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ABSTRACT

Research in model robustness has a long history. Improving model robustness generally refers

to the goal of ensuring machine learning models are resistant to a variety of imperfect training

and testing conditions. With the unprecedented progress in deep learning architectures, large-scale

training, and learning algorithms, pretrained models have become pivotal in AI. However, when

considering real-world scenarios, these models are still fragile and brittle, which impedes the safe

deployment of NLP models in production systems.

In this work, we consider wide applications in NLP and define model robustness to broader

aspects: (1) data-efficient: models can adapt to new domains with limited annotated data in both

pretrained-finetuned and trained-from-scratch set-ups; (2) resilient: models can perform reliably

under uncertainties and challenging circumstances; (3) fair: predictors or generators can make safe

decisions and filter undesirable biases especially those imbued with toxicity, hate, and social bias;

(4) trusted: models are expected to yield factual and faithful content.

To tackle these robustness issues, on the modeling side, we explored both discrete and contin-

uous latent-variable generative models and various graphical model configurations; on the learn-

ing algorithms side, we investigated generative pretraining and various discriminative finetuning

objectives in generative classifiers, gradient-based optimization, and the importance-sampled log

marginal likelihood on learning deep latent-variable models; on the applications side, we developed

document classifiers, textual relation predictors, a controllable story generator, and a hallucinated

content detector.
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CHAPTER 1

INTRODUCTION

Recent advances in large-scale pretrained language models, such as the BERT (Devlin et al., 2019a)

and GPT (Radford et al., 2019) families of models, have achieved great progress in many Natural

Language Processing (NLP) tasks, including document classification, syntactic or semantic parsing

of text, question answering, textual entailment, etc. The performance gain is generally measured

and observed on standard benchmarks, under assumptions of ideal training-test scenarios. How-

ever, when considering real-world scenarios and deployment to production systems, these models

are still fragile and brittle to domain distribution shifting (Hendrycks et al., 2020a; Lin et al., 2022;

Lee et al., 2021b), adversarial attacks (McCoy et al., 2019; Wallace et al., 2019), social bias (Zhao

et al., 2021a; Sap et al., 2020; Sun et al., 2019), and inconsistent generation issues (Falke et al.,

2019; Maynez et al., 2020; Kryscinski et al., 2020). The risk of failure predictions impedes the

safe deployment of NLP models.

To better understand robustness issues, I constructed robustness benchmarks and empirically

study model performance across multiple NLP tasks. I covered the problem of robustness from

four perspectives: (1) data-efficient: models can adapt to new domains with limited annotated data

in both pretrained-finetuned and trained-from-scratch set-ups; (2) resilient: models can perform

reliably under uncertainties and challenging circumstances; (3) fair: predictors or generators can

make safe decisions and filter undesirable biases especially those imbued with toxicity, hate, and

social bias; (4) trusted: models are expected to yield factual and faithful content.

1.1 Contribution

The primary contribution of this thesis is to investigate NLP model robustness under classification

and generation tasks, and propose solutions from dataset creation, machine learning modeling, and

learning algorithm sides. Under the categorization of applications, my work includes:
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Data-Efficient and Resilient Text Classifiers. We found the performance of widely-used dis-

criminative classifiers drops dramatically under challenging scenarios when labeled data is scarce,

noisy, or biased. We proposed LatGen (Ding and Gimpel, 2019), in which we introduced dis-

crete latent variables into the generative story and parameterized the distributions using standard

neural architectures used in conditional language modeling. In training, we performed learning by

directly maximizing the log marginal likelihood via gradient-based optimization, which achieves

comparable performance to expectation-maximization with less computing cost. We found LatGen

to be more data-efficient compared to the discriminative baselines on six document classification

benchmarks. With GenNLI (Ding et al., 2020) we applied generative classifiers from document

classification with a single text input to sentence relation inference with two text inputs. Our train-

ing objective combines generative pretraining and discriminative finetuning, in which we explore

various objectives for discriminative finetuning and find strong results with an unbounded mod-

ification to log loss. Our experiments show that GenNLI outperforms discriminative baselines

including pretrained-finetuned and trained-from-scratch models across several challenging experi-

mental settings.

Controllable Text Generators. Large-scale language models (LMs) trained on big data crawled

from the web are capable of generating human-like text. Albeit powerful, there are undesirable

features learned by LMs that lead to uncomfortable toxic, and biased content. To control gener-

ation, we explored frameworks that generate multiple, diverse outputs with desirable features via

the learned control variables. StoryGen (Tu et al., 2019) explores a variation of a sequence-to-

sequence model with attention, in which we defined an attribute embedding function that maps

control attributes to vectors. We experimented with a broad range of control attributes including

sentence length, sentiment, predicates, and frame semantics, and demonstrated that our framework

can accurately generate story continuations that match the target attribute values. LatGen (Ding

and Gimpel, 2019) and GenNLI (Ding et al., 2020) benefit from the generative frameworks that

can be applied for controllable generation. The control attributes are the label and discrete latent
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variable index. In FlowPrior (Ding and Gimpel, 2021) we explored continuous latent variable

modeling of text and focus on variations that learn expressive prior distributions over the latent

variable. This leads to models that learn a better sentence-level latent representation that helps

generate diverse outputs.

Hallucination Content Detector. Motivated from the preliminary findings that top-ranked dia-

logue generations lack knowledge-consistency with grounded documents, we investigate various

approaches for detecting hallucinated content. One key challenge is that there are few in-domain

annotated data, while data synthesized from rule-based methods are less challenging because they

rarely cover errors in real systems. We proposed an adversarial data augmentation framework that

synthesizes data sharing similar types to those incorrectly predicted instances in the dev set.

To summarize, this thesis covers my works in:

1. Latent-variable generative models for data-efficient text classification

2. Discriminatively-tuned generative classifiers for robust Natural Language Inference

3. An empirical study on model-agnostic debiasing strategies for robust Natural Language In-

ference

4. Generating diverse story continuations with controllable semantics

5. FlowPrior: learning expressive priors for latent variable sentence models

6. Detecting generation inconsistency in grounded dialogue systems

1.2 Thesis Organization

Chapter 2 presents fundamental related work. Chapter 3 defines latent generative classifiers and

discusses how they help with training efficiency. Chapter 4 presents an approach for discrimi-

natively finetuning the generative classifier to gain better performance. Chapter 5 introduces a
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framework for controllable diverse story generation and evaluates the controllability of the frame-

work. Chapter 6 presents an improvement on variational autoencoder and empirically studies

the performance of generation via latent variable sampling. Chapter 7 pivots to discuss a data

collection pipeline and adversarial data augmentation methods for hallucination detection in the

grounded dialogue domain. Finally, I discuss future work and concluding remarks in Chapters 8

and 9, respectively.
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CHAPTER 2

BACKGROUND

2.1 Probablistic Generative Modeling

2.1.1 Definition

Though definitions of generative modeling varies (Goodfellow et al., 2014; Kingma and Welling,

2014a; Devlin et al., 2019b; Liu et al., 2019; Goodfellow et al., 2016), the intuition of generative

modeling is from a famous quote from Richard Feynman: “What I cannot create, I do not under-

stand.” Connecting to recent advances of deep learning approach in generative models, one can

view these as methods that compress the large amount of data into a smaller number of parameters,

namely internalize the essence of the data in a fixed size of neural network. Generation is one way

to measure the effectiveness of the learned neural network.

In this section we will view the generative models under the lens of probability. A generative

model approximates data distribution by modeling a finite set of samples (i.e.: observations x)

from distribution x ∼ pdata. In this thesis we only consider parametric generative models.

2.1.2 Learning and Inference

Learning in context of parametric generative models is to pick parameters θ within a family of

model distributions F that minimizes the distance between probability distributions of pθ and

pdata.

min
θ∈F

distance(pdata, pθ) (2.1)

In Section 2.1.3 we will briefly discuss four representative generative models and their learning

objectives and optimization procedures. Fundamental inference of generative models include den-

sity estimation, sampling, and representation learning. In our thesis we focus on density estimation

and sampling.
5



Figure 2.1: Graphical model of autoregressive model.

Besides applying generative models to unlabelled raw data, unsupervised generative models

can be combined with discriminative classifiers. Namely one can perform unsupervised learning

on unlabeled training data and supervised learning on labeled data, and jointly train the parameters

of two. On the other hand, class-conditioned generative models can directly perform classification

tasks if we had an approximate (empirical or hypothetical) label distribution. In contrast to discrim-

inative classifiers that directly model p(y | x), generative classifiers model the joint distribution of

data and labels. We’ll discuss generative modeling on discriminative tasks in Section 2.1.4.

2.1.3 Generative Modeling on Generation Tasks

Learning from Un-Annotated Data. Given an observation x = {x1, x2, ·, xn} where xi de-

notes random variable, generative model models the joint distribution of these n random vari-

ables. Representative generative models include autoregressive models, latent variable models,

flow-based models, generative adversarial networks (GAN), and energy-based models (EBM).

Since GAN is not referenced throughout the thesis, we will only discuss the other four models in

this section.

Autoregressive Models. Figure 2.1 shows graphical model of autoregressive model. By apply-

ing the chain rule:

p(x) = p(x1)p(x2 | x1)p(x3 | x1, x2) · p(xn | x1, ·, xn1) (2.2)

Autoregressive models includes fully visible Sigmoid Belief Network (FVSBN) (Gan et al.,

2015), Neural Autoregressive Density Estimation (NADE) (Larochelle and Murray, 2011), Masked
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Autoencoder for Distribution Estimation (MADE) (Germain et al., 2015). One of the most com-

monly used autoregressive models is Recurrent Neural Nets (RNN) (Hochreiter, 1998), which

keeps the history in order to process long sequences. More recent works include Character RNN

(Kim et al., 2016), pixel RNN (van den Oord et al., 2016), WaveNet (Oord et al., 2016).

Training an autoregressive model is to optimize the maximum likelihood estimation (MLE)

objective via stochastic gradient descent. Inference and sampling follows the sequential procedure.

Latent Variable Models. There are lots of variability under the observation x. Unless these

factors are annotated with input, they can be treated as as latent variables and modeled explicitly.

Latent variables could be discrete (our work in Section 3.3) or continuous (our work in Chap-

ter 6). Training is to encode high-level features into the latent variables z. The intuition is that

if z is able to capture the key factors, modeling p(x|z) can be much easier than modeling p(x)

directly. The joint distribution p(x, z) = p(x | z)p(z), and the generative story follows z ∼ p(z),

x ∼ p(x | z).

Mixture of Gaussian (MOG) is a discrete latent variable model:

z ∼ Categorical(1, · · · , K)

p(x | z = k) = N (µk, diag(σ
2
k)) (2.3)

where K is the number of clusters (i.e., mixture components) and the generative story is sampling

a data point from the selected Gaussian component.

Variational Autoencoders (VAE) is a widely used deep latent variable model with a mixture of

an infinite number of Gaussians:

z ∼ N (0,1)

pθ(x | z) = N (µθ(z), diag(σ
2
θ(z))) (2.4)
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Figure 2.2: Graphical model of VAE.

where µθ and σ2θ(z) are parameterized via neural networks.

Learning a latent variable is to maximize the marginal loglikelihood log p(x; θ) which requires

to sum or integral over latent variables. This is tractable when we have a smaller set of discrete

latent variables. However, for continuous variables, log
∫
z p(x, z; θ) dx is generally intractable.

Figure 2.2 is the graphical model of VAE. VAEs introduce an approximate posterior qϕ(z | x)

parameterized using a neural network (i.e., an “inference network”), and maximize the evidence

lower bound (ELBO) instead of log marginal likelihood:

log p(x) ≥ Eqϕ(z|x)[log pθ(x|z)]−KL(qϕ(z|x) || N (0,1)) (2.5)

Flow-based Models. In standard latent variable model, we generally assume simple prior distri-

bution of latent variables (e.g., p(z) ∼ N (0,1)) which are easy to sample from. This motivates the

use of normalizing flow, in which one can map a simple distribution to a complex one (multi-modal

distribution) with change of variables.

In change of variables formula, we start with a base density pϵ(ϵ), and define a bijection func-

tion f : ϵ ∈ Rn → Z ∈ Rn, that maps from ϵ ∼ pϵ to the target z ∼ pZ . Note that ϵ and z need

to be continuous and have the same dimension, and Z = f(ϵ) and ϵ = f−1(Z). According to the
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change of variable formula:

log pZ(z) = log pϵ(f
−1(z)) + log

∣∣∣∣det(∂f−1(z)∂z

)∣∣∣∣ (2.6)

where
∂f−1(z)
∂z

is the Jacobian of f at z.

A normalizing flow (NF) is a sequence of invertible, deterministic transformations:

zL = fL ◦ fL−1 ◦ ... ◦ f1(z0)

z0 = f−11 ◦ ... ◦ f−1L−1 ◦ f
−1
L (zL) (2.7)

where zi is random variable, f1, f2, ..., fL are all bijective functions. By repeatedly applying the

rule for change of variables, the base density is transformed into a more complex one. Using the

change-of-variables theorem, given a latent variable zL, we can compute the exact density under

the prior with the “image” z0 acquired by inverting the transformation:

log p(zL) = log pz0(z0)−
L∑
l=1

log(| det(
∂fl(zl−1)
∂zl−1

)|) (2.8)

Networks parameterized using NF can be trained through exact maximum log-likelihood com-

putation. Exact sampling is performed by drawing sample from the base distribution and perform-

ing the chain of transformations.

Computing the Jacobian of functions with high dimension and the determinants of large ma-

trices (i.e., the two main computation in NF) are very expensive. Prior work has addressed this

challenge by introducing efficient transformations (Dinh et al., 2015, 2016; Germain et al., 2015;

Kingma et al., 2016; Kingma and Dhariwal, 2018; Ho et al., 2019). Our work of flow-based prior

(Section 6) is based on real-valued non-volume preserving (real NVP; Dinh et al., 2016) which is

efficient in both training and sampling. The main building block of real NVP transformation is the

affine coupling layer.
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An affine coupling layer is a bijective transformation fi : zi−1 → zi that follows the equations:

z
(1:d)
i = z

(1:d)
i−1

z
(d+1:D)
i = z

(d+1:D)
i ⊙ exp(s(z

(1:d)
i−1 )) + t(z

(1:d)
i−1 )

where D is the dimensionality, z(1:d)i stands for the first d dimensions of zi (d < D); s and t

denote the functions for scale and translation operations that map from Rd → RD−d; and ⊙

denotes element-wise product.

The Jacobian determinant and inverse of the affine coupling layer are easy to compute. The

transformation is flexible because its computation of the Jacobian determinant and inverse do not

require any operations with the functions s and t, so these two functions could be designed to be

arbitrarily complex.

Energy-based Models. Probability distribution is the fundamental in generative modeling, in

which requires p(x) to be both non-negative and normalized. Normalization requires integral

over the space of all possible variable configurations, which is intractable in most of cases. This

motivates the EBM framework. EBM provides a theoretical framework that generalize across many

probabilistic and non-probabilistic models (LeCun et al., 2006). Each configuration of random

variables p(x) is associated with a scalar called energy Eθ(x) that captures the dependencies

between variables. x with lower energy (high -Eθ(x)) are more likely being observed under the

data distribution. The EBM is defined as (LeCun et al., 2006):

pθ(x) =
exp (−Eθ(x))

Z(θ)
(2.9)

where Z is the normalization constant. Z(θ) =
∫
exp(−E(x)) dx is also called partition function.

While EBM benefits from flexibility in the form of energy function, it is difficult to learn

and inference due to the intractable normalization constant. For applications that do not require
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computing Z(θ) and only need relative comparisons of the quantity of energies, EBM provides a

simple solution. For example, given x1 and x2 we can compare them with

p(x1)/p(x2) = exp(−Eθ(x1) + Eθ(x2)) (2.10)

in which the normalization constant is canceled off.

2.1.4 Generative Modeling on Classification Tasks

Classification Tasks. In classification tasks, the computer program is asked to specify which of k

categories the input belong to. Modeling and learning is to produce a function f : R→ {1, · · · , k}.

Given y = f(x), the model assigns an input vector x to a category identified by numeric code y

(Goodfellow et al., 2016). Another method to formalize the classifier is to define a classification

framework score(x, y, θ), namely we assign a score to each label y for input x, parameterized by

parameters θ (Gimpel, 2018). Learning is to choose parameters θ that maximize the score of input

and gold standard label. At inference time, one search over the space of all labels and predict by

argmaxy score(x, y, θ).

Discriminative Classifier. Discriminative classifier models conditional probability of input and

label:

score(x, y, θ) = pθ(y | x) (2.11)

Training is to maximize the conditional probability of labels given input. Standard discriminative

classifiers include Logistic Regression, Multilayer Perceptron (MLP), Conditional Random Field

(CRF), Maximum Entropy Markov Model (MEMM), and Sequence-to-sequence Model (Seq2seq).
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Generative Classifier. Generative classifier models the joint probability of input and label, is

often decomposed into:

score(x, y, θ, ψ) = pθ,ψ(x, y) = pθ(x | y)pψ(y) (2.12)

Training is to maximize the joint probability of input and label. Standard generative classifiers

include Naive Bayes, Gaussian Mixture Model (GMM), Hidden Markov Model (HMM), Proba-

bilistic Context-Free Grammars (PCFG), and IBM translation models.

Discriminative Trained Generative Classifier. Besides directly maximizing joint probability of

input and label, generative classifiers can be trained discriminatively. According to Bayes rule,

pθ,ψ(y | x) =
pθ(x | y)pψ(y)∑
y′ pθ(x | y′)pψ(y′)

(2.13)

Thus, one can optimize parameters of the generative classifier by maximizing the discriminative

objective.

Generative Model in Discriminative Classifier. Grathwohl et al. (2020) reinterpret the discrim-

inative classifier as a Joint Energy-based Model and use the extra degree of freedom hidden within

the logits to define the density function over input pθ(x), as well as the joint density of input and

label pθ(x, y).

Here we consider energy and energy function, a specific type of score and score function de-

fined in EBM (LeCun et al., 2006). In contrast to prior score function that produces a normalized

probability for an input and label pair, here the energy function produces an unnormalized scalar,

i.e. the energy Eθ(x, y). With discriminative classifier g, energy is interpreted as negative logit.

Logits are used to parameterize a categorical distribution using softmax in discirminative classifier:

pθ(y | x) =
exp(gθ(x)[y])∑
y′ exp(gθ(x)[y

′])
(2.14)
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Eθ(x, y) = −gθ(x)[y] (2.15)

By definition of EBM,

pθ(x, y) =
exp (gθ(x)[y])

Z
(2.16)

Marginalizing over y,

pθ(x) =

∑
y exp (gθ(x)[y])

Z
(2.17)

Now we can define the energy of x as

Eθ(x) = −LogSumExp(gθ(x)[y]) (2.18)

Thus we derived a generative model in discrimintive classifier. Prior works train this joint EBM

via noise contrastive estimation (NCE) (He et al., 2021) or stochastic gradient Langevin dynamics

(SGLD) (Grathwohl et al., 2020).

