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Abstract

Open Information Extraction (Open IE) aims to extract semi-structured information from
natural language text in a domain-independent fashion. It is formulated as extracting a set of
tuples of the form (subject, relation, object) where each of the fields corresponds to a phrase
in the text. Compared to ‘closed’ information extraction based on canonical KGs, it avoids the
need for experts to define the ontology and data curators, making it scalable across domains. In
this dissertation, we describe novel Open IE systems that take advantage of recent advances in
deep neural models to tackle multiple challenges associated with building automated systems
for the task of Open IE in both monolingual and multilingual settings. We propose solutions
that represent significant advances across multiple axes — (1) design of new models, (2) exten-
sion to multiple languages, (3) support for linguistic phenomena, (4) downstream application
to Knowledge Bases and (5) release of new systems. In models, we build novel deep learning
architectures that establish new state-of-art performance by faithful modelling of the Open IE
task with pre-trained language models. We experiment with both sequence-to-sequence gen-
eration models (named IMoJIE, Gen2OIE) and sequence labeling models (named IGL, CIGL)
for the task. IMOoJIE (Iterative Memory-based Joint Open Information Extraction) iteratively
re-encodes the sentence along with the extractions generated so far to generate the remaining
extractions, ensuring diversity in the extractions. Gen2OIE is a two-stage generative model that
first generates all the relations in the sentence, followed by generating extractions corresponding
to each relation. The IGL (Iterative Grid Labeling) model labels all the words in the sentence
in an iterative fashion with tags dictating their position in the Open IE tuples. CIGL improves
over IGL by adding constraints in training to increase the coverage of the extractions. In mul-
tilinguality, to enable extension of Open IE to other languages, we need training data in the
respective language. Therefore, we build a pipeline for translating English Open IE training
data and generating high-quality data in Spanish, Portuguese, Chinese, Hindi and Telugu. In
linguistic phenomena, noticing that current Open IE systems lack in properly handling certain
linguistic phenomena such as noun compounds and conjunctions, we develop systems for noun
compound interpretation and coordination analysis which are incorporated into Open IE sys-
tems. In applications of Open IE extractions, we build a multilingual fact linking benchmark
and model for connecting textual extractions to their knowledge bases while accounting for facts
that can exist in multiple languages. In another application, we advance the state of art in Open
Knowledge Base Completion by using a two-stage entity-aware pipeline to infer new triples. Fi-
nally in systems, we release the OpenlE-6 system that represents the cutting-edge in the line of
Open IE software packages.
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[SEP] token. NNP and NN correspond for information about proper and com-
mon nouns respectively, which can be from WordNet, Named Entity tags or
Wikipedia. . . . . . . ..
The number of training, validation and testing examples in the PRONCI dataset.
CMP indicates the subset that contains only compositional examples and con-
stitutes 63.9% of the examples. Non-CMP indicates the complementary subset
that contains only non-compositional examples and constitutes the remaining
36.1% of the examples. . . . . . . . . . ... ..
Performance of MTGEN and UNIGEN on the PRONCI dataset trained under five
different knowledge settings. All the models are evaluated using the three types
of matching. ‘None’ corresponds to using no external knowledge. Adding ex-
ternal knowledge improves the performance of the models in three out of four
CASES. & v v e e e e e e e e e e e e e e e e
Performance of T5 model without any finetuning. Ponkiya et al. (2020) corre-
sponds to the zero-shot setting adapted from the corresponding paper. Few-shot
techniques use either five or ten example demonstrations. In ‘Rand’ the few-
shot examples are chosen randomly while in ‘KNN’ the nearest neighbours of
the query are chosen as the few-shot examples. Availability of annotated exam-
ples from PRONCI helps to substantially improve the performance of the model.
Overall performance remains inferior to the finetuned models. . . . . . . . ..



5.13

5.14

5.15

5.16

5.17

5.18

6.1

6.2
6.3

6.4

6.5

6.6

6.7

6.8
6.9

UNIGEN evaluated after random shuflling of characters in the proper (NNP) or

common (NN)noun. . . . .. .. .. . . . . .. ... .. 70
Quality of metrics evaluated using Pearson and Kendall rank correlation. (tuned)
indicates models that are fine-tuned on 500 manually evaluated comparisons. . 71
Performance of the two models, MTGEN and UNIGEN on the randomly split
PRONCI dataset trained under five different knowledge settings. . . . . . . .. 71
Performance of T5 model without any finetuning on the random split of PRONCI
dataset. . . . ..o 71

Performance of the UNIGEN model on the PRONCI dataset trained using differ-
ent initializations of the Seq2Seq model. Random initialization leads to a huge
drop in performance. . . . . . . . .. .. Lo 72
Performance of the UNIGEN model on PRONCI dataset trained with additional
sources of knowledge added over Sentence knowledge. The additional sources
do not provide further benefits. . . . . . . . . ... ... L. 72

