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Abstract

Much recent work in natural language generation has relied on deep learning, often using neural net-
works with soft attention mechanisms to select salient aspects from data and then construct fluent natural
language text. However, in naturally occurring descriptions of data, humans often refer to higher-level
patterns which may require complex computations on data. In many cases, neural models using soft
attention mechanisms alone struggle to extract such patterns. Moreover, users might often find such
models to be difficult to interpret and control. In this thesis, I propose methods for inducing certain types
of discrete hierarchical operations on data and text for grounded natural language generation. Compared
to using attention alone, such hierarchical operations can better model complex patterns in data, expose
interpretable intermediate computations, and enable controllable generation. In the first half of the the-
sis, I will discuss adding specific discrete hierarchical operations to neural models for different grounded
natural language generation tasks, such as image and table captioning, dialog response generation, and
constructing reasoning chains for multi-hop question-answering. These tasks span various data modal-
ities (including images, tabular data, numerical data, and knowledge bases). In the second half, I will
describe hierarchical methods for content planning in text decoders, studying rhyming patterns in poetry
generation and discrete plans for coherent narrative text generation.
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1 Introduction

We live in an era of big data, with billions of devices constantly collecting and storing raw data. However,
such data is useless without an expert to analyze it and communicate the findings to relevant stakeholders.
For example, there has been rapid digitization of personal medical data, including test reports and data
from sensors on wearable devices such as digital watches. However, such data is of not much use if
people can’t understand it. An automated system can potentially unlock valuable insights by, for instance,
detecting and giving an early warning for potential health disorders. Given the exponentially increasing
volume of data that is becoming available, there has been an increased effort in building smart systems
to assist people in making sense of such data. Importantly, natural language is a key medium for such
smart machines to effectively deliver useful insights since users might not have the expertise to interpret a
graph or understand a spreadsheet. Thus, extracting useful insights from data, and communicating them
to users through automatically generated natural language descriptions, has emerged as an important
application area for artificial intelligence (AI) technologies. However, real-world applications of such
systems need to be configurable to user preferences and should be as transparent and/or interpretable as
possible. Therefore, there is a need to enable some degree of user-control over system outputs as well as
expose some working of such systems.

But building such technologies presents a challenge - how can we build systems that reason about
data and present their results effectively in natural language? Can we leverage natural language to help
systems learn useful abstractions of data similar to what humans often do? Can we learn models that can
demonstrate controllable and interpretable use of data on output?

1.1 Motivation

This thesis deals with certain aspects of Grounded NLG (Natural Language Generation). I’ll discuss
the motivation of the work presented in this thesis in light of the framework proposed in Reiter (2007)
which describes four stages in grounded Natural Language Generation as follows: Signal Analysis, Data
Interpretation, Document Planning, Micro-planning, and Realization. While much recent work involves
neural models trained through end-to-end learning, the framework is still relevant to conceptually under-
stand and analyze how different aspects of models for grounded NLG.

1. Signal analysis involves information extraction typically not extending beyond shallow pattern
extraction. In contemporary neural models, this would typically be neural data encoders, often
including self-attention mechanisms.

2. Data Interpretation typically refers to higher-level complex patterns and should be employed
when the final text communicates more than basic patterns.

3. Planning typically involves high-level text planning involving content selection, which would also
govern aspects such as overall coherence and structure planning of text. Contemporary attention
mechanisms could be considered as a popular means to achieve this.

4. Micro planning and realization for fluent text generation, taking into account any stylistic aspects
of the text.



In the rest of this subsection, | will brie y summarize how many of the contemporary techniques
are often not able to adequately mo@eita InterpretationandPlanningaspects of NLG. Towards this
goal, | will be discussing two major existing issues: (1) Failure to model useful abstractions for complex
patterns (2) Failure to expose interpretable intermediate decisions, and enabling controllable generation.
Modeling complex patterns on data can be considered to falbata InterpretatiorandPlanningbuck-
ets, while modeling useful structures on text can be viewed to failfaningaspects (i.ePlanning
encompasses both data and text aspects.).