2.1.5 Generative Classifiers

While discriminative classifiers directly model the posterior probability of the label given the input,

i.e., p(y | x), generative classifiers instead model the joint probability p(x, y), typically factoring

it into p(x | y) and p(y) and making decisions as follows:

ŷ = argmax
y

p(x | y)p(y)

Most neural network classifiers are trained as discriminative classifiers as these work better when

conditions are favorable for supervised learning, namely that training data is plentiful and that the

training and test data are drawn from the same distribution. While discriminative classifiers are

generally preferred in practice, there is certain prior work showing that generative classifiers can

have advantages in certain conditions, especially when training data is scarce, noisy, and imbal-
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anced (Yogatama et al., 2017; Lewis and Fan, 2019; Ding and Gimpel, 2019).

Ng and Jordan (2002) proved theoretically that generative classifiers can approach their asymp-

totic error much faster, as naı̈ve Bayes is faster than its discriminative analogue, logistic regression.

Yogatama et al. (2017) compared the performance of generative and discriminative classifiers and

showed the advantages of neural generative classifiers in terms of sample complexity, data shift,

and zero-shot and continual learning settings. Ding and Gimpel (2019) further improved the perfor-

mance of generative classifiers on document classification by introducing discrete latent variables

into the generative story. Lewis and Fan (2019) developed generative classifiers for question an-

swering and achieved comparable performance to discriminative models on the SQuAD (Rajpurkar

et al., 2016) dataset, and much better performance in challenging experimental settings.

In this paper, we develop generative models for natural language inference inspired by models

for sequence-to-sequence tasks. We additionally contribute an exploration of several discriminative

objectives for fine-tuning our generative classifiers, finding multiple choices to outperform log loss

used in prior work. We also compare our generative classifiers with fine-tuning of large-scale

pretrained models, and characterize performance under other realistic settings such as imbalanced

and noisy datasets.

2.2 Model Robustness

2.2.1 Robustness toward Distribution Shift

Model robustness towards distribution shift is to ensure model can be generalized to a new domain

or new data distribution that is not available during training, i.e., the models’ performance should

not degrade when test data is different from training data. It is connected to work on transfer

learning, domain adaptation, and domain generalization (Pan and Yang, 2009; Muandet et al.,

2013; Patel et al., 2015; Wilson and Cook, 2020; Hendrycks et al., 2020b; Gulrajani and Lopez-

Paz, 2020). The change of distribution includes the change of data domain, and the change of
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users that leads to differences in dialects, languages, word use, and grammar (Blodgett et al., 2016;

Miller et al., 2020; Demszky et al., 2021).

2.2.2 Robustness towards Adversarial Attacks

Adversarial examples are generally crafted examples that are meaningful and imperceptible to

humans but challenging to models to make the correct predictions. Adversarial examples reveal

areas of the input space where the model performs badly, allowing for better understanding and

improvement. Adversarial training develops more robust models that may even perform better on

non-adversarial cases by utilizing these examples as training data. Recent efforts in adversarial

attacks include Ebrahimi et al. (2018b); Alzantot et al. (2018); Elliott (2018); Carton et al. (2018);

Ebrahimi et al. (2018a); Wang et al. (2018b).

2.2.3 Robustness towards Biases

There are two main biases studied in the field of NLP robustness, one is robustness towards spuri-

ous biases, and the other is the robustness towards undesirable gender biases.

In the first thread, prior works found models utilize spurious correlations between inputs and

the labels to make the prediction. However, one can not build causal relation between the spurious

features and the tasks’ labels. The spurious correlations includes dataset biases from the data

collection process, annotation artifacts (Gu et al., 2019; Amiri et al., 2018; Durmus et al., 2022;

Wu et al., 2022; Han and Tsvetkov, 2021; Yaghoobzadeh et al., 2021; Tu et al., 2020).

The second thread is often connected to works in filtering unwanted gender stereotypes. These

biased systems carry the societal stereotypes present in training data, and have the potential to

not only mimic but also amplify stereotypes in society. To mitigate gender biases, recent efforts

include Rudinger et al. (2018); Zhao et al. (2018); Park et al. (2018); Zhao et al. (2017a); Bordia

and Bowman (2019); Alfaro et al. (2019) .
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CHAPTER 3

LATENT-VARIABLE GENERATIVE MODELS FOR DATA-EFFICIENT

TEXT CLASSIFICATION

3.1 Introduction

The most widely-used neural network classifiers are discriminative, that is, they are trained to

explicitly favor the gold standard label over others. The alternative is to design classifiers that are

generative; these follow a generative story that includes predicting the label and then the data con-

ditioned on the label. Discriminative classifiers are preferred because they generally outperform

their generative counterparts on standard benchmarks. These benchmarks typically assume large

annotated training sets, little mismatch between training and test distributions, relatively clean

data, and a lack of adversarial examples (Zue et al., 1990; Marcus et al., 1993a; Deng et al., 2009;

Lin et al., 2014). However, when conditions are not ideal for discriminative classifiers, generative

classifiers can actually perform better. Ng and Jordan (2002) showed theoretically that linear gener-

ative classifiers approach their asymptotic error rates more rapidly than discriminative ones. Based

on this finding, Yogatama et al. (2017) empirically characterized the performance of RNN-based

generative classifiers, showing advantages in sample complexity, zero-shot learning, and continual

learning. Recent work in generative question answering models (Lewis and Fan, 2019) demon-

strates better robustness to biased training data and adversarial testing data than state-of-the-art

discriminative models.

In this work, we focus on settings with small amounts of annotated data and improve generative

text classifiers by introducing discrete latent variables into the generative story. Accordingly, the

training objective is changed to log marginal likelihood of the data as we marginalize out the latent

variables during learning. We parameterize the distributions with standard neural architectures

used in conditional language models and include the latent variable by concatenating its embedding

to the RNN hidden state before computing the softmax over words. While traditional latent variable
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learning in NLP uses the expectation-maximization (EM) algorithm (Dempster et al., 1977), we

instead simply perform direct optimization of the log marginal likelihood using gradient-based

methods. At inference time, we similarly marginalize out the latent variables while maximizing

over the label.

We characterize the performance of our latent-variable generative classifiers on six text classi-

fication datasets introduced by Zhang et al. (2015). We observe that introducing latent variables

leads to large and consistent performance gains in the small-data regime, though the benefits of

adding latent variables reduce as the training set becomes larger.

To better understand the modeling space of latent variable classifiers, we explore several graph-

ical model configurations. Our experimental results demonstrate the importance of including a

direct dependency between the label and the input in the model. We study the relationship between

the label, latent, and input variables in our strongest latent generative classifier, finding that the

label and latent capture complementary information about the input. Some information about the

textual input is encoded in the latent variable to help with generation.

We analyze our latent generative model by generating samples when controlling the label and

latent variables. Even with small training data, the samples capture the salient characteristics of

the label space while also conforming to the values of the latent variable, some of which we find

to be interpretable. While discriminative classifiers excel at separating examples according to

labels, generative classifiers offer certain advantages in practical settings that benefit from a richer

understanding of the data-generating process.

3.2 Discriminative and Generative Baselines

Our generative baselines, i.e. generative text classifiers, are essentially the same as those from

Yogatama et al. (2017). The main difference between our baselines and the models in Yogatama

et al. (2017) are: (1) their discriminative classifier uses an LSTM with “peephole connections”;

(2) they evaluate a label-based generative classifier that uses a separate LSTM for each label. We
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instead use a shared LSTM for all labels which has similar performance to the seperate ones.

Our classifiers are trained on datasets D of annotated documents. Each instance ⟨x, y⟩ ∈ D

consists of a textual input x = {x1, x2, ..., xT }, where T is the length of the document, and a label

y ∈ Y .

Discriminative Baselines. we encode a document x using an LSTM (Hochreiter and Schmidhu-

ber, 1997a), and use the average of the LSTM hidden states as the document representation. The

classifier is built by adding a softmax layer on top of the LSTM state average to get a probability

distribution over labels.

Generative Baselines. We parameterize log p(x | y) as a conditional LSTM language model

using the standard sequential factorization:

log p(x | y) =
T∑
t=1

log p(xt | x<t, y) (3.1)

We define a label embedding matrix VY ∈ Rd1×|Y|. To predict the next word xt+1, we concatenate

the LSTM hidden state ht with the label embedding vy (a column of VY ), and feed it to a softmax

layer to get the probability distribution over the vocabulary. The label prior p(y) is acquired via

maximum likelihood estimation and fixed during training of the remaining parameters.

Inference. Prediction is made by maximizing p(y | x) with respect to y for the discriminative

classifier and maximizing p(x | y)p(y) for the generative classifier.

3.3 Latent-Variable Generative Classifiers

We now introduce discrete latent variables into the standard generative classifier as shown in Fig-

ure 3.1. We refer to the latent-variable model as an auxiliary latent generative model, as we expect

the latent variable to contain auxiliary information that can help with the generation of the input.
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Figure 3.1: Graphical models of (a) standard generative classifier and (b) auxiliary latent generative
classifier.

Following the graphical model structure in Figure 3.1(b), we factorize the joint probability

p(x, y, c) as follows:

p(x, y, c) = pΘ(x | c, y)pΦ(c)pΨ(y) (3.2)

We parameterize pΘ(x | c, y) as a conditional LSTM language model using the same factorization

as above:

log pΘ(x | c, y) =
T∑
t=1

log pΘ(xt | x<t, c, y) (3.3)

where Θ is the set of parameters of the language model. As in the generative classifier, we use

a label embedding matrix VY . In addition, we define a latent variable embedding matrix VC ∈

Rd2×|C| where C is the set of values for the discrete latent variable. Also like the generative

classifier, we use an LSTM to predict each word with a softmax layer:

pΘ(xt | x<t, c, y) ∝ exp{u⊤xt([ht; vy; vc]) + bxt} (3.4)

where ht is the hidden representation of x<t from the LSTM, vy and vc are the embeddings for the

label and the latent variable, respectively, [u; v] denotes vertical concatenation, uxt is the output

word embedding, and bxt is a bias parameter.
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The prior distribution of the latent variable is parameterized as follows:

pΦ(c) ∝ exp{w⊤c vc + bc} (3.5)

where Φ is the set of parameters for this distribution which includes the vector wc and scalar bc for

each c.

As in the standard generative model, the label prior pΨ(y) is acquired from the empirical label

distribution in the training data and remains fixed during training.

Training. As is standard in latent-variable modeling, we train our models by maximizing the log

marginal likelihood:

max
Θ,Φ,VC ,VY

∑
⟨x,y⟩∈D

log
∑
c∈C

pΘ(x | c, y)pΦ(c)pΨ(y) (3.6)

In NLP, these sorts of optimization problems are traditionally solved with the EM algorithm. How-

ever, we instead directly optimize the above quantity using automatic differentiation. This is nat-

ural because we use softmax-transformed parameterizations; a more traditional parameterization

would assign parameters directly to individual probabilities, which then requires constrained opti-

mization.

Inference. The prediction is made by marginalizing out the latent variables as follows:

ŷ = argmax
y∈Y

∑
c∈C

pΘ(x | c, y)pΦ(c)pΨ(y) (3.7)

Differences with ensembles. Our latent-variable model resembles an ensemble of multiple gen-

erative classifiers, but there are two main differences. First, all parameters in the latent genera-

tive classifier are trained jointly, while a standard ensemble combines predictions from multiple,
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Dataset #Train #Dev #Test #Labels

Yelp Polarity 555k 5k 7.6k 2
Yelp Full 645k 5k 50k 5
AGNews 115k 5k 7.6k 4

Sogou 445k 5k 60k 5
Yahoo 1395k 5k 60k 10

DBpedia 555k 5k 70k 14

Table 3.1: Text classification datasets used in our experiments.

independently-trained models. Joint training leads to complementary information being captured

by latent variable values, as shown in our analysis. Moreover, a standard ensemble will lead to

far more parameters (10, 30, or 50 times as many in our experimental setup) since each generative

classifier is a completely separate model. Our approach simply conditions on the embedding of the

latent variable value and therefore does not add many parameters.

3.4 Experiments

Dataset. We present our results on six publicly available text classification datasets introduced

by Zhang et al. (2015), which include news categorization, sentiment analysis, question/answer

topic classification, and article ontology classification. Dataset names and statistics are shown in

Table 3.1.

To compare classifiers across training set sizes, we follow the setup of Yogatama et al. (2017)

and construct multiple training sets by randomly sampling 5, 20, 100, 1k, 2k, 5k, and 10k instances

per label from each dataset.

Training Details. In all experiments, the word embedding dimension and the LSTM hidden state

dimension are set to 100. All LSTMs use one layer and are unidirectional. The label dimensionality

of all generative classifiers is set to 100. We adopt the same parameter settings as Yogatama

et al. (2017) to ensure the results are comparable. For the latent-variable generative classifiers, we
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models Yelp P Yelp F AGNews Sogou Yahoo DBpedia

generative classifier (ours, shared-LSTM) 92.61 57.36 89.88 89.57 68.87 96.46
discriminative classifier (ours) 96.37 65.81 90.09 96.43 73.10 98.78

gen LSTM-shared (Yogatama et al., 2017) 88.20 52.70 90.60 90.30 69.30 95.40
gen LSTM-independent (Yogatama et al., 2017) 90.00 51.90 90.70 93.50 70.50 94.80
disc model (Yogatama et al., 2017) 92.60 59.60 92.10 94.90 73.70 98.70

bag of words (Zhang et al., 2015) 92.20 58.00 88.80 92.90 68.90 96.60
fastText (Joulin et al., 2017) 95.70 63.90 92.50 96.80 72.30 98.60
char-CRNN (Xiao and Cho, 2016) 94.50 61.80 91.40 95.20 71.70 98.60
very deep CNN (Conneau et al., 2017b) 95.70 64.70 91.30 96.80 73.40 98.70

Table 3.2: Summary of the results on the full datasets. Our implementation of the generative model
share parameters among classes.

choose 10 or 30 latent variable values with embeddings of dimensionality 10, 50, or 100.

For optimization, we use Adam (Kingma and Ba, 2015a) with learning rate 0.001. We do early

stopping by evaluating the classification accuracy on the development set.

Due to memory limitations and computational costs, we truncate the length of the input se-

quences to 80 tokens before adding <s> and </s> to indicate the start and end of the document.

Though truncation decreases the performance of the models, all models use the same truncated

inputs, so the comparison is still fair.1

Baselines. To confirm we have built strong baselines, we first compare our implementation of

the generative and discriminative classifiers to prior work. Our results in Appendix A show that

our baselines are comparable to those of Yogatama et al. (2017).
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∆(Lat., Gen.) ∆(Lat., Disc.)
AGNews DBpedia AGNews DBpedia

5 +12.3 +3.3 +7.2 +34.0
20 +23.5 +3.3 +17.7 +41.8
100 +9.8 +1.8 +16.0 +17.5
1k +2.0 +0.9 +8.0 +0.0
all +0.1 -0.4 +0.3 -2.4

Table 3.3: ∆(Lat., Gen.): change in accuracy when moving from generative to latent generative
classifier; ∆(Lat., Disc.): change in accuracy when moving from discriminative to latent genera-
tive classifier. The first column shows the number of training instances per class.

3.5 Results

3.5.1 Comparison of Baselines

To indicate we have built a strong baseline, we first compare our implementation of the generative

and discriminative classifiers to prior work. Note that here we use the whole training set without

any truncation on the sequence length.

Table 3.2 shows that our standard generative and discriminative LSTM models are comparable

with Yogatama et al. (2017). All other well-performing models listed in the table are discriminatve

models that use more complex modeling methods such as attention to boost performance. Since

the focus of our paper is the impact of adding latent variables to generative models, we do not use

more complex techniques when building our baselines.

Our results show that our standard generative and discriminative LSTM models are comparable

with Yogatama et al. (2017). We also see that the generative models have lower classification

accuracies with the full training set, which agrees with the findings in the prior work.
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Figure 3.2: Comparison of classification accuracy of the discriminative (Disc.), standard generative
(Gen.), and latent generative (Lat.) classifiers training across training set sizes.

3.5.2 Data Efficiency

Figure 3.2 shows results for the discriminative, generative, and latent generative classifiers in terms

of data efficiency. Data efficiency is measured by comparing the accuracies of the classifiers when

trained across varying sizes of training sets. Numerical comparisons on two datasets are shown in

Table 3.3.

With small training sets, the latent generative classifier consistently outperforms both the gener-

ative and discriminative classifiers. When the generative classifier is better than the discriminative

one, as in DBpedia, the latent classifier resembles the generative classifier. When the discrimi-

native classifier is better, as in Yelp Polarity, the latent classifier patterns after the discriminative

classifier. However, when the number of training examples is in the range of approximately 5,000

to 10,000 per class, the discriminative classifier tends to perform best.

With small training sets, the generative classifier outperforms the discriminative one in most

1. In other experiments, we compared performance with different truncation limits across training set sizes, finding
the trends to be consistent with those presented here.
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5 20 100 1k all

Yelp P

Gen. 55.4 59.0 69.8 78.6 87.5
Gen. PC 55.4 58.4 69.5 78.5 87.5
Lat. 62.5 66.6 73.5 81.2 87.3
Lat. PC 62.2 66.2 73.0 80.8 87.1

AGNews

Gen. 35.1 37.8 68.7 84.0 90.0
Gen. PC 33.7 37.8 68.4 83.2 89.8
Lat. 47.4 61.4 78.5 86.1 90.1
Lat. PC 47.2 61.4 78.3 84.5 90.1

Table 3.4: Accuracy comparison of standard generative (Gen.) and latent (Lat.) classifiers under
earlier experimental configurations and parameter-comparison configurations (PC). When con-
trolling for the number of parameters, the latent classifier still outperforms the standard generative
classifier, which indicates the performance gains are due to the latent variables instead of an in-
creased number of parameters.

cases except the very smallest training sets. For example, in the Yelp Review Polarity dataset, the

first two points are from classifiers trained with only 10 and 40 instances in total.

The other case in which generative classifiers underperform is when training over large training

sets, which agrees with the theoretical and empirical findings in prior work (Yogatama et al., 2017;

Ng and Jordan, 2002).

3.5.3 Effect of Latent Variables

We conduct a comparison to demonstrate that the performance gains are due to the latent-variable

structure instead of an increased number of parameters when adding the latent variables.2

For the latent generative classifier, we choose 10 latent variable values with embeddings of

dimensionality 10, and a label dimensionality of 100 (Lat. PC in Table 3.4). For the standard

generative classifier, we choose a label dimensionality of 110 (Gen. PC in Table 3.4). So, the

numbers of parameters are comparable, since we ensure the same number of parameters in the

2. The results in the preceding sections use the models with configurations tuned on the development sets. We
follow the practice of Yogatama et al. (2017) and fix label dimensionality to 100, as described in Section 3.4. The only
tuned hyperparameters are the number of latent variable values and the dimensions of their embeddings.
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Figure 3.3: Graphical models of (a) auxiliary, (b) joint, (c) middle, and (d) hierarchical latent
generative classifiers.

“output” word embeddings in the softmax layer of the language model, which is the decision that

most strongly affects the number of parameters.

Table 3.4 shows the results with different configurations, including the choices mentioned

above as well as the results from earlier configurations mentioned in the paper. We observe that

the latent generative classifiers still perform better in terms of data efficiency, which shows that the

latent-variable structure accounts for the performance gains.