Open IE examples transferred from English to Spanish, using both Independent
(Indp) and Consistent (Const) translations. Independent translation results in in-
consistencies which may have the same meaning (by using synonyms, fallecido
vs. caido) or may change the meaning (changing gender from male to female,
moderno to moderna). Consistent translation avoids these issues, resulting in
better-quality training data. . . . . . . .. .. .. Lo 77
Data statistics for Open IE examples and (English, language F) parallel sentences. 81
F1 and AUC performance of Open IE systems in Spanish (ES), Portuguese (PT),
Chinese (ZH), Hindi (HI) and Telugu (TE). Training with AACTRANS+CLP
data shows strong performance with both GenOIE and Gen2OIE models. We
also report the results of training Gen2OIE model with mT5 on all languages. . 82
Ablations of Gen2OIE model trained with AACTRANS+CLP data on ES, ZH
and HI. We analyze the effect of removing three components and re-training
the model: 1. Sentence Consistency used in AACTRANS data generation, and
2. Relation Ordering is used, and 3. Relation Coverage used in Stage-1 model

training. . . . . . . . e e e e e 83
Evaluating inconsistency between translated extractions and corresponding sen-
TBNCES. « .« v v e e e e e e 83

Evaluating CaRB F1 and AG of Gen2OIE predictions trained on SentExtTrans+CLP
and AACTrans+CLP data. We find a decreasing trend of AG with increasing F1. 84
BLEU scores of translation and AAC-translation are similar showing that the
performance improvement is because of the added consistency. . . . . . . . .. 84
Unsupervised alignment perplexity for mBERT (MA) and Trained (TA) aligners 85
F1 and AUC of Gen2OIE trained with examples generated using TA and MA
alignment strategies. (1, 2) corresponds to aligner 1 being used in AACTRANS

and aligner 2 beingusedinCLP. . . . . . .. ... ... ... ......... 85



7.1

7.2

7.3

7.4

7.5

7.6
7.7
7.8
7.9
7.10

KB linking task examples. Multilingual fact linking involves discovering the
subset of KB facts expressed in a sentence, even when fact labels are available

in a different language, requiring cross-lingual inference (Hindi-English in the
above example). Fact-linking systems only output facts already present in the

KB. Canonical fact extraction aims to discover new canonical facts not present in

the KB while using the entities and relations defined in the existing KB schema.

In contrast, Open IE extracts open-ended facts that may or may not correspond

to entities, relations, or facts defined in the KB. Q and P represent the entity and
property identifiers in Wikidata. The fact identifiers (e.g., F»3) are assigned and

are not part of Wikidata. . . . . ... ... ... ... 88
The new INDICLINK dataset (Section 7.1.3) contains examples in English and
corresponding manually translated test examples in six Indian languages. KG

fact surface forms are always available in English but are only sparsely available

in other languages. . . . . . . . . .. .. 90
Comparison of different models on the INDICLINK dataset. REFCOG with ALL-

Sum dual encoder and EL cross encoder, outperforms independent (INDCLS) and

joint (JNTCLS) classification based re-ranking on top of DE4;, sum. Ablations
indicate the importance of DE and joint prediction of S, R and O for the REFCoG
model. Constraints reduce the P@ 1, R@5 metrics but ensure production of only

valid facts. Please see Section 7.1.6.1 and Section 7.1.6.2 for further details. . . 94
Multilingual fact surface forms in Retrieval and Generation models (Section 7.1.6.3).
EL, T, ETL and ALL correspond to descriptions in English, language of in-

put text 7, EL+TL and all languages, respectively. Concat, Max and Sum re-

fer to concatenation, max and sum scoring operations. For REFCoG, we use
ALL-Sum facts for retrieval and experiment with different fact surface forms for
Cross-encoder. . . . . . . . . ... e e 96
P@1, macroP@1 of REFCoG with fact surface forms in various languages at

cross encoder stage. The macroP@1 is evaluated for the Complete test set as

well as the Subset where descriptions are available in all languages. Improve-

ment in macroP @ 1, indicates stronger performance on facts with less-frequently

occurring relations. . . . . ... Lo 96
Evaluation of KG facts linked to Open IE extractions. . . . . . ... ... ... 97
Statistics of the datasetused. . . . . . . . . ... ... ... 100
Link Prediction performance on OLPBENCH. . . . . . . ... ... ... ... 101
H@1 with increasing top-k Stage-1 samples. . . . . . . ... ... ... .... 101

Ablation of the best CEAR model, which shows the importance of BERT pre-
trained knowledge, Cross-Entity Attention and Stage-1 Entity Ranks. . . . . . . 101





