA (Li et al. 2021) jointly reads tables and pas-
sages using the dual-reader architecture and generates ei-



Model K EM F1
6 334 393
9 337 394
RINK (¢ =0) 15 34.1 40.0
24 344 40.2
30 34.6 40.3

Table 5: QA performances of RINK (M = 15, o = 0) with
varied K values on the development set of OTT-QA datasets.

Model R@1 R@5 R@10 R@15
Retriever (w/ pre-train) 52.2 70.2 76.6 79.8
Retriever (w/o pre-train)  51.0 66.2 76.6 79.6

Table 6: Retrieval performance of baseline retriever on de-
velopment set with and without pretraining.

ther an answer or an executable SQL query to derive the
answer.

CARP (Zhong et al. 2022) proposed the use of a hybrid
chain defined as a sequence of nodes from a heteroge-
neous graph, whose nodes include a question, table cells,
and sentences in passages to promote multimodal reason-
ing ability.

Main Results

Tables 2 and 3 show the performance of QA and retrieval,
respectively. As shown in Table 2, the proposed RINK with
M = 10 outperforms CARP, the best baseline model, by
increasing EM by 3.5 and 3.0 points on the development
and blind test sets, respectively, and achieves state-of-the-
art performance. In particular, it is interesting to note that
RINK using only the set-level reranker without including the
baseline reranker (i.e., & = 0) further improves the CARP.
In Table 3, it can be observed that the use of the reranker
shows substantial improvements in the retrieval performance
where “Retriever” refers to the initial retrieval method of
using Eq. (1) without the reranking module and “Instance-
level reranker” indicates the baseline reranker of using Eq.
(2), which corresponds to RINK (o = 1). While the re-
trieval performance of “Retriever” is similar to those CARP
results, the reranking either using “Instance-level reranker”
or RINK leads to significant improvements, with increases
of more than 10% at R@1 and R@5. The proposed set-level
RINK shows further improvements over the “Instance-level
reranker,” particularly showing an increase of approximately
2% at R@5, R@10, and R@15, when M = 15. Given this
improvement in the retrieval by RINK, it is shown from Ta-
ble 3 that the resulting QA performances of using RINK
lead to further improvements over those of “Instance-level
reranker,” both on development and blind test sets, increas-
ing EM and F1 by approximately 0.5 ~ 1%, for M = 15.
Overall, the results consistently suggest us that the
Retriever-Reranker-Reader is a promising approach in the
table-and-text ODQA literature, and the “reranker” module
is one of the key components for achieving state-of-the-art
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Figure 3: Performance curve of the reranking by RINK with
M = 15 in terms of R@15, varying « in Eq. (8) on the
development set of OTT-QA.

performance, given that our other components, such as the
retriever and reader are similar to or simpler than CARP.

Ablation Study

Effect of Varying K for RINK To examine the effect of
K under RINK(a = 0), Tables 4 and 5 present the retrieval
and QA performances of RINK with varying K values, re-
spectively. Intuitively, the larger the value of K, the more ef-
fective the reranking, because the instance-level aggregated
score of Eq. (7) is estimated more accurately for larger val-
ues of K. The results in Tables 4 and 5 confirm our expec-
tation that when K is larger, the retrieval and QA perfor-
mances gradually increase.

Effect of Varying o for RINK Figure 3 shows the curve
of the retrieval performance by RINK in terms of R@15,
with varying « in Eq. (8) on the development set with an
increment of 0.1. It is shown that the performances are rel-
atively high in the range of [0.4,0.7] for «, where @ = 0.7
shows the best performance.

Effect of Pretraining via Data Augmentation To exam-
ine the effect of pretraining the retriever’s encoder, Table 6
lists the initial retrieval performances of the “Retriever” with
and without pretraining. Although the improvements are
marginal in most cases, the pretraining results in an increase
of approximately 4% at R@5 compared to the case with-
out pretraining. Table 7 further presents QA performances of
FiD and RINK with M = 15 with and without pretraining
on blind test set. It is shown that the effect of the pretraining
on QA performance is more dominant than that on retrieval
performance, leading to increases of about 1.5% over non-
pretraining runs both at EM and F1, under both of FiD and
RINK.