3.5.4 Effect of Latent Variables

There are multiple choices to factorize the joint probability of the variables x, y, and c, which

correspond to different graphical models. Here we consider other graphical model structures,

namely those shown in Figure 3.3. We refer to the model in Figure 3.3(b) as the “joint” latent

generative classifier since it uses the latent variable to jointly generate x and y. We refer to the

model in Figure 3.3(c) as the “middle” latent generative classifier as the latent variable separates

the textual input from the label. We use similar parameterizations for these models as for the

auxiliary latent classifier, with conditional language models to generate x where the embedding of

the latent variable is concatenated to the hidden state as in Section 3.3.

Figure 3.4 shows the comparison of the standard and the three latent generative classifiers on
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Figure 3.4: Comparison of generative classifier (gen) and latent generative classifiers (middle gen,
joint gen, aux gen).

5 20 100 1k all

Yelp P +6.4 +8.2 +6.6 +8.6 +3.4
Yelp F +4.7 +7.7 +11.3 +9.0 +11.8

AGNews +13.4 +19.9 +27.9 +1.8 +0.4
Sogou +22.3 +24.0 +13.9 +3.3 +2.8
Yahoo +8.4 +17.7 +22.5 +11.1 +3.6

DBpedia +44.6 +44.6 +28.4 +8.8 +2.3

Table 3.5: Changes in accuracy when adding a directed edge from the label to the input, i.e.,
the improvement in accuracy when moving from the middle to the hierarchical latent generative
classifier. Each column shows a different number of training instances per class.

Yelp Review Polarity, AGNews, and DBpedia.3 We observe that the auxiliary model consistently

performs best, while the other two latent generative classifiers do not consistently improve over the

standard generative classifier. On DBpedia, we see surprisingly poor performance when adding

latent variables suboptimally. This suggests that the choice of where to include latent variables has

a significant impact on performance.

Dependency between label and input variable. We observe that the most prominent difference

between the auxiliary and the other two latent-variable models is that the label variable y is di-

rectly linked to the input variable x in the auxiliary model, which is also the case in the standard

generative model.

3. Similar trends are observed for all datasets, so we only show three for brevity.
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In order to verify the importance of this direct dependency between the label and input, we

create a new latent-variable model by adding a directed edge between y and x to the middle latent

generative model. We refer to this model as the “hierarchical” latent generative classifier, which is

shown in Figure 3.3(d). The results in Table 3.5 show the performance gains after adding this edge,

which are all positive and sometimes very large. The resulting hierarchical model is very close in

performance to the auxiliary model, which is unsurprising because these two models differ only in

the presence of the edge from y to c.

3.5.5 Learning via Expectation-Maximization

The results reported before are evaluated on the classifiers trained by directly maximizing the log

marginal likelihood via gradient-based optimization. In addition, we train our latent generative

classifiers with the EM algorithm (Salakhutdinov et al., 2003).

EM provides a general purpose local search algorithm for learning parameters in probabilistic

models with latent variables, and it has been widely used in much prior work and has shown its

efficacy in terms of convergence (Ruder et al., 2018; Neal and Hinton, 1998; Dempster et al.,

1977).

Salakhutdinov et al. (2003) theoretically study the close relationship between EM and direct

optimization approaches with gradient-based methods. Here we empirically characterize the per-

formance of our auxiliary latent generative classifiers with different training methods, namely EM

and stochastic gradient descent (SGD) (Bottou, 2010) for direct optimization.

For our latent generative classifiers, the Expectation (E) step computes the posterior distribu-

tions over the latent variable:

p̂(c | x, y)← p(x, y, c)∑
c′∈C p(x, y, c

′)
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AGNews Sogou
Direct EM Direct EM

5 47.4 (62) 47.4 (62) 61.1 (144) 61.2 (147)
20 61.4 (72) 61.1 (69) 72.1 (30) 72.2 (29)

100 78.5 (10) 78.5 (10) 81.4 (11) 81.4 (11)
1k 86.1 (18) 86.1 (18) 86.4 (9) 85.9 (9)
all 90.1 (7) 90.0 (5) 86.9 (0) 86.9 (0)

Table 3.6: Comparison of the classification accuracy and convergence speed of the classifiers
trained with direct optimization (Direct) of the log marginal likelihood and the EM algorithm
(EM). The numbers inside the parentheses are the numbers of epochs required to reach the classi-
fication accuracies listed outside the parentheses.

The Maximization (M) step seeks to find new parameter estimates by maximizing the following:

∑
⟨x,y⟩∈D

∑
c∈C

p̂(c | x, y) log p(x, y, c)

To speed convergence, we use a mini-batch version of EM, updating the parameters after each

mini-batch. Our results in Table 3.6 show that the direct approach and the EM algorithm have

similar performance in terms of classification accuracy and convergence speed in optimizing the

parameters of our latent models. Similar trends appear for the other datasets.

3.5.6 Analysis

We take the strongest latent-variable model, the auxiliary latent generative classifier, and analyze

the relationship among the latent, input, and label variables. We use the AGNews dataset, which

contains 4 categories: world, sports, business, and sci/tech. The classifier we analyze has 10 values

for the latent variable and is trained on a training set containing 1k instances per class.

We first investigate the relationship between the latent variable and the label by counting co-

occurrences. For each instance in the development set, we calculate the posterior probability dis-

tribution over the latent variable, and pick the value with the highest probability as the preferred
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latent variable value for that instance. This is reasonable since in our trained model, the posterior

distribution over latent variable values is peaked. Then we categorize the data by their preferred

latent variable values and count the gold standard labels in each group. We observe that the labels

are nearly uniformly distributed in each latent variable value, suggesting that the latent variables

are not obviously being used to encode information about the label.

Thus, we hypothesize there should be information other than that pertaining to the label that

causes the data to cluster into different latent variable values. We study the differences of the input

texts among the 10 clusters by counting frequent words, manually scanning through instances, and

looking for high-level similarities and differences. We report our manual labeling for the latent

variable values in Table 3.7.

For example, value 1 is mostly associated with future and progressive tenses; the words “will”,

“next”, and “new” appear frequently. Value 2 tends to contain past and perfect verb tenses (the

phrases “has been” and “have been” appear frequently). Value 3 contains region names like “VAN-

COUVER”, “LONDON”, and “New Brunswick”, while value 7 contains country-oriented terms

like “Indian”, “Russian”, “North Korea”, and “Ireland”. Our choice of only 10 latent variable val-

ues causes them to capture the coarse-grained patterns we observe here. It is possible that more

fine-grained differences would appear with a larger number of values.

3.6 Analysis

3.6.1 Interpretation of Latent Variables

We take the strongest latent-variable model, the auxiliary latent generative classifier, and analyze

the relationship among the latent, input, and label variables. We use the AGNews dataset, which

contains 4 categories: world, sports, business, and sci/tech. The classifier we analyze has 10 values

for the latent variable and is trained on a training set containing 1k instances per class.

We first investigate the relationship between the latent variable and the label by counting co-
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id description examples

1 future/progressive tenses ... Commission is likely to follow opinion in the U.S. on the merger suit
...
... to increase computer software exports is beginning to show results
...

2 past/perfect tense A screensaver targeting spam-related websites appears to have been too
successful .
Universal has signed a handful of artists to a digital-only record label .
..

3 region names, locations Newcastle manager Bobby Robson ... relieved of his duties ... Newcas-
tle announced ...
ABUJA ... its militias in Darfur before they would sign ...

4 mixture

5 abbreviations Louis advanced to the N.L. championship series for the third time in
five years ...
UAL ( UALAQ.OB : OTC BB - news - research ) ... ( UAIRQ.OB :
OTC BB ...

6 numbers, money-related ...challenge larger rivals in the fast-growing 2.1 billion-a-year sleep aid
market ....
... to a $ 25,000 prize , and more importantly , into the history books ...

7 dates ... an Egyptian diplomat said on Friday, and the abduction of ... earlier
this month .
... expected Monday or Tuesday , ... doctors and nurses off for the
holiday weekend ...

8 country-oriented terms Rwandan President ... in the Democratic Republic of the Congo after
...
Pope John Paul II issued a new appeal for peace in Iraq and the Middle
East ...

9 mixure

10 symbols, links ... A HREF = ” http : / / www.reuters.co.uk / finance-
QuoteLookup.jhtml ...
& lt ; strong & gt ; Analysis & lt ; / strong & gt ; Contracting out the
blame ...

Table 3.7: Latent variable values (“id”), our manually-defined descriptions, and examples of in-
stances associated to them. Boldface is used to highlight cues to our labeling. We use the term
“mixture” when we did not find clear signals to interpret the latent variable value.

occurrences. For each instance in the development set, we calculate the posterior probability dis-

tribution over the latent variable, and pick the value with the highest probability as the preferred

latent variable value for that instance. This is reasonable since in our trained model, the posterior

distribution over latent variable values is peaked. Then we categorize the data by their preferred
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latent variable values and count the gold standard labels in each group. We observe that the labels

are nearly uniformly distributed in each latent variable value, suggesting that the latent variables

are not obviously being used to encode information about the label.

Thus, we hypothesize there should be information other than that pertaining to the label that

causes the data to cluster into different latent variable values. We study the differences of the input

texts among the 10 clusters by counting frequent words, manually scanning through instances, and

looking for high-level similarities and differences. We report our manual labeling for the latent

variable values in Table 3.7.

For example, value 1 is mostly associated with future and progressive tenses; the words “will”,

“next”, and “new” appear frequently. Value 2 tends to contain past and perfect verb tenses (the

phrases “has been” and “have been” appear frequently). Value 3 contains region names like “VAN-

COUVER”, “LONDON”, and “New Brunswick”, while value 7 contains country-oriented terms

like “Indian”, “Russian”, “North Korea”, and “Ireland”. Our choice of only 10 latent variable val-

ues causes them to capture the coarse-grained patterns we observe here. It is possible that more

fine-grained differences would appear with a larger number of values.

3.6.2 Generation with Latent Variables

Another advantage of generative models is that they can be used to generate data in order to better

understand what they have learned, especially in seeking to understand latent variables. We use our

auxiliary latent generative classifier to generate multiple samples by setting the latent variable and

the label. Instead of the soft mixture of discrete latent variable values that is used in classification

(since we marginalize over the latent variable at test time), here we choose a single latent variable

value when generating a textual sample.

To increase generation diversity, we use temperature-based sampling when choosing the next

word, where higher temperature leads to higher variety and more noise. We set the temperature to

0.6. Note that the latent-variable model here is trained on only 4000 instances (1k for each label)
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Latent variable id = 3: region names, locations
world BEIJING ( Reuters ) - Oklahoma supporters unemployment claims that he plans to trying

to restore access next season ’s truce by ruling , saying a major parliament .
sport The Dallas Cowboys today continued advantage today with Miami and the Hurricanes had

to get the big rotation for the first time this year .
business Las Vegas took one more high-stepping kick across the pond as casino operator Caesars

Entertainment Inc .
sci/tech SAN FRANCISCO - Sun Microsystems on Monday will surely offer the deal to sell up

pioneer members into two years and archiving .
Latent variable id = 6: numbers, money-related
world An Israeli helicopter gunship fired a missile among $ 5 million in to Prime Minister Ariel

Sharon on the streets of U.S. warming may not be short-lived .
sport On Wednesday it would win the disgruntled one of the season opener in a # 36 ; 8.75 billion

of World Cup final day for second .
business Reuters - U.S. drug company Biogen Idec is considering an all-share bid of more than 8.5

billion euros ( # 36 ; 10.6 billion ) for Irish peer Elan , a newspaper reported on Sunday .
sci/tech The JVC Everio GZ-MC100 ( $ 1199.95 ) and GZ-MC200 ( $ 1299.95 ) will use 4GB

Microdrive cards , which are removable hard drives measuring 1.5 inches square , but will
also lost vital ” fans to recently over .

Latent variable id = 10: symbols, links
world A German court is set to hear all its secular oil , and western Kerik in Fallujah . & lt ;

A HREF = ” http : / / www.investor.reuters.com / FullQuote.aspx ? ticker = Agency
target = Army ...

sport White Sox to an overpowering 49-0 victory over The world championship game . & lt ; br
& gt ; & lt ; br & gt ; Comcast SportsNet

business NEW YORK ( Reuters ) - U.S. stocks climbed on Monday , with a steep decline in com-
modity prices and lower crude oil dented shares of Alcoa Inc . & lt ; A HREF = ” http
: / / www.investor.reuters.com / FullQuote.aspx ? ticker = GDT.N target = / stocks /
quickinfo / fullquote ” & gt ; & lt ; / A & gt ;.

sci/tech Spyware problems introduced a radio frequency code Thursday . & lt ; FONT face = ”
verdana , MS Sans Serif , arial , helvetica ” size = ” -2 ” color = ” # 666666 ” & gt ; &
lt ; B & gt ; -washingtonpost.com & lt ; / B & gt ; & lt

Table 3.8: Generated examples by controlling the latent variables and labels (world, sport, busi-
ness, sci/tech) with our latent classifier trained on a small subset of the AGNews dataset.

from AGNews, so the generated samples do suffer from the small size of data used in training the

language model. Table 3.8 shows some generated examples. We observe that different combina-

tions of the latent variable and label lead to generations that comport with both the labels and our

interpretations of the latent variable values.

We speculate that the reason our generative classifiers perform well in the data-efficient set-
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ting is that they are better able to understand the data via language modeling rather than directly

optimizing the classification objective. Our generated samples testify to the ability of generative

classifiers to model the underlying data distribution even with only 4000 instances.

3.7 Conclusion

In this work we focused on improving the data efficiency of generative text classifiers by intro-

ducing discrete latent variables into the generative story. Our experimental results demonstrate

that, with small annotated training data, latent generative classifiers have larger and more stable

performance gains over discriminative classifiers than their standard generative counterparts.
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CHAPTER 4

DISCRIMINATIVELY-TUNED GENERATIVE CLASSIFIERS FOR

ROBUST NATURAL LANGUAGE INFERENCE

4.1 Introduction

Natural language inference (NLI) is the task of identifying the relationship between two fragments

of text, called the premise and the hypothesis (Dagan et al., 2005a; Dagan et al., 2013). The task

was originally defined as binary classification, in which the labels are entailment (the premise

implies the hypothesis) or not entailment. Subsequent variations added a third contradiction label.

Most models for NLI are trained and evaluated on standard benchmarks (Bowman et al., 2015a;

Williams et al., 2018; Wang et al., 2018a) in a discriminative manner (Conneau et al., 2017a; Chen

et al., 2017a). These benchmarks typically have relatively clean, balanced, and abundant annotated

data, and there is no distribution shift between the training and test sets.

However, when data quality and conditions are not ideal, there is a substantial performance

decrease for existing discriminative models, including both simple model architectures and more

complex ones. Prior work on document classification and question answering has shown that gen-

erative classifiers have advantages over their discriminative counterparts in non-ideal conditions

(Yogatama et al., 2017; Lewis and Fan, 2019; Ding and Gimpel, 2019).

In this paper, we develop generative classifiers for NLI. Our model, which we call GenNLI,

defines the conditional probability of the hypothesis given the premise and the label, parameteriz-

ing the distribution using a sequence-to-sequence model with attention (Luong et al., 2015a) and

a copy mechanism (Gu et al., 2016). We explore training objectives for discriminative fine-tuning

of our generative classifiers, comparing several classical discriminative criteria. We find that sev-

eral losses, including hinge loss and softmax-margin, outperform log loss fine-tuning used in prior

work (Lewis and Fan, 2019) while similarly retaining the advantages of generative classifiers. We

also find strong results with a simple unbounded modification to log loss, which we call the “in-
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finilog loss”.

Our evaluation focuses on challenging experimental conditions: small training sets, imbalanced

label distributions, and label noise. We empirically compare GenNLI with several discriminative

baselines and large-scale pretrained language representation models (Devlin et al., 2019a; Yang

et al., 2019; Liu et al., 2019) on five standard datasets. GenNLI has better performance than

discriminative classifiers under the small data setting. Moreover, when limited to 100 instances

per class, GenNLI consistently outperforms all BERT-style pretrained models on four of the five

datasets. These results are appealing especially in comparison with BERT-style pretrained base-

lines. Large-scale pretrained language models have achieved state-of-the-art results on a wide

range of NLP tasks, but they still require hundreds or even thousands of annotated examples to

outperform GenNLI.

GenNLI also outperforms discriminative classifiers when the training data shows severe label

imbalance and when training labels are randomly corrupted. We additionally use GenNLI to gen-

erate hypotheses for given premises and labels. While the generations tend to have low diversity

due to high lexical overlap with the premise, they are generally fluent and comport with the given

labels, even in the small data setting.

4.2 A Generative Classifier for NLI

Each example in a natural language inference dataset consists of two natural language texts,

known as the premise and the hypothesis, and a label indicating the relation between the two

texts. Formally, we denote an instance ⟨x(p), x(h), y⟩ as a tuple consisting of a premise x(p) =

{x(p)1 , x
(p)
2 , ..., x

(p)
N }, a hypothesis x(h) = {x(h)1 , x

(h)
2 , ..., x

(h)
T }, and a label y ∈ Y .

Most existing NLI models are trained in a discriminative manner by maximizing the conditional

log-likelihood of the label given the input, i.e., log p(y | x(p), x(h)). In this paper, we propose

generative classifiers for NLI that are trained instead to estimate the probability of the hypothesis

given the premise and the label, i.e., p(x(h) | x(p), y), typically by maximizing log-likelihood. We
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decompose this conditional probability using the chain rule, and our final training objective is to

minimize the following negative log likelihood:

L(x(p), x(h), y) = −
T∑
t=1

log p(x
(h)
t | x(h)<t , x

(p), y) (4.1)

At inference time, the prediction is made as follows:

argmax
y∈Y

log p(y) +
T∑
t=1

log p(x
(h)
t | x(h)<t , x

(p), y) (4.2)

Throughout all of the experiments in this paper, we assume a uniform label prior p(y), so p(y) will

not affect the argmax in Eq. (4.2) and can be omitted.

4.2.1 Parameterization

Our model, which we refer to as GenNLI, is parameterized with a standard RNN-based sequence-

to-sequence architecture with attention and a copy mechanism between the encoder and the de-

coder.1

Encoder. Our encoder uses a standard bidirectional recurrent neural network (RNN) using long

short-term memory (LSTM; Hochreiter and Schmidhuber, 1997a):

sn = [fe1(vn,
−−→sn−1); fe2(vn,

←−−sn+1)]

where fe1 and fe2 are forward and backward LSTM recurrences, respectively, vn is the word

embedding of x(p)n , and sn is the concatenation of the forward and backward RNN hidden states at

position n in the premise.