1.1.1 Modeling Complex Patterns forData Interpretationand Planning aspects

Recently, there has been interest in automatic description of tabular data to generate biographies from
tables of biographical information (Lebret et al., 2016; Wiseman et al., 2018), or recipes from ingredient
lists (Kiddon et al., 2016a). In many of these tasks, the main focus is on designing systems that aggregate
information into a low dimensional vector or a set of such vectors and using neural attention mechanisms
to select entries. However, in many naturally occurring descriptions of data, humans often refer to
higher-level patterns. For example, consider the following stock market description “the stock prices
peaked towards the end of the day'. To be able to generate such descriptions from stock market data
would require a model to be able to effectively identify the notions of “peak’ and “towards the end'. As |
will discuss in more detail later, simply using popular neural encoder-decoder frameworks often leads to
inferior results and are less interpretable.

Much prior work on text generation relies on recurrent and transformer neural networks trained to
maximize the likelihood of data. However, such models, including more recent large pre-trained models
such as GPT2 (Radford, 2018), often fail to capture the overall structure and coherency in multi-sentence
or long-form text (Bosselut et al., 2018; Holtzman et al., 2018; See et al., 2019). To rectify this, prior work
has proposed loss functions that encourage overall coherency or other desired behavior (Li et al., 2016b;
Zhang and Lapata, 2017; Bosselut et al., 2018). However, most of these approaches rely on manually
provided de nitions of what constitutes a good or suitable structure, thereby limiting their applicability.

In this thesis, | propose and discuss methods to induce such patterns from data itself, such as learning
rhyming constraints from poetry data without being provided any external phonetic information.

1.1.2 Interpretable and Controllable Generation

While recent progress has achieved great success in being able to generate uent text, there still exist
many issues. For instance, consider the task of difference description between a pair of images. A
model for this task would need to screen out noisy isolated changes, group together related changes, and
describe one change at atime. A straightforward method for this task would be to pass the images through
a deep neural encoder and train it to predict the difference captions. However, such a model performs
rather poorly. Firstly, it is dif cult to interpret if the model actually screens out noise and groups pixels

as expected. Attempts to use attention weights as explanations can be unreliable (Jain and Wallace,
2019). Secondly, since there can be multiple differences between two images, the above model is opaque
with respect to which particular one is being described. Issues of such nature are observed across a
wide spectrum of text generation models and tasks and include lack of effective means of controlling the
output, hallucinating content which is not present, lack of generalization to unseen contexts, and so on.
While past work with neural module networks (Andreas et al., 2016a) has explored such goals for tasks
such as question answering, there has been a lack of work in such direction for data-to-text tasks.

Much prior work on text generation has relied on directly generating the target text, without exposing
or generating interpretable plans for a generation. Some recent work has shown the usefulness of adding
the correct level of planning (Yao et al., 2019; Fan et al., 2019). However, most prior techniques rely on

rst tagging data with desired structure or plan, and then using such codes directly for training and/or
decoding. While this provides a certain level of explanation and control, naturally occurring data often
lacks such tags. Thus there is a need for a new set of models and training techniques for inducing such
useful structures or plans from the data itself.



Figure 1.1: Overview: The gure highlights the focus of this thesis in context of a conceptual framework
for grounded natural language generation proposed by Reiter (2007). Reiter (2007) outlined four major
conceptual stages in grounded natural language generation. In this thesis, | propose and discuss how
models with induced hierarchical operations for (data interpretation and planning aspects of) grounded
natural language generation often generate better quality outputs, expose patterns to effectively control
the output, and are much more interpretable compared to many contemporary methods relying on neural
attention alone.

1.2 Thesis Overview

Thesis statement:Models with Induced Hierarchical Operations for (data interpretation and planning
aspects of) Grounded Natural Language Generation often generate better quality outputs, often expose
patterns to effectively control the output, and are much more interpretable compared to many contempo-
rary methods relying on neural attention alone.