Considering that the size of the pretraining dataset is
400,000, which is relatively small compared to other pre-
training literature, we believe that the effect of pretraining
becomes stronger when using synthetic datasets of larger
sizes.



(a)

Q: This 70 's Kishore Kumar song was in a film produced by Alankar
Chitra and directed by Shanker Mukherjee ?

B1 (Kishore_Kumar_0): [TITLE] Kishore Kumar [SECTITLE] Awards
[TABLE] Year is 1970. Song is Roop Tera Mastana. Film is Aradhana.
Music director is Sachin Dev Burman. Lyricist is Anand Bakshi. -

B2 (Kishore_Kumar_1): [TITLE] Kishore Kumar [SECTITLE] Awards
[TABLE] Year is 1975. Song is Main Pyaasa Tum. Film is Faraar. Music
Director is Kalyanji Anandji. Lyricist is Rajendra Krishan. [PASSAGE] -
The film is produced by Alankar Chitra and directed by Shanker
Mukherjee.

Gold Table Id: Kishore_Kumar_1

Generated Answer: Main Pyaasa Tum

Reference Answer: Main Pyaasa Tum

Q: What position does 2009-10 season Vancouver Canucks player
Rob Davison currently hold with the Toronto Marlies ?
B1(2009-10_Vancouver_Canucks_season_14): [TITLE] 2009-10
Vancouver Canucks season [SECTITLE] Free agents lost [TABLE]
Player is Rob Davison. New team is New Jersey Devils. Contract terms
is . [PASSAGE] --- He is currently serving as assistant coach of the
Toronto Marlies -

(b) B2 (2009-10_Vancouver_Canucks_season_15): [TITLE] 2009-10

Vancouver Canucks season [SECTITLE] Draft picks [TABLE] Round is
2. #is 53. Player is Anton Rodin (RW). Nationality is Sweden.
College/junior/club team (League) is Brynas IF Jr. (J20 SuperElit) -+
Gold Table Id: 2009-10_Vancouver_Canucks_season_15

Generated Answer: assistant coach

Reference Answer: assistant coach

Q: What is Spain 's oldest sporting club solely devoted to football with
a 2014-15 Fenerbahge S.K . season result F-A of 0-2 ?
B1(2014-15_Fenerbahge_S.K._season_7): [TITLE] 2014-15 Fenerbahce
S.K. season [SECTITLE] Pre-season friendlies [TABLE] Date is 16
August 2014. Opponents is Olympiacos. Stadium is Sukrii Saracoglu
Stadium. Result F-A is 2-1. -+

B2 (2014-15_Fenerbahge_S.K._season_7): [TITLE] 2014-15 Fenerbahge
S.K. season [SECTITLE] Pre-season friendlies [TABLE] Date is 8 August
2014. Opponents is Chelsea. Stadium is Stikrii Saracoglu Stadium.
Result F-A is 0-2. Attendance is 21,300. -

© B6 (2014-15_FC_Barcelona_season_8): -+ with Athletic Bilbao and
Barcelona .

Gold Table Id: 2014-15_Fenerbahge_S.K. _season_7

Generated Answer: Barcelona

Reference Answer: Sevilla Futbol Club

Q: Is 20th Century Fox or Walt Disney Pictures the creative studio
behind the most highest grossing film of Singapore ?

B1 (List_of_highest-grossing_films_in_Singapore_4): [TITLE] List of
highest-grossing films in Singapore [SECTITLE] Top-grossing films in
2006 [TABLE] Rank is 1. Title is X-Men : The Last Stand. Studio is
20th Century Fox. Gross is $ 4.8m. -

(d) | B14 (List_of_highest-grossing_films_in_Singapore_8): [TITLE] List of
highest-grossing films in Singapore [SECTITLE] Top-grossing films of
all time [TABLE] Rank is 2. Title is Avengers : Infinity War. Studio is
Walt Disney Pictures. Lifetime Gross is S $ 16.22mil. Year is 2018.
Gold Table Id: List_of_highest-grossing_films_in_Singapore_16
Generated Answer: 20t Century Fox x