1. We also experimented with transformer architectures (Vaswani et al., 2017a) and found similar results.
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Decoder. Our decoder uses an RNN with dot product attention from Luong et al. (2015a) and

a copy mechanism Gu et al. (2016). The decoder hidden state at step t is computed as ht =

fd(wt,ht−1).

where fd is the forward LSTM recurrence in the decoder and wt is the word embedding of

x
(h)
t . The word distribution at position t+ 1 is computed as follows:

pvocab = softmax(V′(V[ht, s
∗
t ,vy] + b) + b′)

where vy is the label embedding of y, s∗t is the context vector at step t computed using attention

(full details of the attention mechanism are omitted for brevity but can be found in Luong et al.,

2015a), and V, V′, b, and b′ are learnable parameters. Note the presence of the label embedding

vy concatenated to ht and s∗t to form the input to the softmax layer. This enables the label to

directly influence the word distribution. We also use label-specific beginning-of-sentence (BOS)

tokens as the initial symbol fed to the decoder RNN. Concretely, we create the embeddings for all

BOS symbols BOSy (y ∈ Y ) and prepend BOSy′ to the hypothesis where y′ is the label for the

instance.

Copy mechanism. In some datasets, hypotheses are written by humans when provided a premise

and label (Bowman et al., 2015a). We observed that these hypotheses sometimes appear to be

written by slightly modifying the premise according to the label, e.g., adding “not” to negate the

premise, or by replacing a phrase with a phrasal hypernym, such as replacing “soccer game” with

“sport” (Marelli et al., 2014; Bowman et al., 2015a). The tokens in a premise/hypothesis pair often

show a large degree of overlap. So we use a copy mechanism Gu et al. (2016) to (1) reduce the

difficulty of word prediction when training sequence-to-sequence models on small datasets and (2)

encourage the model to pay more attention to the token differences between the textual input of
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perceptron loss: − log p(x(h) | x(p), y) + max
y′∈Y

log p(x(h) | x(p), y′)

hinge loss: − log p(x(h) | x(p), y) + max
y′∈Y

{log p(x(h) | x(p), y′) + cost(y, y′)}

log loss: − log p(x(h) | x(p), y) + log
∑
y′∈Y

p(x(h) | x(p), y′)

softmax-margin: − log p(x(h) | x(p), y) + log
∑
y′∈Y

exp{log p(x(h) | x(p), y′) + cost(y, y′)}

Bayes risk: Ep(y′|x(h),x(p))[cost(y, y
′)] =

∑
y′∈Y

cost(y, y′)
p(x(h) | x(p), y′)∑

y′′∈Y p(x
(h) | x(p), y′′)

infinilog loss: − log p(x(h) | x(p), y) + log
∑

y′∈Y,y′ ̸=y
p(x(h) | x(p), y′)

Table 4.1: Discriminative objectives considered for fine-tuning GenNLI in this paper. Each is de-
fined for a single training example ⟨x(p), x(h), y⟩, where x(p) is the premise, x(h) is the hypothesis,
and y ∈ Y is the label.

the encoder and decoder. We compute:

pcopy = σ(w⊤copy [ht, s
∗
t ,vy] + bcopy ) (4.3)

where pcopy ∈ [0, 1] is the probability of copying a word from the input sequence, the vector

wcopy and scalar bcopy are learnable parameters, and σ represents the logistic sigmoid function.

We use an extended vocabulary for a specific sentence pair which includes all the words appearing

in the input sentence so that the decoder can copy specific words from the input sentence instead

of generating out-of-vocabulary (OOV) words.

4.3 Discriminative Fine-Tuning

Lewis and Fan (2019) showed that generative classifiers for question answering can be improved

by a discriminative fine-tuning step after estimating the generative classifier distributions. They

used log loss as their discriminative objective. We also consider using a discriminative fine-tuning

step when training our model, specifically we compare log loss to four other discriminative losses:
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• Perceptron loss: the loss function underlying the perceptron algorithm Rosenblatt (1958)

• Hinge loss: the loss function underlying support vector machines (SVMs) and structured SVMs

Wahba et al. (1999); Taskar et al. (2004)

• Softmax-margin: which combines log loss with a cost function as in hinge loss Povey et al.

(2008); Gimpel and Smith (2010)

• Bayes risk: the expectation of the cost function with respect to the model’s conditional distri-

bution Kaiser et al. (2000); Smith and Eisner (2006)

Table 4.1 shows these discriminative losses.2 Some losses use a cost function, which can be

chosen by the practitioner to penalize different errors differently. In our experiments, we define it

as cost(y, y′) = 1 for y ̸= y′ and cost(y, y′) = 0 if y = y′, where y is the gold label and y′ is a

candidate label.

In addition, we introduce a very simple loss that is inspired by these other discriminative losses

while performing quite well overall in our experiments. We call it the infinilog loss and define it

as follows:

−log p(x(h) | x(p), y)+log
∑
y′∈Y
y′ ̸=y

p(x(h) | x(p), y′) (4.4)

The infinilog loss is different from log loss in that the gold label is excluded from the sum. There-

fore, infinilog is not bounded below by zero, unlike all other discriminative losses we consider. It

does not approach zero as the model becomes increasingly confident in the correct classification,

as is the case with log loss and softmax-margin. Rather, infinilog is unbounded, causing learning

to continually seek to increase the score of the correct label and decrease the score of the incorrect

labels.

We can view infinilog as softmax-margin with a cost function that returns −∞ when y =

y′ and 0 otherwise. However, the convention usually assumed when defining cost functions for

2. Again, the label prior p(y) ends up canceling out because it is uniform over labels, so we do not show it.
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softmax-margin is for the cost function to be nonnegative (Gimpel and Smith, 2010), and similar

conventions are assumed with hinge loss. So we choose to use a distinct name for this loss.

Our results in Section 4.6.1 show that fine-tuning using infinilog or one of the investigated

discriminative losses leads to better performance than log loss fine-tuning, which was proposed for

generative classifiers by Lewis and Fan (2019).

Though the above objectives appear discriminative due to their direct penalization of incorrect

labels, they do so by using the key building blocks of generative classifiers. Thus, this fine-tuning

achieves some of the benefits of discriminative classifiers while retaining the advantages of gener-

ative classifiers, as shown for question answering by Lewis and Fan (2019) and also shown in our

experiments below.

4.4 Experiments

4.4.1 Datasets

Dataset #Train #Valid #Test #Class

SNLI 549K 9.8K 9.8K 3
MultiNLI 392K 9.8K 9.8K 3

SICK 4.5K 0.5K 4.9K 3
RTE 2.4K 0.2K - 2

MRPC 4.0K 1.7K - 2

Table 4.2: Dataset statistics.

We experiment with five sentence pair datasets, namely the Stanford Natural Language Infer-

ence corpus (SNLI; Bowman et al., 2015a), the SICK dataset (Marelli et al., 2014), the Multi-Genre

Natural Language Inference corpus (MultiNLI; Williams et al., 2018), the binary Recognizing

Textual Entailment (RTE; Dagan et al., 2005a) dataset from the GLUE benchmark (Wang et al.,

2018a), and the Microsoft Research Paraphrase Corpus (MRPC; Dolan et al., 2004) also from
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GLUE.3 The statistics of the datasets can be found in Table 4.2.

For MultiNLI, we use the matched dev set and mismatched dev set as our validation and test

sets, respectively. Otherwise, we use the standard train, validation, and test splits from the original

papers (for SNLI and SICK) or the GLUE benchmark (for RTE and MRPC).4

4.4.2 Baseline Models

We compare our GenNLI model to two baseline discriminative models, and three pretrained mod-

els as described below.

We consider InferSent (Conneau et al., 2017a) and ESIM (Chen et al., 2017a) as our discrim-

inative baselines. InferSent uses a BiLSTM network with max pooling (Collobert and Weston,

2008) to learn generic sentence embeddings that perform well on several NLI tasks. ESIM has a

relatively complicated network structure, including a recursive architecture of local inference mod-

eling (MacCartney, 2009; Parikh et al., 2016) and inference composition. The pretrained models

we compare to are BERT (Devlin et al., 2019a), RoBERTa (Liu et al., 2019), and XLNet (Yang

et al., 2019).

We select these models as our baselines because (1) they are open-source and are frequently

used as baselines for NLI tasks in related work (Peters et al., 2018; Williams et al., 2018), and (2)

their performance is strong on standard leaderboards.5

3. While MRPC is a binary paraphrase classification task rather than an NLI or entailment task, we treat it as a
binary entailment task by choosing one of the sentences arbitrarily as the premise and using the other as the hypothesis.

4. MRPC and RTE have no public test set, so we report their performances on the development sets.

5. GLUE leaderboard: https://gluebenchmark.com/leaderboard/; SNLI leaderboard: https://
nlp.stanford.edu/projects/snli/
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4.4.3 training details

Both generative and discriminative models are initialized with GloVe pretrained word embeddings

(Pennington et al., 2014a).6 The word embedding dimension and the LSTM hidden state dimen-

sion are set to 300. All parameters, including the word embeddings, are updated during training.

The label embedding dimensionality for GenNLI is set to 100. All the experiments are conducted

5 times with different random seeds and we report the median scores.

GenNLI. The training includes two steps: the model is first trained with the generative objective

only (Equation 4.1) for 20 epochs, followed by the discriminative fine-tuning objective only (one

of the objectives in Table 4.1) for 15 epochs. Unless otherwise specified, we use infinilog for

discriminative fine-tuning. Section 4.6.1 compares fine-tuning objectives.7

Discriminative baselines. We run the open source code of InferSent8 and ESIM.9 Following

their implementation, training stops when the performance on the dev set does not improve across

5 consecutive epochs or the learning rate sufficiently decays (e.g,. less than e−5).

For both GenNLI and discriminative baselines, we use the Adam (Kingma and Ba, 2015a)

optimizer with learning rates of 0.001 and 0.1, and SGD with learning rates 0.1, 0.5, 1, and 2, and

select the model with the best performance on the dev set.

Pretrained baselines. We use the Hugging Face PyTorch implementation (Wolf et al., 2019)

of pretrained transformer (Vaswani et al., 2017a) models.10 BERT, XLNet, and RoBERTa are

configured with ‘bert-base-uncased’, ‘xlnet-base-cased’, and ‘roberta-base’, respectively. We use

6. All of our experiments use uncased 300-dimensional GloVe vectors trained on 6 billion tokens (http://nlp.
stanford.edu/data/glove.6B.zip).

7. Our implementation is available at https://github.com/tyliupku/gen-nli

8. github.com/facebookresearch/InferSent

9. github.com/coetaur0/ESIM

10. github.com/huggingface/transformers
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the vector at the position of the [CLS] token in the last layer as the output of pretrained models,

and map the output to NLI classification with a linear transformation. We fine-tune the pretrained

models on our training sets for 10 epochs. We observe that the models usually converge within the

first 3-5 epochs.

4.5 Results

4.5.1 Data Efficiency

We first empirically characterize GenNLI, discriminative baselines, and pretrained baselines in

terms of data efficiency. We construct smaller training sets by randomly selecting 5, 20, 100, 500,

and 1000 instances per class, and then train separate models across these different-sized training

sets. Table 4.3 shows the results.11

When using training sets with 100 or fewer instances per class, GenNLI outperforms the pre-

trained baselines on all datasets except for MRPC. We would hope that pretrained models like

BERT would produce generalized text representations that would perform well after fine-tuning

with a relatively small number of examples, but here we observe that a thousand or more examples

is required to outperform GenNLI on most datasets.

With small training sets, GenNLI also has better performance than the other discriminative

baselines, though the performance gap does shrink as the training set gets larger. The accuracies

become comparable when we have 1000 instances per label. We also see that on the full training

set, the discriminative baselines outperform GenNLI, which accords with our expectations and the

findings of prior work in generative classifier on document classification.

11. SICK does not have results in the 1000 column because the ‘contradiction’ label has only 665 instances.
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4.5.2 Training Label Noise

To measure robustness to label noise, we construct noisy datasets by randomly flipping the labels

of 10%, 30%, or 50% of the training instances in the binary classification tasks. The labels of other

instances are unchanged. Evaluation is done on the original validation and test sets.

Table 4.4 shows a comparison of GenNLI, InferSent, and RoBERTa on noisy datasets. In

addition, we report the value of the Matthews Correlation Coefficient (MCC) (Matthews, 1975).

The value of MCC ranges from -1 to 1, with higher value indicating a better classification model.

MCC considers all values in the confusion matrix and describes it with a single number. It is

viewed as a balanced measurement when the classes are of very different sizes (Boughorbel et al.,

2017).

We find all of the models are robust to slight noise, as the accuracy does not drop dramatically

with 10% noisy training data. However, as we increase the proportion of the label noise, the

performance of InferSent decreases more rapidly than GenNLI. The results are consistent between

the two metrics. It is worth noting that GenNLI works better than RoBERTa under the 50%-noisy-

data setting, even though RoBERTa has much stronger performance with the unchanged training

set. In other words, GenNLI is more robust as the performance drops only slightly with extremely

noisy training data.

In general, training deep neural networks requires abundant clean data. When dealing with

potentially noisy data, it may be worthwhile to build both generative and discriminative classifiers.

4.5.3 Imbalanced Label Distributions

We also perform experiments in a setting with label imbalance in the training set. Each imbal-

anced training set is constructed by random sampling and keeping only 10%, 20%, or 50% of the

instances from one selected class, and keeping all the instances from the other classes. We use the

original validation and test sets. We still use a uniform prior for GenNLI.

Table 4.5 shows the comparison of generative, discriminative, and BERT-based classifiers un-

45



der various imbalanced training sets.12 Aside from the 10%-non-entailment RTE dataset, RoBERTa

always performs the best. This is unsurprising because, even after subsampling, the training set

sizes are on a similar order of magnitude as the full sets, with which RoBERTa excels (Table 4.3).

However, RoBERTa does show degradation as the subsampling rate becomes more extreme (more

than 10% in MRPC, 8-18% in RTE, and 4-5% on MNLI). GenNLI shows a smaller or compara-

ble decrease in performance, though its overall accuracies are lower. In comparing the generative

and discriminative classifiers, GenNLI always outperforms InferSent when keeping only 10% of

the instances for the selected class. However, as the percentage of instances in the selected class

increases, InferSent begins to perform better than GenNLI.

Another finding is that the different labels have different effects under the imbalanced setting.

For example, the performance of RTE/non-entailment decreases more slowly than RTE/entailment

for both GenNLI and InferSent, which might suggest that the non-entailment label requires fewer

training examples than entailment.

Data efficiency might also affect performance under the label imbalanced setting. We believe

it is not the only factor for a performance difference between the generative and discriminative

models, as the MNLI dataset has 130k instances per class and the training set still has more than

270k instances in total even under the 10% setting, indicating GenNLI has certain advantages over

InferSent when the label distribution is imbalanced.

4.6 Analysis

4.6.1 Modeling and Training Decisions

We now empirically assess the importance of major components of modeling and training. As

shown in Table 4.6, the copy mechanism is essential, which meets our expectation because we

12. We report the results on these three datasets since they represent different characteristics in terms of training set
size, number of candidate labels, and performance difference between GenNLI and InferSent on the full training set.
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observe a lot of lexical overlap between the premise and hypothesis in many pairs.13 We find

both generative training and fine-tuning objectives to be helpful, as better results are achieved by

training with both objectives.

GenNLI defines the conditional distribution of hypotheses given a premise and label. We could

instead model p(x(p) | x(h), y). The final two rows of Table 4.6 compare the two, showing better

performance with p(x(h) | x(p), y). The difference is larger in SNLI, which may be due in part to

how the dataset was created. If annotators are provided with a premise and label and asked to write

hypotheses, as in SNLI, we would expect that a generative model that matches this process would

excel. The difference may also be due to the fact that in the entailment pairs, the premise often has

more information than the hypothesis, and it is expected to be easier to remove information (when

generating the hypothesis from the premise) than to add it.

4.6.2 Discriminative Fine-Tuning Comparison

Table 4.7 compares discriminative fine-tuning objectives. Several choices, including hinge, softmax-

margin, and infinilog, consistently outperform the log loss used as discriminative fine-tuning ob-

jective by Lewis and Fan (2019). The perceptron loss and Bayes risk also often outperform log

loss. It is worth noting that infinilog performs the best when using the full training set on four

out of five datasets, while softmax-margin is best with smaller training sets. These results suggest

that improving discriminative fine-tuning does not harm the data efficiency benefits of generative

classifiers, but rather is able to accentuate them.

4.6.3 Data Generation

One advantage of generative models is that they can be used to generate samples in order to inter-

pret how the model works. Since we include label information in the decoder of GenNLI, we are

13. All the experiments in our paper are in-domain testing. We also test GenNLI in out-of-domain (OOD) datasets
to see whether the copy mechanism is helpful in this case. For example, we train on MNLI and test on SICK. The
trend is not consistent across different OOD settings.
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able to generate various hypotheses for a premise by specifying the label. Table 4.8 shows example

generations from two models, one using the full dataset for training and the other using a small

training set with only 500 examples per class. We use greedy decoding for these generations.

We observe that the generated examples comport with the labels and premises we have speci-

fied, and the generation is of high quality in terms of fluency. However, the diversity is relatively

low, with the generated samples looking similar to the premise. This is not surprising since we

assume the decoder relies heavily on the copy mechanism when trained on NLI pairs, as some

hypotheses differ only slightly from their corresponding premises. The generations are relatively

short compared to the gold hypotheses, which is likely due in part to greedy decoding. The model

might require more training data and/or a different decoding algorithm to be able to produce more

diverse generations. We also note that generations for the entailment label generally look better

than those for contradiction.14

4.7 Conclusion

We proposed GenNLI, a discriminatively-finetuned generative classifier for NLI tasks, and em-

pirically characterized its performance by comparing it to discriminative models and pretrained

models. We found several discriminative fine-tuning objectives to outperform log loss, including

infinilog, a simple but effective choice. We conducted extensive experiments with GenNLI, show-

ing its robustness across challenging empirical conditions. We also showed its ability to generate

hypotheses given premises and particular labels.