Hierarchical Interpretable Operations: | use the term Hierarchical Interpretable Operations to refer

to a variety of discrete (and often of hierarchical nature) operations including but not limited to discrete
content selection, sequence of deterministic programs of increasingly abstract nature, alignment between
portions of data and text, sparse hierarchical grouping, and so on. For example, many of the proposed
methods in this thesis leverage discrete latent random variables for data selection and alignment. This
is in contrast to the more popular way of using neural soft attention mechanisms on the entire input. As
we will demonstrate in various chapters, the proposed hierarchical interpretable operations are 1) more
interpretable to humans 2) often acts as useful inductive biases leading to improved perplexity, and other
metrics 3) often exhibit desirable characteristics such as controllable text genetation.

Part 1: Learning Interpretable Hierarchical Operations on Data: In the rst part of the thesis, | dis-

cuss applying the notion of hierarchical operations in model architectures for modeling complex patterns

in data for different tasks such as image captioning, knowledge-based dialog response generation, con-
structing reasoning chains for multihop question-answering, etc. spanning across various data modalities
(such as images, structured data, numerical data, knowledge bases). The proposed approach is in contrast
to popular contemporary techniques of encoding entire data input using neural soft attention instead of
learning and exposing more interpretable operations.

1. Chapter 2: Difference Description Generation via Interpretable Hierarchical Operations: In
Chapter 2, | discuss models for difference descriptions in structured data (Jhamtani et al., 2018)

LA note on Interpretability: In context of machine learning models, interpretability can refer to a variety of notions and
corresponding objectives (Lipton, 2016). For example, a high level English language explanation of a model for an end user
versus a gradient based visualization of model parameters for debugging purposes. In this thesis, | do not limit to a single
global de nition of model interpretability, and instead separately describe the contours of interpretability being evaluated for
the experiments and models in question.



and images (Jhamtani and Berg-Kirkpatrick, 2018) via latent interpretable operations. We release
two new datasets, one for chess game move commentary generation, and the second one for our
proposed task of captioning differences between a pair of similar images. Through experiments,
we demonstrate that the proposed models using latent operations perform better than just using
neural soft attention as per various automated and human evaluation studies. Our methods for
difference description generation have applications in computer assisted tracking of changes in
media assets, automated game commentary generation, and generating summaries of changes in
documents.

. Chapter 3: Fine-grained Reasoning for Knowledge Base Grounded Text Generatiorin this

chapter, we propose novel modeling approaches using latent reasoning chains over knowledge base
for explanation generation in multi-hop question answering (Jhamtani and Clark, 2020) and incor-
porating common-sense knowledge in a dialog system (Majumder and Jhamtani et al. (2020)).
We compare proposed methods against prior work which encodes a subset of relevant knowledge
instead of performing ne-grained selection. We observe that the proposed modeling techniques
expose interpretable reasoning chains over knowledge base, lead to improved output quality over
baselines, and are more robust to certain types of perturbations to the input. Our proposed methods
for explanation generation has applications in building tutoring systems for children. Additionally,
proposed techniques of incorporating commonsense knowledge in dialog system can enable more
natural conversations between people and dialog agents.

. Chapter 4. Inducing Neuro-Symbolic Rules for Numerical Data: In this chapter, we propose
methods to induce modules that detect useful trends such as peak or dip in time series numeri-
cal data, being guided only by accompanying natural language descriptions (Jhamtani and Berg-
Kirkpatrick, 2021). We propose a novelth-conditionalmethod to learn modules that combine

in a latent computation graph, which outputs the truth value of whether the feature represented by
the composed computation graph holds true for a given data point or not. Outputs from the pro-
posed model demonstrate higher precision and diversity compared to various baselines, and can
potentially be extended for use in other natural language generation setups to improve on factual
correctness of machine generated text.

Part II: Latent Discrete Plans for Long-form Text Generation: In the second part of the thesis, |
discuss how related techniques of hierarchical operations can be leveraged to induce latent global plans
for text generation. Many neural language models often fail to capture higher-level structures present
in text: for example, rhyming patterns present in poetry or narrative plan for coherent long-form text
generatiod. Prior work has heavily relied on the injection of external knowledge such as rhyming
knowledge, or the use of external tools to tag narrative plans, to effectively model such long-range
patterns. In the second part of the thesis, | focus on investigating whether such long-range patterns or
structures can be treated as latent variables, and be learned from the data, resulting in better quality
outputs.