Reference Answer: Walt Disney Pictures

Figure 4: Case studies of QA results by RINK that show samples in the top M retrieved fusion blocks obtained by the proposed
reranker of Eq. (8) and generated answers by the reader, where B¢ indicates the top i-th retrieved block and the gold table
segments are presented in Figure 5. (a)-(b): the correct cases where their reasoning types are text — table in B2 (in (a)) and
table — text in B1 (in (b)). (c): the case with the retrieval error where the gold table segment (i.e., Figure 5-(c)) is not appear
in the top M retrieved blocks, while its reasoning path seems to be ended with B6 after trials of question matching. (d): the
case with the numerical reasoning error where both relevant blocks B1 and B14 are successfully retrieved, while the answer
extraction is failed to precisely perform the numerical reasoning that selects the cell with the highest gloss among B1 and B14.

(a) Kishore_Kumar_1 (b) 2009-10_Vancouver_Canucks_season_15

1975 Main Pyaasa Tum Faraar Kalyanji-Anandji  Rajendra Krishan Rob Davison New Jersey Devils N/A
(c) 2014-15_Fenerbahge S.K._season_7 (d) List_of_highest-grossing_films_in_Singapore_16
2 August 2014 Sevilla Fatbol Club  Brendby Stadium 2-0 N/A 1 X-Men: The Last Stand ~ 20th Century Fox $4.8m 2018
2 Avengers: Infinity War ~ Walt Disney Pictures  $16.22m 2018

Figure 5: The gold table segment blocks manually annotated corresponding to the examples in Figure 4 with their table ids.

Case Studies Figure 4-5 show four illustrating examples
of QA results obtained by RINK and their gold table seg-
ments. Figure 4 (a)-(b) present the correct cases, where rele-
vant fusion blocks are successfully retrieved by the reranker
and the reasoning for matching types of the text — table and
table — text, which is required to generate a correct answer,
is also performed well.

In Figure 4-(d), while the gold relevant blocks B1 and B14
are successfully retrieved, the reader is failed to perform the
necessary numerical reasoning that selects the table row with
a higher gloss among two table rows B1 and B14.

Conclusion

This work is an initial exploration of the Retriever-Reranker-
Reader framework for table-and-text ODQA, emphasizing
the importance of the retrieval step due to the multimodal-
ity issue. We proposed RINK, a novel set-level reranking
method that reuses the reader’s module and its finetuned pa-
rameters for reranking, and presented a prompting method

On the other hand, Figure 4 (c)-(d) demonstrate the incor-
rect cases, due to the retrieval and the numerical reasoning
errors, respectively. In Figure 4-(c), without referring to the
gold table segment of Figure 5-(c), the reader unnecessarily
performs the reasoning of table — text across B2 and B16.
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Model Pretraining EM F1
. X 28.5 344
Fib v 301 360
_ _ X 33.8 40.0

RINK (M = 10, = 0.7) % 355 415

Table 7: QA performances of FiD and RINK on blind test
set with and without pretraining.

that performs the binary classification for reranking, without
any modification of the reader’s module. In addition, we pre-
sented pretraining method fpr the retriever’s encoder, based
on tabular-and-textual entailment and cross-modal masked
language modeling tasks, on an additionally constructed
dataset deploying two data augmentation methods — cell
corruption and cell reordering. The experimental results on
OTT-QA showed that the proposed RINK led to state-of-
the art performance and consistently confirmed that the re-
trieval step was the key component for improving the QA
performance, thus suggesting us to further investigate the
Retriever-Reranker-Reader framework as a promising ap-
proach to table-and-text ODQA.

In the future, we would like to extend the set-level RINK
by using the cross-attention scores of (Izacard and Grave
2021a) as an additional relevance signal. By extending
REALM (Guu et al. 2020) and RAG (Lewis et al. 2020b), we
would also establish an end-to-end learning framework of
Retriever-Reranker-Retriever for table-and-text ODQA and
explore data augmentation methods directly to train all the
components in the framework in a joint manner.
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