14. Future work may consider using these generations for data augmentation. While our preliminary experiments
in this direction were not positive, future work will consider fine-tuning pretrained language models as generative
classifiers and using them with diverse decoding strategies to automatically expand small training sets.
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5 20 100 500 1000 all

SNLI
GenNLI 43.5 45.6 50.6 60.6 64.2 82.2

InferSent 37.5 39.6 44.1 56.0 63.9 84.5
ESIM 38.4 38.6 46.7 58.2 65.4 87.6

BERT 33.4 37.3 47.4 70.1 78.7 90.6
XLNet 34.1 35.6 45.1 72.3 77.3 90.9

RoBERTa 35.1 36.0 49.3 75.9 82.8 91.7
MNLI

GenNLI 44.1 47.1 49.0 60.6 63.4 67.5

InferSent 34.1 33.7 35.2 44.9 47.9 70.4
ESIM 36.9 35.4 40.5 49.8 54.2 76.7

BERT 33.0 34.9 41.6 63.6 68.5 83.3
XLNet 35.6 35.6 39.7 68.2 74.4 86.3

RoBERTa 33.2 34.9 42.7 68.8 74.6 87.3
SICK

GenNLI 50.6 64.7 68.7 75.2 - 80.4

InferSent 35.5 46.3 60.2 73.2 - 83.6
ESIM 34.5 48.4 62.9 75.4 - 84.6

BERT 36.7 56.7 63.6 78.6 - 86.0
XLNet 34.1 55.3 62.3 79.0 - 86.8

RoBERTa 33.5 56.7 66.3 83.4 - 88.5
RTE

GenNLI 57.0 57.7 59.2 60.4 61.4 62.6

InferSent 49.5 47.3 52.4 54.2 55.2 56.3
ESIM 50.1 50.3 53.5 55.8 57.3 58.9

BERT 47.3 48.0 49.1 59.9 64.3 66.4
XLNet 50.9 53.4 55.9 60.3 64.6 68.6

RoBERTa 52.7 53.1 53.8 59.6 67.8 74.7
MRPC

GenNLI 62.8 64.1 66.2 67.8 69.9 72.9

InferSent 52.5 54.6 58.1 65.1 70.9 73.1
ESIM 54.1 54.3 59.7 64.8 71.2 75.1

BERT 53.1 55.0 57.0 69.6 74.1 82.3
XLNet 55.3 64.7 68.5 78.7 82.5 85.2

RoBERTa 59.8 65.3 67.5 80.3 84.4 87.1

Table 4.3: Comparison of classification accuracy of GenNLI, discriminative baselines, and pre-
trained baselines with various amounts of training data. Here 5/20/100/500/1000 indicates the
number of training instances per class. The best result for each task and data amount is shown in
bold, and the best result between GenNLI and the discriminative baselines is underlined.
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Accuracy 50% 30% 10% 0%

MRPC
InferSent 40.6 61.7 72.2 73.1
RoBERTa 66.5 76.8 85.3 87.1
GenNLI 68.5 70.0 71.7 72.9

RTE
InferSent 50.4 50.9 54.5 56.3
RoBERTa 52.0 63.5 76.2 74.7
GenNLI 58.8 59.9 59.6 62.6

MCC 50% 30% 10% 0%

MRPC
InferSent -0.018 0.189 0.357 0.379
RoBERTa 0.000 0.447 0.664 0.707
GenNLI 0.214 0.245 0.303 0.352

RTE
InferSent 0.024 0.111 0.017 0.129
RoBERTa 0.030 0.266 0.521 0.501
GenNLI 0.173 0.190 0.191 0.230

Table 4.4: Classification accuracy and Matthews Correlation Coefficient (MCC) when using noisy
training sets. The percentages are the fractions of training instances with flipped labels. 0% is the
unchanged training set. The best result for each task and each noisy setting is shown in bold, and
the second-best one is underlined.
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Dataset Subsampled Label Model
Accuracy Matthews Correlation Coefficient

10% 20% 50% 100% 10% 20% 50% 100%

MRPC

paraphrase
InferSent 49.2 63.1 70.6 73.1 0.244 0.362 0.372 0.379
RoBERTa 74.1 83.2 86.0 87.1 0.526 0.645 0.688 0.707
GenNLI 70.2 70.7 72.0 72.9 0.301 0.367 0.318 0.352

non-paraphrase
InferSent 68.3 70.9 73.8 73.1 0.191 0.287 0.373 0.379
RoBERTa 77.2 81.2 86.3 87.1 0.469 0.568 0.697 0.707
GenNLI 70.8 70.3 72.2 72.9 0.333 0.292 0.319 0.352

RTE

entailment
InferSent 47.3 47.3 52.3 56.3 0.000 0.036 0.135 0.129
RoBERTa 66.7 66.7 71.5 74.7 0.226 0.230 0.426 0.501
GenNLI 55.8 56.5 59.9 62.6 0.128 0.135 0.194 0.230

non-entailment
InferSent 52.7 52.7 54.0 56.3 0.001 0.035 0.065 0.129
RoBERTa 56.0 62.1 72.9 74.7 0.177 0.371 0.471 0.501
GenNLI 60.5 60.3 62.2 62.6 0.209 0.204 0.181 0.230

entailment
InferSent 57.4 60.1 67.8 70.4 0.396 0.431 0.522 0.557
RoBERTa 82.4 84.8 87.0 87.3 0.747 0.776 0.806 0.809
GenNLI 60.8 61.7 67.1 67.5 0.410 0.452 0.497 0.512

MNLI neutral
InferSent 60.5 62.5 68.8 70.4 0.445 0.469 0.539 0.557
RoBERTa 83.0 84.5 85.9 87.3 0.754 0.769 0.790 0.809
GenNLI 61.7 63.8 67.6 67.5 0.463 0.487 0.491 0.512

contradiction
InferSent 60.8 64.0 67.9 70.4 0.444 0.479 0.526 0.557
RoBERTa 82.7 84.5 86.6 87.3 0.748 0.773 0.800 0.809
GenNLI 61.0 62.0 65.6 67.5 0.444 0.466 0.492 0.512

Table 4.5: Classification accuracies and Matthews Correlation Coefficients of test sets when train-
ing on label-imbalanced training sets. Column headers indicate the percentage of the subsampled
label’s training instances that are retained in the training set. All training instances are used for the
other labels. The best result for each task and each subsample setting is shown in bold, and the
second-best one is underlined.
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SNLI RTE

GenNLI 82.2 62.6
no copy mechanism 74.4 54.7
no generative training 80.1 60.3
no discriminative fine-

tuning
79.1 61.7

GenNLI, p(x(h) | x(p), y) 82.2 62.6
GenNLI, p(x(p) | x(h), y) 77.1 59.7

Table 4.6: Results showing contribution of individual modeling/training decisions on SNLI and
RTE.

52



5 20 100 500 1000 all

SNLI

perceptron 41.8 44.1 49.6 58.4 62.5 80.4
hinge 42.3 45.3 49.9 58.6 63.1 81.1
log 42.1 43.2 49.1 58.6 62.3 80.7
softmax-margin 43.5 45.3 50.6 60.6 64.2 81.9
infinilog 42.7 45.6 50.0 59.8 63.7 82.2
Bayes risk 42.8 44.7 49.0 58.3 62.6 80.1

MNLI

perceptron 42.7 45.5 46.7 58.1 61.6 66.3
hinge 43.2 46.3 48.2 60.2 62.8 67.1
log 42.1 45.4 46.7 58.3 61.4 66.2
softmax-margin 44.1 47.1 49.0 60.6 63.4 67.5
infinilog 42.3 45.9 47.7 60.0 62.8 67.3
Bayes risk 43.1 45.7 47.7 59.1 61.6 66.2

SICK

perceptron 49.1 61.7 66.9 73.4 - 79.7
hinge 50.6 63.8 67.8 73.6 - 80.0
log 48.6 62.1 67.5 73.1 - 79.8
softmax-margin 50.2 64.7 68.7 74.3 - 80.2
infinilog 48.4 62.4 68.3 75.2 - 80.4
Bayes risk 48.2 62.4 67.2 72.8 - 79.7

RTE

perceptron 56.1 57.4 57.9 59.4 60.1 61.1
hinge 56.4 57.1 58.8 59.2 61.3 62.2
log 56.5 57.1 57.4 59.1 59.7 60.5
softmax-margin 57.0 57.7 59.2 60.4 61.1 62.2
infinilog 56.7 57.4 58.1 59.6 61.4 62.6
Bayes risk 56.1 57.2 58.3 59.3 60.6 61.4

MRPC

perceptron 62.1 62.5 64.6 66.1 68.6 69.8
hinge 62.3 63.8 65.4 67.1 69.0 71.8
log 61.7 62.1 64.1 65.9 68.1 71.3
softmax-margin 62.6 64.1 66.2 67.8 69.9 72.8
infinilog 62.8 63.7 65.6 67.4 69.8 72.9
Bayes risk 63.2 63.5 65.6 67.7 69.5 72.5

Table 4.7: Comparison of discriminative fine-tuning objectives. The best result for each task and
data amount is shown in bold, and the second-best one is underlined.

53



GenNLI trained on full SICK training set

N

x(p) A man is sitting near a bike and is writing a note.
x(h) A man with paint covered clothes is sitting outside in a busy area writing something.
gen. A man is sitting in a bike and is writing a note in a busy area.

E

x(p) People wearing costumes are gathering in a forest and are looking in the same direction.
x(h) Masked people are looking in the same direction in a forest.
gen. People wearing costumes are looking in a forest.

C

x(p) There is no child holding a water gun or getting sprayed with water.
x(h) A laughing child is holding a water gun and getting sprayed with water.
gen. A child is holding a water gun.

GenNLI trained on small SICK training set

N

x(p) A little girl and a woman wearing a yellow shirt are getting splashed by a city fountain.
x(h) The young girl is playing on the edge of a fountain and an older woman is watching her.
gen. A little girl is playing in the background.

E
x(p) A man is playing a flute.
x(h) A man is playing the flute.
gen. A flute is being played by a man.

C

x(p) There is no man on a rock high above some trees standing in a strange position.
x(h) A man is on a rock high above some trees and is standing in a strange position.
gen. A man is on a rock high above some trees is standing in a strange position.

Table 4.8: Generated hypotheses for premises with given labels (N = neutral, E = entailment, C =
contradiction).
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CHAPTER 5

GENERATING DIVERSE STORY CONTINUATIONS WITH

CONTROLLABLE SEMANTICS

5.1 Introduction

Automatic story generation has a long history. Early work are primarily based on hand-written

rules (Klein et al., 1973; Meehan, 1977; Dehn, 1981; Turner, 1993). Later there are some methods

based on planing from artificial intelligence (Theune et al., 2003; Oinonen et al., 2006; Riedl and

Young, 2010). Recently, data-driven methods have been applied to story generation (McIntyre and

Lapata, 2010; Elson, 2012; Daza et al., 2016; Roemmele and Gordon, 2015; Clark et al., 2018a).

We consider the problem of automatic story continuation generation, i.e., how to generate

story continuations conditioned on the story context. Inspired by recent work in controllable gen-

eration (Hu et al., 2017a; Ficler and Goldberg, 2017), we propose a simple but effective modeling

framework for controlled generation of multiple, diverse outputs based on interpretable control

variables. Each control variable corresponds to a sentence attribute. Compared to previous work

that only seeks to control the values of sentiment, length, and automatically-induced clusters, we

further explore neural text generation with predicates from semantic role labeling structures and

frame semantic representations.

Recently, Clark et al. (2018a) has proposed a neural text generation method that can explicitly

represent entities mentioned. In addition, event sequences (Chaturvedi et al., 2017; Liu et al., 2018)

are also important elements in narrative texts but under-explored. We believe this information

is very useful for neural text generation because people understand and create new objects by

performing mental operations on their existing knowledge (Baker et al., 1998). In this paper, we

develop models that control the presence or absence of particular frames from FrameNet (Baker

et al., 1998), a curated inventory of semantic frames.

We compare the diversity of story continuations controlled by different sentence attributes and
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find that using frames yields the most diverse continuations. Unlike certain other attributes, frames

have hundreds of possible values. Some frame values can help to get a natural continuation, while

others are not applicable when considering the story context. This leads to the second part of our

work: we explore methods to rerank continuations to yield a small number of high-quality outputs.

One potential use case of controllable, diverse story generation is collaborative writing appli-

cations. Clark et al. (2018b) indicates that participants find creative writing with a machine in the

loop is fun and helpful. However, computers are not able to match human performance in pre-

dicting the next step in a given sequence of events and writing the next line of the story. But with

suggestions from a collaborative writing system, people can be inspired creatively and produce

better pieces. Predicting and controlling with frame values suggests a new way of interaction with

collaborative writing system.

To avoid overwhelming the users with the continuations controlled by all potential frame val-

ues, we propose a control system to obtain the k-best generations from the n frame values1 as the

candidate set of the story continuation. Two different frame ranking methods have been provided:

one is to rerank the continuations generated with all frame values using a reverse scoring model (Li

et al., 2016a) and get the k-best generations; the other is to firstly predict the k-most reasonable

frame values based on the context, and use these values to control the generations. These k-best

generation could be the set of suggestions during creative writing.

We conduct both quantitative and qualitative study. We evaluate the controllability of our

framework and compare the diversity of generation with baseline systems. Our empirical results

show that: (1) our framework is accurate in terms of generating outputs that matches the target

control attribute values; (2) our framework increases maximum metrics scores compared to n-best

list generation with beam search; (3) Controlling frame yields more diverse outputs compared

to other control attributes. We also conduct a human evaluation to assess the utility of providing

multiple suggestions from our models in a creative writing setting, demonstrating promising results

1. Because predicates are shallow semantic representation, we did not use it in our final system.
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for the potential of controllable, generation in a collaborative writing system.

Context:

sandra needed a new phone . her old one had broken . she walked into the store and
bought a new one . she was very excited .

Control Attributes and Generated Continuations:

Sentiment:
positive sandra was happy to have a new phone .

Predicates:
loved sandra loved the new one .
gave sandra ’s mom gave sandra a refund .

Frames:
Calendric unit it was the perfect day of her life .
Cardinal numbers it was a perfect one .
Activity ongoing she kept it on the couch .

Table 5.1: Story continuations conditioned on various control attributes generated from our frame-
work.

5.2 Task Description and Definitions

Given a story context and a control attribute value, our goal is to generate a story continuation

that: (1) conforms to the given attribute value, (2) is relevant to the story context, and (3) is

complementary to continuations with other control attribute values, thereby providing a diverse set

of continuations when used with multiple attribute values.

We use x = ⟨x1, x2, ..., x|x|⟩ to denote a story context and y = ⟨y1, y2, ..., y|y|⟩ to denote a

story continuation. The last token y|y| is assumed to be ⟨eos⟩. We develop a framework to model

tuples (x, l, y), where l is a control attribute. The control attribute represents a characteristic of

the continuation, such as its length, sentiment, automatically-induced cluster, verbal predicate,

or set of semantic frames. Table 5.1 shows several examples of control attributes and generated

continuations corresponding to them from our model.
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5.3 Model

Our controllable generation framework is a variation of a sequence-to-sequence (seq2seq) model

with attention Sutskever et al. (2014); Bahdanau et al. (2015); Luong et al. (2015b). To represent

the control attribute values, we define an attribute embedding functionR that maps a given attribute

value l to a vector z: z = R(l). Here l can be a single discrete number or a set of discrete

numbers, depending on what attributes are being used. The control variable z contains two parts:

z = [zenc; zdec] where semicolon (;) denotes vertical concatenation and zenc and zdec are additional

inputs for the encoder and decoder respectively.

Encoder. For our encoder, we use a standard bidirectional recurrent neural network (RNN):

−→si = fe1([vi; zenc],
−−→si−1)

←−si = fe2([vi; zenc],
←−−si+1)

si = [−→si ;←−si ]

where vi is the vector representation of word xi, si ∈ Rd is the hidden state at time i, and fe1 and

fe2 are the forward and backward RNN functions.

Decoder. Our decoder uses an RNN with the general global attention scheme from Luong et al.

(2015b). An additional input zdec is fed to the decoder at each time step to reflect the characteristics

of the control variable:

hj = fd([yj−1; zdec], hj−1)
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where hj is the decoder RNN hidden vector at time step j and fd is the decoder RNN function.

Then, the conditional probability with controllable generation can be decomposed as follows:

log pΘ(y | x, l) =
|y|∑
j=1

log pΘ(yj | y<j , s, l)

Here s represents the hidden states of the source sequence and Θ are the parameters of the seq2seq

attention model.

Training. Our training objective is:

min
Θ,R

∑
⟨x,l,y⟩∈D

− log pΘ(y | x, l) (5.1)

where D is the training data, i.e., we assume attribute values l are provided during training. In

practice, these will be predicted automatically using a linguistic analyzer. With certain attributes,

we do not update the attribute value embeddings R, i.e., we fix zenc and zdec to one-hot vectors.

Inference. We can specify the value of the control variable and generate specific outputs. By

changing the variable values, we obtain multiple continuations for the same context. Beam search

is used for decoding.

5.4 Control Attributes

In this section, we describe the control attributes we explored using our framework. Table 5.2

shows examples of generated continuations for a single story context with several values for the

control attributes described below. Given our simple modeling framework, it would be natural to

experiment with combining control attributes via summation or averaging of the attribute represen-

tations, but we leave an investigation of this to future work, focusing here on using one attribute at

a time.
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Sentiment. Stories may express sentiment regarding their characters or circumstances. We ac-

quire sentiment labels by running the pretrained analyzer from Socher et al. (2013) on the continu-

ations in the training data. The analyzer produces three labels: “negative”, “neutral”, or “positive”.

During training, zenc and zdec are fixed one-hot vectors for each value.

Length. Some prior work has generated summaries with a desired length (Kikuchi et al., 2016;

Fan et al., 2018). We similarly use length of the continuation as a control attribute. Instead of

using an embedding for each integer length value, we group the lengths into a small number of

bins (details are provided below). zenc and zdec are fixed one-hot vectors for each bin.

Verbal Predicates. Semantic role labeling (SRL) is a form of shallow semantic parsing that

annotates predicates and their arguments in sentences. We consider predicates from a semantic

role labeling as control attributes. We use the SRL system from AllenNLP (Gardner et al., 2018) to

automatically obtain predicates for the continuations in our training set. Then, a predicate vector

is obtained by first summing up 100-dimensional GloVe embeddings (Pennington et al., 2014b)

of the predicted predicates (if there is more than one), then reducing the dimension to 64 using

principal component analysis.2 We wish to clarify that we do not use the argument structure from

the SRL system. We restrict our focus to simply the set of verbal predicates in the SRL structure;

this would presumably be simpler to use in interactive settings where users would specify attribute

values for generating continuations.

Frame Semantics. A story is composed of a sequence of meaningful events (Chatman, 1980),

often following particular patterns described in various terms such as scripts (Schank and Abelson,

1977) and frames. FrameNet (Baker et al., 1998) is an inventory of semantic frames, which are

semantic abstractions describing universal categories of events, concepts, and relationships.

2. The reason we use PCA here is to make all attribute embeddings have comparable embedding size, though we
did not systematically evaluate the effect of this choice.
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We consider frame semantics as another control attribute in our framework. In order to get

a frame semantic representation for a continuation, we use SEMAFOR (Das et al., 2014). SE-

MAFOR automatically produces a frame-semantic parse for a sentence, which consists of spans

that evoke particular frames in FrameNet as well as annotations of textual spans that correspond to

frame-specific arguments. For our purposes, we drop the arguments and only use the set containing

all frames that are evoked in the sentence. A sentence may contain multiple frames. For example,

in the sentence “Roa’s advice made Emma a lot happier in her life!”, “a lot” evokes the Quantity

frame while “Emma a lot happier” evokes the Effect frame.

The frame set variable z is computed by summing embeddings for the frames in the set:

z = R(l) =
∑
j∈l

Rj (5.2)

where l is the frame set and Rj is the representation of frame j. The frame embeddings are learned

during training.3 For modeling purposes, we restrict our attention to the 100 most frequent frames

in the training data. The rest of the frames are pooled together to form a single additional “catch-

all” frame.

Automatically-Induced Clusters. We also experiment with running k-means clustering on the

bag-of-words sentence representations of the continuations in the training set. We treat these

automatically-induced cluster labels as control attribute values. Below we describe experiments

with different cluster labels and analyze the characteristics of the generated outputs.