1. Chapter 5: Structured Discriminators for Modeling Long-Range Latent Patterns: Much

prior work on poetry generation uses manually de ned rhyming and rhythm constraints. We pro-
pose a novestructured discriminatoin a generative adversarial setup that operates on a matrix

of self-similarity values of all pairs of line-ending words. The proposed discriminator (1) induces
an accurate rhyming metric, and (2) guides a generator to learn rhyming patterns in data without
being provided with phonetic information (Jhamtani et al., 2019). We successfully apply simi-
lar techniques for modeling self-repetition in music generation (Jhamtani and Berg-Kirkpatrick,
2019), which induces pitch and rhythm-based musical measure similarities. Such models have
applications in assisting creative professionals and students for applications such as music gener-
ation.

21n such cases, the generated text can be considered as grounded in some latent data such as a speci ¢ rhyming scheme.

4



2. Chapter 6: Latent Discrete Generation Plans for Controllable and Coherent Generation:
Prior work has shown that long-form text generation can bene t by rst creating a rough sketch
or plan for the content and then generates text conditioned on the plan. However, naturally oc-
curring data is not tagged with such plans. Compared to rhyming scheme constraints, this type of
structure is less restricted and much less formal. We propose a deep generative model which uses
a hierarchical discrete latent plan realized via a sequence of keywords. To train the model (Jham-
tani and Berg-Kirkpatrick, 2020), we propose a constrained inference network which (1) learns to
identify useful keywords from sentences (2) guides the model in learning to generate sequences of
keywords in the generation plan.

3. Chapter 7: Retrieved Snippets as Discrete Plans for Guided Generatio@utputs of many
existing dialog models are limited by the 'knowledge' available to the models at training time.
In this chapter, | discuss methods to introduce relevant additional "knowledge' at decoding time
without the need to re-train the models. In Majumder et al. (2021), we equip persona grounded
dialog models with “background stories' related to a persona by retrieving ctional narratives from
existing story datasets (e.g. ROCStories). In Jhamtani et al. (2021), we equip dialog models with
dictionary translationsof gurative English expressions to their literal counterparts to improve
dialog model handling. Such proposed techniques of incorporating commonsense knowledge in
dialog system can enable more natural conversations between people and dialog agents.



2 Difference Description via Hierarchical
Interpretable Operations

In this chapter | discuss inducing useful hierarchical abstractions on data guided by accompanying natural
language annotations contrasting the differences between two states or a pair of data points. Modeling the
changes or edits is important as our thinking is often grounded in relative states or conditions. In addition
to being a useful task in itself, this can be a useful approach to learn ne-grained classi ers (Khosla
et al., 2011), and as a tool for eliciting variety of lexicon (Maji, 2012). A straightforward approach to
such difference description generation tasks can be to simply apply popular encoders on the data. We
however are interested in learning useful and interpretable hierarchical abstractions on data, which can
hopefully outperform baselines as well. First | discuss Spot-the-diff (Jhamtani and Berg-Kirkpatrick,
2018), where we propose a model to expose salient groups of pixels to describe difference between two
similar images. Our approach begins with pixel-level difference for removal of uninteresting isolated
changes, followed by clustering of pixels for object grouping and spatial similarity, and nally followed

by cluster alignment to text description. We observe that the proposed approach acts as a useful inductive
bias leading to improved performance, and leads to controllable and interpretable caption generation. |
conclude the chapter with a brief discussion on chess commentary generation (Jhamtani et al., 2018),
where we discuss models for a chess move commentary by comparing successive chess board states
through operations which elicit which piece has moved, potential piece interactions, and game score
changes.