Oracle Bag-of-Words Sentence Representations. We also consider the use of a bag-of-words

(BOW) sentence representation as a control attribute. Naturally, the sentence representation of the

continuation is not available before generating the continuation in practice. However, we can use

this attribute to verify the capability of our model to reconstruct the continuation from its bag-of-

3. The dimension of the frame vector is 64 in our experiments.
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words representation.

5.5 Experimental Setup

5.5.1 Datasets.

We experiment with the publicly available ROC story corpus developed by Mostafazadeh et al.

(2016). It consists of approximately 100K five-sentence stories of everyday events. We sample

2000 stories as a development set and 2000 as our test set. The remaining stories form our training

set. Our goal is to generate the fifth sentence (the “continuation”) given the previous four sentences.

We use the 10k most frequent words in the training set as our vocabulary. A special token ⟨unk⟩ is

introduced for unknown words.

5.5.2 Evaluation.

Previous work evaluates generation tasks with automatic metrics, such as perplexity (PPL), BLEU (Pa-

pineni et al., 2002),4 and ROUGE (Lin, 2004). We adopt these in our evaluation and add three

more metrics using the pretrained story scorer from Sagarkar et al. (2018). The scorer rates a gen-

erated continuation given its context along three dimensions: relevance (R), interestingness (I),

and overall quality (O). The story scorer does not use a gold standard continuation.

In addition, to evaluate the diversity of the generation, we use Max-BLEU5 and Max-ROUGE.

First, we compute BLEU and ROUGE scores over a set of outputs (y1, y2, ..., yn) with different

4. In this paper, all BLEU scores are BLEU-2 scores (i.e., using unigrams and bigrams).

5. While max metric scores are not solely measuring diversity, they do provide a sense of the potential of the list.
If all entries on the list are the same, the max metric scores would equal the average metric scores. The difference
between the max and average metric scores therefore can be viewed as providing a bound on the diversity.
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attribute values given the same story context, then we compute the max scores:

Max-BLEU = max
i

BLEU(yi, r)

Max-ROUGE = max
i

ROUGE(yi, r)

where r is the gold standard continuation.

We also use Self-BLEU (Zhu et al., 2018) to evaluate the diversity of a set of outputs. It is

calculated by averaging the BLEU scores computed between all pairs of generated continuations

for a given context, then averaging this quantity over all contexts. The smaller the Self-BLEU

score is, the more diverse are the generated outputs.

5.5.3 Training Details

Our seq2seq model has a 2-layer biLSTM (Hochreiter and Schmidhuber, 1997b) encoder and a 1-

layer LSTM decoder. The hidden dimension of all layers is 512. The word embedding dimension

is also 512. For optimization, we use Adam Kingma and Ba (2015a) with learning rate 0.001. We

use early stopping based on perplexity on the development set.

5.6 Results

We now present our experimental results. Section 5.7 includes results related to how well our gen-

erated output matches the desired attribute values. Section 5.7.1 presents results when generating

continuations with oracle attribute values. In Section 5.7.2 we use our set-level metrics to evaluate

sets of outputs with various attribute values. In Section 5.7.3 we report results when attempting to

automatically infer attribute values to generate a small set of high-quality outputs.
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5.7 Controllability Evaluation

In this section, we evaluate the controllability accuracy of our framework by automatically measur-

ing the match between the attribute values of the generated continuations and the desired values.

For certain control variables, like sentiment and frames, this automatic evaluation is prone to er-

rors in the associated analyzers. That is, the metrics that rely on automatic analyzers could become

artificially high if our generation models learn to produce outputs that match the biases of the

analyzers. We could instead consider manual evaluation of control accuracy. However, we were

more interested in devoting our manual evaluation to the question of whether users would find the

system outputs useful for a particular goal.

Sentiment. We generate three continuations for each story in the development set, one for each

sentiment label. Using the same sentiment analyzer from Socher et al. (2013) as above, we obtain

predicted sentiment labels for the continuations. Table 5.3 shows the sentiment distribution for

each label. We see that the vast majority of the time, the continuations match the desired values.

Matching positive sentiment is easiest for our model, followed by neutral.

Length. We quantize the generation lengths into bins, each representing a size range. Below are

the two settings we consider:

• 3 bins: We use three bins with the following length ranges: [1,7], [8,13], and [14,∞).

• 30 bins: We use a bin for each length. No sentence is longer than 30.

During training, we do not update the representations of the length control variable. After

training, we treat the length of the continuation in the development set as the target control variable

and generate continuations for each length. The results are shown in Table 5.4 and demonstrate

that our model can generate continuations with the desired length with only small differences.
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Verbal Predicates. We select the top 100 most frequent verbal predicates in the training data.

Then for all the stories in the development set, we generate a continuation for each of the 100

predicates. We check whether the predicate appears in the generated continuations. As the results

in Table 5.5 show, the framework can nearly always generate outputs with the desired predicates.

Frame Semantics. In order to check how frequently the generated output matches the desired

frames, we generate continuations for the top 100 frames (one frame for each continuation) for

all stories in the development set. We check whether the frame appears in the specific continu-

ation using SEMAFOR. The results are shown in Table 5.6. Most frames have very high match

accuracies, but there are a few frames with much lower accuracy, such as “Food” and “Observ-

able body parts”. These are more concrete frames that may be difficult to reasonably incorporate

in certain story contexts.

Automatically-Induced Clusters. Given the cluster, the model generates a continuation. Then,

we represent the continuation as a bag-of-words sentence embedding (using the same method as

when performing the initial clustering) and find the cluster that has the nearest cluster embedding.

Then we check whether the two clusters match.

In analyzing the clusters, we observed that cluster 0 corresponds to simple but reasonable

continuations. Cluster 2 corresponds to continuations with positive sentiment. Cluster 4 contains

continuations with more actions. Some of the generated outputs are shown in Table 5.2. From

the results in Table 5.7, we still see controllability for most clusters; however, for target cluster 3,

which is rather generic based on our observations, the generated output seems flat.

5.7.1 Evaluation with Oracle Attributes

Table 5.8 shows automatic metric scores with oracle attribute values, i.e., using the attribute values

of the gold standard continuations. Unsurprisingly, compared with the seq2seq baseline, the per-

plexity decreases and the ROUGE and BLEU scores increase with oracle attributes.We also find
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that the scores from the story scorer, which does not use the gold standard while scoring, also show

improvements over the baseline. We note that frame semantics form one of the most useful control

attributes, aside from those that use words directly.

The oracle BOW representation of the gold standard continuation yields the lowest perplexity

and highest ROUGE and BLEU scores. It is not surprising that using this attribute would be useful

according to metrics that favor matching the gold standard. However, these results do show that our

simple modeling framework can make use of the information in the control variable with a high

degree of effectiveness. In addition, while the scores from the story scorer are generally higher

than for other control attributes, they are roughly on par with those when using predicates and

frames.

5.7.2 Evaluating Sets of Continuations

We now evaluate sets of continuations using our set-level metrics. Standard methods to generate

sets of outputs include beam search (BS) and temperature-based sampling (TS), which we use as

baselines. TS with temperature τ corresponds to transforming probabilities pi as follows: p̂i ∝ p
1
τ
i .

A high temperature τ leads to high variety in generated samples, but also more noise, while lower

temperatures lead to samples with less noise but also less diversity.

For each attribute, we generate continuations for each of its values, and compare to BS and TS

systems with the same number of outputs. For example, for sentiment, we generate continuations

for each of the 3 sentiment values and compare to BS and TS with 3 continuations.

Results are shown in Table 5.9. BS shows the least diversity (as evidenced by its high self-

BLEU scores). However, it generally yields high average ROUGE and BLEU scores. TS does

very well in terms of diversity, and this diversity enables it to produce higher max scores than BS,

but it has lower averages when using small numbers of continuations (3 or 5).

Our sentiment- and cluster-controlled systems outperform TS in max metric scores and BS in

diversity (self-BLEU). They also have the highest average BLEU scores, though the differences
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are small. With 30 continuations, TS with τ = 0.5 performs best across all metrics; this number of

continuations appears to be well-suited for temperature 0.5. As we move to 100 continuations, we

find that using our frame control variable leads to better diversity than TS, suggesting that the move

to 100 samples has introduced some amount of repetition. By contrast, the 100 distinct frames and

frame sets yield better diversity.

5.7.3 Automatically Choosing Attribute Values

Using our framework, we can generate continuations with any attribute values. However, if we are

interested in generating a single continuation, we do not know the ideal attribute values to use. So,

we propose two methods to automatically select a small set of values for the frame attribute.

Frames + Reranking: Following Li et al. (2016a), we rerank the outputs from the 100 most

frequent frame sets by linearly combining the forward score p(y | x) and the “reverse score”

λp(x | y), where the latter comes from a separately-trained seq2seq model. The forward score

p(y | x) is adjusted by dividing by the length of y in order to not favor shorter outputs.

Predicted Frames: We also build a model to automatically predict the frames in the continua-

tion. Given the frames in a sentence x, we compute a binary frame vector fx where entry j is 1 if

frame j appears in x. We train a model that predicts the frame vector of the continuation given the

frame vectors of the previous 4 sentences. The model is an LSTM followed by averaging of hidden

states. Mean squared error is minimized during training. After training, the k continuations are

selected based on the k frames with the highest predicted score under this frame prediction model.

We use these two methods to produce 3 continuations for each story and report results in

Table 5.9. They both achieve a similar balance of quality and diversity as TS with τ = 0.6,

with reranking leading to greater diversity than frame prediction and the latter showing higher

ROUGE/BLEU scores.
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5.8 Human Evaluation

Our previous results demonstrate that our frame control system has strong controllability and diver-

sity in generation. In this section, we conduct a human evaluation to assess the utility of providing

multiple suggestions from our models in a creative writing setting. We consider four different sys-

tems: BS with beam size 3; TS with 3 continuations using τ = 0.6, which we found to produce

outputs with more diversity than 0.5; reranking the 100 most frequent frame sets and using the top

3; and using continuations from the top-3 predicted frames under our frame prediction model.6

To assess which set of generations from these four systems are most helpful in a collaborative

writing setting, we collect annotations using Amazon Mechanical Turk. We randomly select 100

stories. For each story, we generate three outputs as a set of suggestions for each system, so there

are 600 comparision pairs in total. We show workers two sets of outputs from different systems

and ask them to select which suggestion is more helpful for writing the next line in the story. We

also provide a choice of “neither one is helpful at all”. We ask them explicitly to imagine they are

writing the next line of the given story (see the appendix for more details).

Table 5.10 shows the results.7 We observe that workers prefer the BS baseline over TS, al-

though TS yields higher diversity. This could be because the continuations from BS are shorter,

simpler, and more fluent. In addition, we observe that workers prefer the outputs from the rerank-

ing system over BS more often than not. Although the predicted frame system yields more diverse

outputs, workers still prefer BS, likely due to the difficulty in predicting frames. The reranking

and predicted frame systems are both preferred to TS, though the gap is smaller with the predicted

system. We also see that generating helpful suggestions is a difficult task: in many cases workers

thought neither system was helpful, especially when given the outputs from BS/TS or TS/predicted.

One may ask why workers do not show a stronger preference for the more diverse sets of

6. The BS and TS baselines do not use control variables.

7. We remove results from 10-question sets where more than half of the questions were answered with the “neither”
option, as we were concerned that these annotators did not fully understand the task or did not spend enough time
studying the continuations. This occurred in roughly one third of question sets.
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outputs. From our own preliminary annotations, we believe this is because diverse outputs tend

to be longer and harder to understand, and also because greater diversity increases the chance

of producing disfluent or nonsensical outputs. The BS outputs, by comparison, are sensical and

mostly on-topic. Even if the suggestions are not creative, they may still help a worker to think

about a new direction for the story to take. Nonsensical or disfluent suggestions, however, are

rarely helpful.

5.9 Conclusion

In this work, we propose a controllable framework that generate the next sentence of a story given

its context. Our framework could accurately generate outputs that match the target control attribute

values over several attributes: length, sentiment, automatically-induced clusters, predicates, and

frame semantic representations. The human study also shows that the multiple suggestions from

our model demonstrate promising results in a collaborative writing system.
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Context: i bought a pair of earbuds at target . i spent ten dollars . someone told me they were cheaper at the dollar
store . they were only a dollar .
Gold Continuation: i wish i had known that before .

Sentiment
negative i was disappointed .
neutral i decided to keep them .
positive i was able to get a new pair .

Length
4 i was shocked .
5 i was rather disappointed .
6 i bought a new pair .
7 i was able to buy them .
8 i was glad i bought them .
9 i was able to buy a new pair .
10 i was able to buy a new pair .
11 i was able to buy a new pair of shoes .
12 i was able to buy a new pair of new ones .
13 i was able to buy a new pair of rubber flavored items .
14 i was able to buy a new pair and i was very happy .

Verbal Predicates
wish, known i wish i will always recognize them .
got i got a new one .
decided i never decided on the new restaurants .
went i went home with a new friend .
is it is a great price .
get now i have to get a new one .
felt i felt very disappointed .
go i will go to the grocery store .
took i took them to the store .
left i left the store with a new tip .
realized after many years , i realized that .
loved i loved them .
ran i ran back to the store .

Frame Semantics
gold frame set* i wanted to be a professional photographer .
Arriving i got the earbuds .
Quantity it was a lot of fun .
Becoming it ended up being a target .
Cardinal numbers i paid for $ 50 dollars .
Being obligated i guess i had a similar card .
Kinship my parents were proud .
Statement i told them i would not be a target .
Causation they sent me to the seller ’s desk .
Opinion i think i was a millionaire .
Perception experience it was a hit .

Clusters
0 i ended up buying a new one .
1 i bought a new pair of shoes .
2 i was a good price .
3 i bought a new pair of shoes for free .
4 i decided to buy a new pair of headphones .

Oracle BOW
- i then wish that i had no time .

Table 5.2: Generated continuations from our framework with different control attribute values.
Boldface indicates attribute values of the human-written continuation.
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Generated Continuations
Target Sentiment negative neutral positive

negative 68.5 19.6 12.0
neutral 7.0 73.9 19.2
positive 0.8 3.1 96.2

Table 5.3: Sentiment match percentages of generated continuations and target sentiment values.

dif = 0 dif ≤ 1 dif ≤ 2 dif ≤ 3

3 bins 95.8 100 - -
30 bins 70.35 94.8 99.25 99.9

Table 5.4: Frequency (%) of the generated continuations in the range of dif = |l − lp| where l is
the continuation length and lp is the desired length.

Predicate M% Predicate M%

was 100 got 100
had 100 decided 94.4
went 99.9 is 100
made 99.25 were 100
found 100 get 99.95
felt 99.55 go 100
took 99.2 ended 98.25
be 99.95 told 99.9
gave 99.95 left 99.85
said 100 bought 100

Table 5.5: Match percentages (M%) showing fraction of stories for which generated continuations
contain the desired predicate. The 20 most frequent predicates are shown; additional results are in
the Appendix.
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Frame M% Frame M%

Calendric unit 99.5 Locative relation 87.4
Arriving 98.9 Quantity 92.5
Temporal collocation 99.9 Becoming 99.6
Cardinal numbers 89.1 Being obligated 97.7
Kinship 94.4 Intentionally act 99.7
Statement 98.0 Causation 98.6
Emotion directed 98.7 Buildings 93.0
Personal relationship 92.7 Food 79.2
Self motion 86.4 Capability 99.9
Desirability 98.1 Observable body parts 74.2

Table 5.6: Match percentages (M%) showing fraction of stories for which generated continuations
contain the desired frame. Additional results are in the Appendix.

Generated Continuations
Target Value 0 1 2 3 4

0 79.9 2.8 3.1 0.9 13.4
1 5.1 63.1 26.4 1.4 4.2
2 2.6 2.0 90.6 0.3 4.7
3 20.9 20.1 24.6 31.0 3.5
4 0.9 0.3 0.5 0.1 98.3

Table 5.7: Cluster match percentages (%) for each value of the cluster control variable.

PPL(↓) ROUGE
BLEU (↑) Story Scorer

ROUGE-1 (↑) ROUGE-L (↑) O (↑) R (↑) I (↑)
seq2seq 25.8 27.0 23.5 17.7 5.5 5.5 4.8
sentiment 25.0 26.7 23.5 17.7 5.5 5.6 4.8
length 23.1 27.3 24.6 20.3 5.7 5.8 5.0
predicates 17.1 42.9 35.1 26.4 6.0 6.2 5.2
frames 15.0 41.1 35.0 27.2 5.9 6.1 5.2
clusters 24.3 28.6 25.0 18.4 5.5 6.1 5.1
BOW 5.7 64.5 54.5 45.4 6.2 6.2 5.2

gold standard - - - - 6.5 6.7 5.7

Table 5.8: Automatic metrics for baseline system and when using oracle values for control at-
tributes. For the gold standard continuation, we report only the story scorer results because they
do not require a gold standard (unlike the other metrics).
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ROUGE
BLEU (↑)

ROUGE-1 (↑) ROUGE-L (↑) Self-BLEU (↓)
Max (Avg) Max (Avg) Max (Avg)

BS, beam = 3 31.8 (26.7) 27.3 (22.6) 19.7 (17.0) 50.5
TS, τ = 0.5 32.5 (25.5) 27.8 (21.6) 20.3 (16.3) 27.0

3 contin.:
TS, τ = 0.6 30.5 (22.2) 25.9 (18.8) 19.0 (14.8) 23.8
sentiment 32.8 (25.6) 28.9 (22.5) 21.1 (17.1) 30.7
predicted frames 30.8 (22.5) 27.0 (19.9) 19.7 (15.7) 30.3
frames + reranking 30.7 (21.9) 26.3 (18.9) 18.8 (14.7) 25.8
BS, beam = 5 33.9 (26.3) 29.4 (22.3) 21.3 (16.2) 68.1

5 contin.: TS, τ = 0.5 35.0 (25.3) 30.0 (21.5) 21.7 (16.2) 40.8
clusters 36.1 (24.5) 31.7 (21.4) 22.9 (16.4) 43.8
BS, beam = 30 40.0 (25.4) 34.3 (20.8) 25.6 (16.0) 92.5

30 contin.: TS, τ = 0.5 43.0 (25.4) 37.5 (21.6) 28.1 (16.3) 74.0
length 42.1 (24.7) 35.9 (20.0) 26.2 (14.8) 82.2
BS, beam = 100 44.4 (25.0) 38.6 (20.6) 29.2 (15.9) 96.2

100 contin.:
TS, τ= 0.5 47.8 (25.4) 42.3 (21.6) 32.1 (16.3) 85.6
frames (individual) 47.0 (24.0) 41.2 (20.8) 29.8 (15.5) 72.1
frames (sets) 48.3 (23.1) 42.7 (20.1) 31.2 (15.1) 75.5

Table 5.9: Metric scores to evaluate the potential of a list of continuations (continu.). We report
the maximum and average metric scores over the continuations in each list to evaluate the quality
of the lists, and self-BLEU to evaluate diversity. Best results for each metric and each number of
outputs are in bold.