2.1 Introduction

The interface between human users and collections of data is an important application area for arti cial
intelligence (Al) technologies. Can we build systems that effectively interpret data and present their
results concisely in natural language? One recent goal in arti cial intelligence has been to build models
that are able to interpret and describe visual data to assist humans in various tasks. For example, image
captioning systems (Vinyals et al., 2015b; Xu et al., 2015; Rennie et al., 2017; Zhang et al., 2017)
and visual question answering systems (Antol et al., 2015; Lu et al., 2016; Xu and Saenko, 2016) can
help visually impaired people in interacting with the world. Another way in which machines can assist
humans is by identifying meaningful patterns in data, selecting and combining salient patterns, and
generating concise and uent "human-consumable' descriptions. For instance, text summarization (Mani
and Maybury, 1999; Gupta and Lehal, 2010; Rush et al., 2015) has been a long standing problem in
natural language processing aimed at providing a concise text summary of a collection of documents.

In this paper, we propose a new task and accompanying dataset that combines elements of image
captioning and summarization: the goal of “spot-the-diff' is to generate a succinct text description of
all the salient differences between a pair of similar images. Apart from being a fun puzzle, solutions to
this task may have applications in assisted surveillance, as well as computer assisted tracking of changes
in media assets. We collect and release a novel dataset for this task, which will be potentially useful
for both natural language and computer vision research communities. We used crowd-sourcing to collect
text descriptions of differences between pairs of image frames from video-surveillance footage (Oh et al.,
2011), asking annotators to succinctly descualiiesalient differences. In total, our datasets consist of



Figure 2.1: Examples from Spot-the-diff dataset: We collect text descriptions of all the differences between a pair of images.
Note that the annotations in our dataset are exhaustive wrt differences in the two images i.e. annotators were asked to describe
all the visible differences. Thus, the annotations contain multi-sentence descriptions.

descriptions for 13,192 image pairs. Figure 2.1 shows a sample data point - a pair of images along with
a text description of the differences between the two images as per a human annotator.

There are multiple interesting modeling challenges associated with the task of generating natural
language summaries of differences between images. First, not all low-level visual differences are suf -
ciently salient to warrant description. The dataset presents an interesting source of supervision for meth-
ods that attempt to learn models of visual salience (we additionally conduct exploratory experiments with
a baseline salience model, as described later). Second, humans use different levels of abstraction when
describing visual differences. For example, when multiple nearby objects have all moved in coordina-
tion between images in a pair, an annotator may refer to the group as a single concept (e.g. "the row of
cars'). Third, given a set of salient differences, planning the order of description and generating a uent
sequence of multiple sentences is itself a challenging problem. Together, these aspects of the proposed
task make it a useful benchmark for several directions of research.

Finally, we experiment with neural image captioning based methods. Since salient differences are
usually described at an object-level rather than at a pixel-level, we condition these systems on a rst-
pass visual analysis that exposes clusters of differing pixels as a proxy for object-level differences. We
propose a model which uses latent discrete variables in order to directly align difference clusters to
output sentences. Additionally we incorporate a learned prior that models the visual salience of these
difference clusters. We observe that the proposed model which uses alignment as a discrete latent variable
outperforms those that use attention alone.

2.2 "Spot-the-diff' Task and Dataset

We introduce “spot-the-diff' dataset consisting of 13,192 image pairs along with corresponding human
provided text annotations stating the differences between the two images. Our goal was to create a dataset
wherein there are meaningful differences between two similar images. To achieve this, we work with
image frames extracted from VIRAT surveillance video dataset (Oh et al., 2011), which consists of 329
videos across 11 frames of reference totalling to about 8.5 hours of videos.

2.2.1 Extracting Pairs of Image Frames
To construct our dataset, we rst need to identify image pairs such that some objects have changed

positions or have entered or left in the second image compared to the rst image. To achieve this, we
rst extract a certain number of randomly selected image frame pairs from a given video. Thereafter, we

7



Total number of annotations 13,192
Mean (std dev.) number 1:86(1:01)
of sentences per annotation
Vocabulary size 2404
Frequent word types

(>=5 occurrences) 1000
Word tokens that are 97%
frequent word types
Mean (std dev.) number ! i
of words in sentence: 10:96(4:97)
0,
% Long sentences 5

(> 20 words)

Table 2.1: Summary statistics for spot-the-diff dataset

Figure 2.2: AMT (Amazon Mechanical Turk) HIT (Human Intelligence Task) setup for data collection. We provide

the annotators with detailed instructions, along with an example showing how to perform the task. We request the
annotators to write complete English sentences, with each sentence on a separate line. We collect a total of 13,192
annotations.

compute thd., distance between the two images in each pair (under RGB representation). Finally, we
set a lower and a upper threshold on thalistance values so calculated to Iter out the image pairs with
potentially too less or too many changes. These thresholds are selected based on manual inspection. The
resulting image pairs are used for collecting the difference descriptions.

2.2.2 Human Annotation

We crowd-sourced natural language differences between images using Amazon Mechanical Turk. We re-
strict to annotators from primarily Anglophone countries: USA, Australia, United Kingdom, and Canada,
as we are working with English language annotations. We limit to those participants which have lifetime
HIT > 80%. We award 5 cents per HIT (Human Intelligence Task) to participants. We provide the anno-
tators with an example on how to work on the task. We request the annotators to write complete English
sentences, with each sentence on a separate line. We collect a total of 13192 annotations.

2.2.3 Dataset statistics
Table 2.1 shows some summary statistics about the collected dataset. Since we deal with a focused

domain, we observe a small vocabulary size. On an average there are 1.86 reported differences / sentences
per image pair. We also report inter-annotator agreement as measured using text overlap of multiple

8



Dataset BLEU-1/2/3/4 ROUGE-L

sy 041025015008 031
Moy 038022013008 034
Mo sy 066047032022 048

Table 2.2: Human agreement for our dataset. We report measures such as BLEU and ROUGE when
“evaluating' one set of human generated captions against the remaining setsepresent& captions
per data point, out of which 1 is chosen as hypothesis, while remaininpact as references.

annotations for the same image pair. We collect three sets of annotations for a small subset of the data
(467 data points) for the purpose of reporting inter-annotator agreements. We thereby calculate BLEU
and ROUGE-L scores by treating one set of annotations as “hypothesis' while remaining two sets act as
‘references'(Table 2.2). We repeat the same analysis for MS-COCO dataset and report these measures
for reference. The BLEU and METEOR values for our dataset seem reasonable and are comparable to
the values observed for MS-COCO dataset.

2.3 Modeling Difference Description Generation

We propose a neural model for describing visual difference based on the input pair of images that uses
latent alignment variable to capture visual salience. Since most descriptions talk about higher-level
differences rather than individual pixels, we rst perform a visual analysis that pre-computes a set of
difference clusters in order to approximate object-level differences, as described next. The output of this
analysis is treated as input to a neural encoder-decoder text generation model that incorporates a latent
alignment variable and is trained on our new dataset.

2.3.1 Exposing Obiject-level Differences

We rst analyze the inputimage pair for the pixel-level differences by computmigel-difference mask
followed by a local spatial analysis which segments the difference mask into clusters that approximate
the set of object-level differences. Thereafter, we extractimage features using convolutional neural mod-
els and use these as input to a neural text generation model, described later.

Pixel-level analysis:The lowest level of visual difference is individual differences between correspond-
ing pixels in the input pair. Instead of requiring our description model to learn to compute pixel-level
differences as a rst step, we pre-compute and directly expose these to the mod¢l=I(d§; 1) rep-

resent the image pair in a datum. For each such image pair in our dataset, we obtain a corresponding
pixel-difference masiM. M is abinary-valuedmatrix of the same dimensions (length and width) as
each of the images in the corresponding image pair, wherein each element in the matrix is 1 (active) if
the corresponding pixel idifferentbetween the input pair, and 0 otherwise. To decide whether a pair

of corresponding pixels in the input image pair are suf cierdifferent we calculate thé.,-distance
between the vectors corresponding to each pixel's color value (three channels) and check whether this
difference is greater than a threshdldset based on manual inspections).

While the images are extracted from supposedly still cameras, we do nd some minor shifts in the
camera alignment, which is probably due to occasional wind but may also be due to manual human in-
terventions. These shifts are rare and small, and we align the images in the pair by iterating over a small
range of vertical and horizontal shifts to nd the shift with minimum correspondiidistance between
the two images.