Human Preference
system 1 system 2 1 2 neither

BS TS 43 16 29
BS reranking 18 30 15
BS predicted 38 29 19
TS reranking 18 38 16
TS predicted 18 27 34

reranking predicted 27 24 21

Table 5.10: Human preferences when given three continuations from each pair of systems.
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CHAPTER 6

LEARNING EXPRESSIVE PRIORS FOR LATENT VARIABLE

SENTENCE MODELS

6.1 Introduction

Variational autoencoders (VAEs; Kingma and Welling, 2014b) have been widely applied to many

natural language processing tasks (Bowman et al., 2016; Zhang et al., 2016; Shen et al., 2017;

Kim et al., 2018; Fang et al., 2019; Chen et al., 2019). VAEs provide statistical transparency

in describing observations in a latent space and flexibility when used in applications that require

directly manipulating the learned representation (Hu et al., 2017b). Recent work (Li et al., 2020)

has combined VAEs with BERT/GPT in representation learning and guided generation. However,

the representation capacity of VAEs is still limited for modeling sentences due to two main reasons.

One is known as the posterior collapse problem, in which the posterior collapses to the prior

and the generator learns to ignore the latent variable (Bowman et al., 2016). Many methods have

been developed to address it: annealing (Fu et al., 2019), weakening the capacity of the generator

(Semeniuta et al., 2017; Yang et al., 2017), manipulating training objectives (Burda et al., 2016;

Higgins et al., 2017; Zhao et al., 2017b), including the use of “free bits” (FB) (Kingma et al., 2016;

Li et al., 2019), and changing training (He et al., 2019).

The other reason is the restrictive assumption of the parametric forms for the prior and approx-

imate posterior. While these forms are computationally efficient, they limit the expressivity of the

model. The main existing solutions (Kingma et al., 2016; Tomczak and Welling, 2018; Razavi

et al., 2019) focus on enriching the variational posterior, while other work focuses on learning an

expressive prior (Tomczak and Welling, 2018; Serban et al., 2017; Chen et al., 2017b).

In this paper, we follow the latter line of research and draw upon methods in building and

learning expressive priors. We first show empirically that the original VAE objective, the evidence

lower bound (ELBO), is not effective when learning priors. The issue is not solely due to pos-
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terior collapse since it is not resolved by using modifications based on free bits. To address this

issue, we propose using a combined objective, adding to the ELBO a second objective (denoted

MIS) which is a different lower bound on the log marginal likelihood obtained using importance

sampling (Burda et al., 2016). Using the combination of the ELBO and MIS, we compare multiple

choices for the prior, including a mixture of Gaussians, a prior based on a variational mixture of

posteriors (VampPrior; Tomczak and Welling, 2018), and a prior based on normalizing flows (NF),

specifically real NVP transformations (Dinh et al., 2016). Using a real NVP prior entails creating

an invertible mapping from a simple base distribution to the prior distribution of the latent vari-

able in a VAE. This choice allows a flexible prior distribution that is not constrained to a specific

parametric family. The hope is that it would be better at modeling the data distribution.

We perform an empirical evaluation of priors and objective functions for training VAE sentence

models on four standard datasets. We find the best performance overall when using the flow-based

prior and the combined objective in the training objective. We refer to this setting as FlowPrior.

The generation of prior samples with FlowPrior comports to the training distribution while main-

taining a higher diversity than competing models in our quantitative and qualitative evaluation.

To summarize, this paper contributes: (1) a strategy for improved training of sentence VAEs

based on combining multiple lower bounds on the log marginal likelihood; (2) the first results

applying real NVP to model the prior in sentence VAEs; and (3) comprehensive evaluation and

analysis with three expressive priors and training objective variations.

6.2 Choice of Prior Family

We now describe the three kinds of priors we will compare in our experiments. The first two are

based on Gaussian mixtures (Sec. 6.2.1) and the third is based on normalizing flows (Sec. 2.1.3).

We take these three prior families into consideration because they represent the three main cate-

gories of work in learning priors: simple Gaussian mixtures (usually as baselines), defining the

prior as a function of the approximate posterior (Tomczak and Welling, 2018; Chen et al., 2018),
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and flow-based priors (Chen et al., 2017b; Ziegler and Rush, 2019; Ma et al., 2019). Note that

we do not make any changes to the approximate posterior distribution. That is, the approximate

posterior follows a Gaussian distribution with a diagonal covariance matrix as in standard VAEs.

6.2.1 Gaussian Mixture Priors

Our first choice is a uniform mixture of Gaussians (MoG):

pψ(z) =
1

K

K∑
k=1

f(z;µk, diag(σ
2
k)) (6.1)

where f(z;µ,Σ) is the density function of a d-dimensional Gaussian with mean µ and covariance

matrix Σ. The µk and σk are learnable parameter vectors with dimensionality d (which is 32 in

our experiments). This prior was used as a baseline by Tomczak and Welling (2018). We refer to

a VAE that uses this prior as MoG-VAE.

Tomczak and Welling (2018) extend MoG-VAE to a “Variational Mixture of Posteriors” prior

(VampPrior). This approach parameterizes the prior using a mixture of Gaussians with components

given by a variational posterior conditioned on learnable “pseudo-inputs”:

pψ(z) =
1

K

K∑
k=1

qϕ(z | uk) (6.2)

where K is the number of pseudo-inputs, each of which is denoted uk. Pelsmaeker and Aziz

(2020) applied this idea to text modeling and we follow their strategy for defining pseudo-inputs.

That is, each uk consists of a sequence of embeddings that have the same dimensionality as word

embeddings. For each component k, the lengths of pseudo-inputs can vary; they are sampled based

on the statistics of the lengths in the training set. We refer to a VAE with this prior as Vamp-VAE.
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6.2.2 Flow-based Priors

Our third choice for a prior distribution is to leverage normalizing flows (NF). A normalizing

flow is a sequence of invertible, deterministic transformations. By repeatedly applying the rule

for change of variables (see Section 2.1.3), the base density is transformed into a more complex

one. Networks parameterized using NF can be trained through exact maximum log-likelihood

computation. Exact sampling is performed by drawing a sample from the base distribution and

performing the chain of transformations. This allows a flexible prior and is expected to have more

expressive latent components compared to those based on Gaussian mixtures.

Computing the Jacobian of functions with high dimension and the determinants of large ma-

trices (i.e., the two main computations in NF) are very expensive. Our flow-based prior uses real-

valued non-volume preserving (real NVP) transformations (Dinh et al., 2016) which are efficient in

both training and sampling. These transformations are based on scale and translation operations.

It is worth noting that these two operations are not used in computing the Jacobian determinant

and inverse. So one can design arbitrarily complex operations that allow a flexible transformation

without incurring large computational cost. Find more details about normalizing flows and real

NVP are in Section 2.1.3.

More specifically, we apply real NVP as a prior by creating an invertible mapping between a

base distribution p0(z0) (in our case, z0 ∼ N (0, I)) and the prior distribution of VAE zL ∼ pL(zL):

zL = fL ◦ fL−1 ◦ ... ◦ f1(z0) (6.3)

where zL is the sentence latent variable and f1, f2, ..., fL are all bijective functions.

Using the change-of-variables theorem, given a latent variable zL, we can compute the exact
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density under the prior with the “image” z0 acquired by inverting the transformation:

z0 = f−11 ◦ ... ◦ f−1L−1 ◦ f
−1
L (zL) (6.4)

log pψ(zL)=log p0(z0)−
L∑
l=1

log |det(
∂fl(zl−1)
∂zl−1

)| (6.5)

We refer to a VAE with a real NVP prior as real NVP-VAE. We find our best setting to consist

of a real NVP prior and the combined objective in Section 6.3.1 and we refer to this setting as

FlowPrior.

6.3 Objectives for Learning Priors in VAEs

ELBO. Our preliminary experiments found that, when training with the standard ELBO, using

more sophisticated priors does not improve perplexity compared to standard Gaussian priors (Table

6.5). Though these priors could potentially be highly multimodal, the learned prior parameters

yield approximately unimodal forms (Figure 6.1, left).

Several approaches have been proposed to mitigate or avoid posterior collapse. One method

that we include in our experiments is a variation of KL divergence known as “Free Bits” (FB) KL

(Li et al., 2019; Kingma et al., 2016). Posterior collapse is mitigated, but the VAE models still

do not benefit much from expressive priors (Tables 6.3-6.4). Pelsmaeker and Aziz (2020) made

similar observations with an improved FB objective. We speculate these undesirable results are

due to the lack of learning signals for the prior parameters.

Marginal Likelihood via Importance Sampling. In the ELBO, the prior distribution only ap-

pears in the KL term. As a consequence, the prior parameters receive a limited amount of learning

signal. The posterior network, by contrast, receives gradient updates from both the reconstruc-

tion and KL terms. When minimizing the KL term the potentially expressive prior density can

“collapse” to a unimodal form.
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We consider optimizing another objective, a different lower bound on the log marginal likeli-

hood obtained using importance sampling (Burda et al., 2016):

log
1

N

N∑
i=1

pθ(x|z(i))pψ(z(i))
qϕ(z

(i)|x)
, s.t. z(i) ∼ qϕ(z|x)

where x is an input in the training data and N is the number of samples in use. This objective was

proposed as the training objective in the importance-weighted autoencoder (IWAE; Burda et al.,

2016). In this paper, we denote this objective by MIS.

The use of this term is not only beneficial in training with a tighter objective, but also increasing

the flexibility of approximate posterior as shown in (Cremer et al., 2017). With increase of N , the

approximation posterior has a implicit complex distribution that approaches the true posterior,

which is beneficial in learning a expressive prior.

However, use of MIS is not always ideal. Rainforth et al. (2018) theoretically proves that a

large N is detrimental in learning posterior, which in also shown in our empirical evaluation in

Table 6.5.

This term helps particularly when we are learning the prior parameters ψ, as we will show in

our experiments, but also helps improve performance when we keep the prior fixed as in standard

VAEs. It is not surprising that MIS would lead to a better test PPL, but we also find adding this

term is beneficial to learn a rich representation and avoid posterior collapse (Table 6.5).

Combination of the Two. We propose to combine ELBO and MIS. If we only have MIS, the

posterior only appears in the denominator so learning seeks to make samples from the posterior q

less likely under q, which could make q a poor proposal distribution. The ELBO, with its recon-

struction loss, appears to helpful in learning a better posterior. Similar idea is proposed in prior

work (Rainforth et al., 2018) that uses a combined objective to improve IWAE.
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6.3.1 Combined Training Objective

Our combined training objective then contains three terms: MIS, reconstruction, and sample-based

KL. We draw N samples from qϕ(z|x), and compute the three terms using the same samples:

L(θ, ϕ, ψ;x) = log
1

N

N∑
i=1

pθ(x|z(i))pψ(z(i))
qϕ(z

(i)|x)
+

1

N

N∑
i=1

log pθ(x|z(i))−KLϕ,ψ(x, {z(i)}Ni=1)

s.t. z(i) ∼ qϕ(z|x) (6.6)

When training with the ELBO alone, one typically uses a single sample from qϕ(z|x). However,

since we draw multiple samples anyway in order to compute MIS, we use those same samples for

the reconstruction term, which can lead to more robust gradients of that term than the standard

approach of using one sample.

The reason we use sample-based estimates for the KL divergence is because our choices for the

prior preclude the possibility of a closed form for the KL. We consider two different approaches

when computing sample-based KLs: standard KL and a slightly modified one inspired by “Free

Bits” (FB) Li et al. (2019); Pelsmaeker and Aziz (2020); Kingma et al. (2016), which we refer to

as FB KL.

For standard KL, we use Monte Carlo estimation in computing the KL divergence with N

samples:

KLϕ,ψ(x, {z(i)}Ni=1) =
1

N

N∑
i=1

(log qϕ(z
(i)|x)− log pψ(z

(i))) (6.7)

For the FB KL, we follow prior work Kingma et al. (2016) that replaces the KL with a hinge loss

term in each latent dimension:

FB KLϕ,ψ(x, {z(i)}Ni=1) =
d∑
j=1

max(λ,KL
j
ϕ,ψ(x, {z

(i)}Ni=1)) (6.8)

where KL
j
ϕ,ψ denotes the KL computed only for dimension j of the latent variable, and λ is the
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value of the “free bits” reserved.

6.3.2 Training Procedure

We describe our training procedure below for FlowPrior, which combines a real NVP prior with

the objective in Eq. 6.6. For simplicity, our description only uses one input x. In practice, we use

mini-batches with a stochastic gradient based optimizer. All the parameters (θ, ϕ, ψ) are updated

simultaneously during training.

1. Sample N instances z(1)L , z
(2)
L , ..., z

(N)
L from inference network using reparameterization trick.

2. Perform inverse transformation get the ‘image’ of the point under the base distribution

z
(1)
0 , z

(2)
0 , ..., z

(N)
0 .

3. Compute the exact log likelihood of the sample prior with change of variable theorem (Eq. 6.5).

4. Compute and backpropagate the loss (Eq. 6.6).

When using the other priors (standard Gaussian, MoG, and VampPrior), we do not need steps 2

and 3 above because those priors can be computed directly without the inverse transformation or

change of variable theorem.

6.4 Experiments

6.4.1 Datasets

We consider four widely-used, publicly available English datasets: the Penn Treebank (PTB) Mar-

cus et al. (1993b); Bowman et al. (2016), Yahoo Yang et al. (2017); He et al. (2019), Yelp sentiment

Shen et al. (2017), and SNLI Bowman et al. (2015b).

The statistic of our dataset is in Table 6.1. For Yelp and SNLI, we follow Li et al. (2019)

and create the dataset with downsampling. For Yahoo, we truncate sentences to length 100 due to

computational constraints.
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# Train # Dev # Test Avg L Max L # Vocab

PTB 42,068 3,370 3,761 21 82 10,002
Yahoo 100,000 10,000 10,000 68 100 19,982
Yelp 100,000 10,000 10,000 9 15 9,389
SNLI 100,000 10,000 10,000 12 82 19,978

Table 6.1: Statistics of the datasets. # Train/Dev/Test is the number of train/dev/test instances. Avg
L and Max L are the average and maximum length of the sequences in the training sets. # Vocab
is the size of the vocabulary including ⟨unk⟩, ⟨sos⟩, ⟨eos⟩, and ⟨pad⟩.

6.4.2 Baselines

Our baselines include standard VAE with linear KL annealing Bowman et al. (2016); Cyc-VAE

Fu et al. (2019) in which the KL term is reweighted with a cyclical annealing schedule; Lag-VAE

He et al. (2019) which updates the encoder multiple times before each decoder update; VAE+FB

Kingma et al. (2016); Chen et al. (2017b) which replaces the standard KL with FB (i.e., Eq. 6.8

with N = 1); and Pre-VAE+FB Li et al. (2019) which initializes the VAE with a pretrained

autoencoder and replaces standard KL with FB. We evaluated these baselines using their open

source implementations.1

In addition, we include two prior-learning baselines: MoG-VAE (Eq. 6.1) and Vamp-VAE (Eq.

6.2). We follow Pelsmaeker and Aziz (2020) and set 100 components/pseudo-inputs.

Unlike the earlier baselines, for which we used open source codebases, we implemented the

MoG-VAE and Vamp-VAE models on top of our standard VAE implementation, which was also

used for FlowPrior.

6.4.3 Implementation and Training Details

We use the open source implementations for other baselines. Across all the experiments for our im-

plemented baselines (i.e., standard VAE, MoG-VAE, Vamp-VAE) and our proposed model Flow-

Prior, we follow prior work (Kim et al., 2018; He et al., 2019; Li et al., 2019) and use a single-layer

1. The links to their implementations are in the Appendix.
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PTB Yahoo SNLI Yelp

Word Embedding 256 512 128 128
Encoder Hidden States 256 1024 512 512
Decoder Hidden States 256 1024 512 512

Table 6.2: The size of word embeddings and hidden states in VAE models used in this paper, which
are adopted from prior work.

LSTM encoder and decoder with a 32-dimensional latent variable. We follow the prior work (He

et al., 2019; Li et al., 2019) and set the embedding dimension as in Table 6.2. We set a dropout rate

of 0.5 to both the input embeddings and the output embeddings before the softmax layer in the de-

coder. All the parameters are initialized with a uniform distribution U(-0.01,0.01). For both MoG

and Vamp-VAE we use 100 components/pseudo-inputs in the prior. For real NVP, we use 10 affine

coupling layers with 3-layer MLP networks for the parameterized scale and translation operations

with the dimensionality of 32. We follow Dinh et al. (2016) to compose the affine coupling layers

in an alternative pattern and add batch normalization (Ballé et al., 2016) between adjacent affine

coupling layers. For models trained with FB KL, we set the target rate as 2, 4, or 8.

We use a batch size of 32 and train using SGD. All models are trained with the simple linear

annealing schedule, with same hyperparameter search space. The optimizer is initialized with

learning rate 1 or 0.5, and the learning rate is decayed by 1/2 if the dev loss is not improved in

two consecutive epochs. The training stops early after 5 learning rate decay operations. We use a

linear annealing schedule that increases the weight from 0 to 1 in the first 10 or 20 epoch for the

weight of both KL and infinilog term if they are in the training objective. When training with the

combined objective, we start adding infinilog after training ELBO objective 10 epochs. For each

model variation, we experiment with 5 different random seeds and report the median numbers in

the paper.
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6.4.4 Evaluation Metrics

Our evaluation measures language modeling performance, the use of the latent variable, and the

quality and diversity of generations from the prior and posterior. The metrics are listed below:

PPL: We estimate log marginal likelihood using importance sampling (Burda et al., 2016) and

calculate perplexity on the test set.2

KL: We report the KL term in the ELBO on the test set. When training with FB KL, we still report

standard KL. For standard VAE, we compute KL with its closed-form expression. Otherwise, we

report the KL estimated with samples.

MI: We follow Hoffman and Johnson (2016) and report estimated mutual information between the

observation and its latent variable.

AU: A dimension z in the latent variable is considered “active” if Covx(Ez∽q(z|x)[z])>10−2. AU

is then the number of active latent dimensions (Burda et al., 2016) .

F-PPL and R-PPL: These metrics measure the correspondence between generated sentences from

the model and the training corpus. We evaluate both F-PPL and R-PPL by estimating 5-gram

language models using the KenLM toolkit (Heafield, 2011) with its default smoothing method.

For F-PPL, we estimate language models from the actual text and compute the perplexity of the

generated samples. For R-PPL, we estimate language models from the generated samples and

compute the perplexity of the actual text.3

Self-BLEU: The self-BLEU metric is one measure of the diversity of a set of samples (Zhu et al.,

2018). It is calculated by averaging the BLEU scores computed between all pairs of samples.

2. We use 1000 samples which appears to be more than sufficient for estimation; Ziegler and Rush (2019) found
that using more than 50 samples did not even show much difference.

3. Our R-PPL is slightly different from that in Fang et al. (2019). For R-PPL, we always concatenate the training
set vocabulary (one word per line) to the set of samples from the models to ensure LMs have seen the entire vocabulary.
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Model PPL(↓) Recon(↓) KL AU(↑) MI(↑)

VAE 101.40 101.28 0.00 0 0.00
Cyc-VAE 107.73 101.17 2.01 5 1.24
Lag-VAE 100.25 100.41 1.04 3 0.79
VAE + FB 101.56 99.84 4.46 32 0.90
Pre-VAE + FB 96.35 94.52 8.15 32 6.30
MoG-VAE 98.22 100.54 0.00 0 0.00
MoG-VAE + FB 97.50 99.44 2.35 32 0.68
Vamp-VAE 98.27 100.56 0.00 0 0.00
Vamp-VAE + FB 97.83 99.53 2.31 32 0.72

FlowPrior 94.72 98.46 3.28 2 2.25
FlowPrior + FB 93.58 99.20 7.21 31 2.83

Table 6.3: Language modeling results on PTB dataset.

6.5 Results

6.5.1 Language Modeling

We first perform language modeling tasks to characterize models’ efficacy at modeling texts in

terms of modeling the distribution of language data and making use of the latent variable.

We refer to our model as FlowPrior, which uses the training objective in Eq. 6.6 which in-

cludes MIS and the standard KL (Eq. 6.7). We use FlowPrior + FB to refer to our model with the

FB KL (Eq. 6.8).

Comparison to baselines. The implementation of FlowPrior is based on the building blocks of

VAE. Table 6.3 shows our experiments of our implemented standard VAE baselines on the PTB

dataset.

We report the performance of FlowPrior on Yahoo, Yelp, and SNLI in Table 6.4. Since our

technical contribution lies in learning the prior instead of changing the training procedure or ma-

nipulating the KL term, we set the baselines as standard VAE, MoG, and VampPrior for the rest of

the paper.

From Tables 6.3 and 6.4, we observe that FlowPrior consistently outperforms all the baselines
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Model PPL(↓) Recon(↓) KL AU(↑) MI(↑)

Yahoo

VAE 65.77 333.17 0.00 0 0.00
MoG-VAE 64.60 332.90 0.00 0 0.00
Vamp-VAE 74.81 344.61 0.01 0 0.00

FlowPrior 62.49 331.57 1.43 4 1.62
FlowPrior + FB 68.29 345.68 10.99 25 0.61

Yelp

VAE 35.10 35.18 0.00 0 0.00
MoG-VAE 35.18 35.20 0.01 0 0.00
Vamp-VAE 34.99 35.15 0.00 0 0.00

FlowPrior 31.82 30.25 4.15 2 2.46
FlowPrior + FB 39.03 36.87 10.13 32 2.57

SNLI

VAE 25.97 41.34 0.00 0 0.00
MoG-VAE 28.05 40.96 0.44 1 0.41
Vamp-VAE 25.98 41.35 0.00 0 0.00

FlowPrior 22.41 37.89 3.83 3 0.97
FlowPrior + FB 26.19 43.56 7.59 32 3.16

Table 6.4: Language modeling results on other datasets.

by a large margin in test set perplexity. It is not surprising since the MIS term in our training

objective directly targets the perplexity metric because the expressions are identical, differing only

in the number of samples used. We noticed though use of FB can help achieve a consistently better

AU and higher KL, but it does not always lead to a better test PPL and reconstruction. We report

additional results on measuring the impact of FB in Table 6.6.

Another finding is that only enhancing prior is not enough. Though these priors have the

potential to be multimodal, they could still be unimodal after training. For example, the MoG-

VAE might learn a mixture in which all Gaussians have the same location and scale. Also, the

complexity of the prior learned by the Vamp-VAE is dependent upon the inference network, so if

the inference network does not learn anything useful, the learned prior may not be useful either.
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Prior PPL(↓) KL AU(↑)

PTB

Standard 101.8 / 101.4 / 98.4 0.0 / 0.0 / 3.2 0 / 0 / 2
MoG 101.9 / 98.2 / 96.7 0.0 / 0.0 / 0.0 0 / 0 / 0
Vamp 101.7 / 98.3 / 96.1 0.0 / 0.0 / 3.1 0 / 0 / 4
Real NVP 102.5 / 98.4 / 94.7 0.0 / 0.0 / 3.3 0 / 0 / 2

Yahoo

Standard 65.6 / 65.8 / 63.9 0.0 / 0.0 / 2.7 0 / 0 / 1
MoG 65.6 / 64.6 / 62.7 0.0 / 0.0 / 0.5 0 / 0 / 1
Vamp 78.5 / 74.8 / 62.9 0.0 / 0.0 / 1.5 0 / 0 / 2
Real NVP 65.6 / 65.8 / 62.5 0.0 / 0.0 / 1.4 0 / 0 / 4

Yelp

Standard 35.4 / 35.1 / 33.2 0.0 / 0.0 / 2.9 0 / 0 / 2
MoG 36.0 / 35.2 / 34.9 0.0 / 0.0 / 0.0 0 / 0 / 0
Vamp 38.0 / 35.0 / 33.7 0.0 / 0.0 / 4.1 0 / 0 / 1
Real NVP 35.6 / 35.1 / 31.8 0.0 / 0.0 / 4.2 0 / 0 / 2

SNLI

Standard 27.4 / 26.0 / 25.3 0.0/ 0.0 / 1.2 0 / 0 / 3
MoG 27.2 / 28.1 / 24.3 0.0 / 0.4 / 4.2 0 / 1 / 5
Vamp 27.6 / 26.0 / 23.7 0.0 / 0.0 / 2.8 0 / 0 / 2
Real NVP 27.7 / 26.1 / 22.4 0.0 / 0.0 / 3.8 0 / 0 / 3

Table 6.5: Results of MIS, using ELBO, and combination for VAEs with several choices for priors
. From left to right in each cell corresponds to training with MIS only, ELBO only, combination of
ELBO + MIS.

Impact of selection of objectives. The learned prior baselines (MoG-VAE and Vamp-VAE) fail

to learn to use the latent variable, as shown by the small numbers (nearly zero) for the AU and MI

metrics in Tables 6.3-6.4. Same observations found in Pelsmaeker and Aziz (2020). We argue that

only improving the prior might not be sufficient, as the ELBO objective is difficult to optimize and

little information may be learnable for the prior from the ELBO alone. To show the power of our

MIS term, we introduce this term to standard-VAE, MoG-VAE, and Vamp-VAE and evaluate the

improved models under the same language model metrics.

Table 6.5 compares models trained with the ELBO and our proposed training objective (Eq.
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6.6). We observe that the combined objective is beneficial to all metrics for models with different

priors across datasets. Our results meet the suggestion in (Rainforth et al., 2018) that tighter bounds

are preferable for training the generative network, while looser bounds are preferable for training

the inference network.

Still, FlowPrior (real NVP + MIS) performs the best in PPL and MI compared to other models,

showing the flexibility and the power of the real NVP architecture.

For the “Standard” setting in Table 6.5 the prior is fixed and not learned while in the other

three settings the prior is learned. We observe the combination of ELBO + MIS objective is helpful

across all. 4

Combining with FB. Using the Free Bits method can help achieve a consistently better AU

and higher KL as shown in the overall results in the main paper. We report additional empirical

comparisons to focus on measuring the impact of FB for three models in Table 6.6.

Though adding FB yields higher AU and MI, it is not always true that it leads to a better test

PPL and reconstruction. This phenomenon has been pointed out by Razavi et al. (2019) that adding

FB makes the objective non-smooth which can lead to optimization difficulties. Possible solutions

could be changing to a better training procedure. Li et al. (2019) remedy this issue by combining

pretraining with FB, namely using a pretrained autoencoder to initialize the inference network

before starting training the VAE networks. This suggests that it may be necessary to pretrain the

inference network and decoder to unilaterally benefit from FB.

6.5.2 Probing of Latent Space

One appealing aspect of VAEs for sentence modeling is the potential for learning a smooth, inter-

pretable space for sentences. A qualitative way to explore the latent space is to interpolate between

samples from the prior distribution. We randomly sample two latent vectors from the prior and

4. For MoG setting, we perform experiments with setting Gaussian component K=1 and observe comparable or
slightly worse test PPL under all 3 choices of training loss.
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Model PPL(↓) KL AU(↑) MI(↑)
PTB

VAE 101.4 / 101.6 0.00 / 4.46 0 / 32 0.0 / 0.1
VAE+MIS 96.9 / 95.8 1.57 / 6.34 24 / 32 0.6 / 1.5
MoG-VAE 98.2 / 96.8 0.00 / 2.35 0 / 32 0.00 / 0.68
Vamp-VAE 98.3 / 97.3 0.00 / 2.31 0 / 32 0.00 / 0.72
FlowPrior 94.7 / 93.6 3.28 / 7.21 2 / 31 2.3 / 2.8

Yahoo
VAE 65.8 / 64.6 0.00 / 4.88 0 / 32 0.0 / 0.9
VAE+MIS 63.9 / 61.7 2.72 / 13.31 1 / 32 2.0 / 1.7
MoG-VAE 64.6 / 67.3 0.00 / 1.83 0 / 32 0.0 / 0.6
Vamp-VAE 74.8 / 75.9 0.01 / 1.24 0 / 32 0.0 / 0.6
FlowPrior 62.5 / 68.3 1.43 / 10.99 4 / 25 1.6 / 0.6

Yelp
VAE 35.1 / 37.5 0.00 / 3.59 0 / 32 0.0 / 1.0
VAE+MIS 33.2 / 39.6 2.91 / 4.16 28 / 32 0.9 / 2.2
MoG-VAE 35.2 / 39.8 0.01 / 1.81 0 / 32 0.0 / 0.6
Vamp-VAE 35.0 / 39.4 0.00 / 1.78 0 / 32 0.0 / 0.6
FlowPrior 31.8 / 39.0 4.15 / 10.13 2 / 32 2.5 / 2.6

SNLI
VAE 26.0 / 30.5 0.00 / 1.84 0 / 32 0.0 / 0.9
VAE+MIS 25.3 / 17.8 1.23 / 15.48 23 / 32 0.5 / 2.0
MoG-VAE 28.1 / 27.5 0.44 / 2.28 1 / 32 0.4 / 0.7
Vamp-VAE 26.0 / 29.3 0.00 / 5.11 0 / 32 0.0 / 0.8
FlowPrior 22.4 / 26.2 3.83 / 7.59 3 / 32 1.0 / 3.2

Table 6.6: Results when comparing standard KL and FB KL for several models: VAE, VAE + MIS.
The left part in each cell shows training with standard KL and the right part shows using FB KL
instead.

linearly interpolate between them with evenly divided intervals Bowman et al. (2016).5 We use

greedy decoding in generation.6 Table 6.7 shows linear interpolation between prior samples in

FlowPrior and Vamp-VAE +MIS (i.e., Vamp-VAE training with combined training objective). We

observe substantial improvement with FlowPrior, as it can generate sentences with smooth seman-

5. FlowPrior is slightly different. Instead of directly sampling from the latent variable of VAE (in MoG-VAE and
Vamp-VAE), FlowPrior samples from the base distribution of real NVP, interpolates in the base distribution, and maps
to the latent with Eq. 6.3. We also experiment with interpolating the two samples after mapping, namely interpolating
in the VAE latent space, and find similar results.

6. We additionally tried various sampling methods for decoding. This leads to more noise and becomes harder to
interpret. Generations can be found in the Appendices.
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Vamp-VAE

Three people are sitting on a bench .
People are walking down the street .
Man in a blue shirt and jeans is sitting on a bench .
Man in a blue shirt and jeans is sitting on a bench .
Women in a white dress and a man in a black shirt are standing in front of a microphone .
Women in a white dress and a man in a black shirt are standing in front of a microphone .
two men are playing soccer
two men are playing basketball
Two men are playing a game of chess .
Two men are playing a game of chess .

FlowPrior

The dog is running through the snow .
Two young boys are playing in the snow .
There is a man in a blue shirt and a woman in a black shirt and black pants .
Three people are sitting on a bench .
two men are standing on a bench
A girl is sitting on a bench .
A young girl is sitting on a bench .
A young man is sitting on a bench .
A woman in a black shirt is sitting on a bench .
A woman is sitting on a bench .

Table 6.7: Interpolation from the prior on SNLI dataset. In each cell, the first and last sentences
correspond to two sampled latent codes and between are linearly interpolated samples.

tic evolution while maintaining plausible generations in terms of fluency. This semantic evolution

may reflect the complex structure in the learned prior distribution. Interpolations with MoG-VAE

+ MIS and Vamp-VAE + MIS have more repetitions and do not transit smoothly from one to the

other.

6.5.3 Visualization of Learned Priors

We randomly select 4 dimensions from the learned priors per model and plot their densities in

Fig. 6.1.

In MoG-VAE, each dimension is a Gaussian mixture with 100 components. When only using
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(a) MoG-VAE / ELBO (b) MoG-VAE / ELBO+MIS

(c) Vamp-VAE / ELBO (d) Vamp-VAE / ELBO+MIS

(e) Real NVP-VAE / ELBO (f) FlowPrior

Figure 6.1: Densities of 4 dimensions of learned priors (SNLI dataset).

the ELBO for training (Fig. 6.1(a)), the four visualized components all have similar shapes. After

adding MIS (Fig. 6.1(b)), different dimensions have similar locations but different scales.

Vamp-VAE permits relatively complex components because the means and variances are ac-

quired from the inference network applied to learned pseudo-inputs. Fig. 6.1(c) shows that Vamp-

VAE training without MIS does not show much difference compared to MoG-VAE. However, when

training with MIS (Fig. 6.1(d)), the distributions in several dimensions appear to be multimodal.

The real NVP prior learns little information when training without MIS, as all dimensions are

91



akin to standard normal distributions. When training with MIS, different dimensions show distinct

placement and shape. The prior in FlowPrior is highly multimodal overall and smooth in each

dimension.

6.5.4 Generations from Prior Samples

Sampling from Prior. To measure the expressiveness of the prior and the richness of the learned

latent variable, we randomly sample 5000 times from the prior distribution and evaluate their

greedy-decoded generations qualitatively and quantitatively.

MoG-VAE MoG-VAE + MIS

The man is wearing a black shirt . An older gentleman in a white shirt is walking in a
parking lot .

A man is standing in front of a build-
ing .

A woman is walking in a field .

A man is standing in front of a build-
ing .

A young girl in a red shirt is playing with a toy .

Vamp-VAE Vamp-VAE + MIS

A man is playing a guitar . Man in a blue shirt and jeans is sitting on a bench .
A man is playing a guitar . The man is wearing a black shirt .
A man is playing a guitar . People are walking down the street .

VAE FlowPrior

A man is sitting on a bench . Man in a blue shirt and blue jeans is sitting on a rock
with a hammer .

A man is sitting on a bench . Two young boys are playing in the snow .
A man is sitting on a bench . A dog is running through the snow .

Table 6.8: Generations from prior samples with greedy decoding (SNLI dataset)

Table 6.8 shows greedy generations from prior samples. We observe substantial improvements

in term of generation diversity when adding MIS in the training objective. Note that these diverse

samples are achieved with a purely deterministic decoding. A diverse set of samples implies that

(1) richer latent codes and a highly multi-modal distribution is learned by the model; (2) and the

generator is trained to attend to the latent codes.
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Yelp SNLI

F-PPL R-PPL SB F-PPL R-PPL SB

VAE 4 30248 96 4 51127 100
VAE+MIS 5 10818 30 4 19047 73
Vamp-VAE 4 32504 100 4 56050 100
Vamp-VAE+MIS 7 5280 10 5 8420 29
FlowPrior 209 1677 3 42 5725 13

Table 6.9: Forward PPL (F-PPL), Reverse PPL (R-PPL), and Self-BLEU (SB) of greedy-decoded
prior samples.

Sample Mundanity and Coverage. A strongly-performing generative model should be able to

generate samples that comport to the training data distribution. We use the forward and reverse

PPL to estimate the similarity between the training data and samples. We can consider F-PPL as a

generation “precision” as it reflects the amount of information in the samples that is relevant to the

actual text. Analogously, we can consider R-PPL as a generation “recall’’ as it reflects how much

the samples as a whole provide coverage of the actual text. Moreover, both F-PPL and R-PPL

reflect whether the decoder is able to attend to the latent variable in generation.

Table 6.9 shows the F-PPL and R-PPL with greedy generation from prior samples. While

Fang et al. (2019) treats a lower F-PPL as an indicator of better samples, we argue that it is not

necessarily true. A model could achieve a low F-PPL by simply generating identical (or nearly-

identical) high-probability sequences, like those observed from the VAE, MoG-VAE, and Vamp-

VAE in Table 6.8. This reflects how an overly-simplified or restrictive assumption in prior can lead

to less diversity in samples.

Indeed, we find that models with very low F-PPL values often have very high R-PPL values.

A lower R-PPL indicates the distribution of generated samples matches the distribution of the

training data. From Table 6.9 we observe that adding MIS is beneficial as it leads to a lower R-

PPL. FlowPrior has the best R-PPL score, and shows the capability of capturing characteristics of

the target distribution that are not captured by simpler priors.
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Generation Diversity. To identify which model has richer usage of latent variables, we use self-

BLEU to measure the diversity of a set of samples. We observe significant improvements in Flow-

Prior in Table 6.9, which implies a diverse latent representation and a better utilization of the latent

variable.

6.6 Conclusion

We build our model FlowPrior by introduce normalizing flow into the VAE prior, and propose

adding the importance-sampled marginal likelihood (MIS) as a second term to the standard VAE

objective. Our empirical results shows FlowPrior yields a substantial improvement in language

modeling tasks and generation tasks.
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CHAPTER 7

DETECTING GENERATION INCONSISTENCY IN GROUNDED

DIALOGUE SYSTEMS

7.1 Introduction

Grounded dialogue systems (Shuster et al., 2020; Adiwardana et al., 2020) are often formulated

as open-domain controllable generation models that produce diverse responses based on grounded

knowledge. With the advent of large-scale language model architectures (Vaswani et al., 2017b;

Radford et al., 2019), recent works (Zhang et al., 2020b; Adiwardana et al., 2020; Roller et al.,

2021) are capable of generating responses that are highly grammatical, fluent, and human-like.

However, studies have shown that the generated responses lack global consistency with the con-

versation context (Zhang et al., 2019b; Kim et al., 2020; Gao et al., 2020), or contain hallucinated

content that contradicts grounded knowledge or world knowledge (Dziri et al., 2021; Honovich

et al., 2021). We focus on the latter problem, aiming to automatically identify hallucinated re-

sponses generated by grounded dialogue systems.

The prevalence of hallucinated content impedes the real-world deployment of neural dialogue

systems, as they might unintentionally create or propagate misinformation resulting in deleterious

consequences to human society. With the goal of mitigating imperfect generations, the first step

is to detect the inconsistency between generated responses and grounded knowledge. We study

document-grounded DialoGPT in Zhang et al. (2020b, 2021) that trained to attend to grounded

documents when generating responses. In Table 7.1 we show examples that are fact-inconsistency

with the given documents.

Inspired by recent work in hallucination detection in text summarization and neural machine

translation (Falke et al., 2019; Kryscinski et al., 2020; Maynez et al., 2020; Wang et al., 2020;

Durmus et al., 2020; Pasunuru and Bansal, 2018; Arumae and Liu, 2019; Zhou et al., 2021), we

measure the fact-consistency of output sequences using external semantic models for natural lan-
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Document: Following the conclusion of his
sophomore year, Iverson declared for the 1996
NBA draft. He was the first player under Coach
Thompson to leave Georgetown early for the
NBA.

Context: TIL at the age of 17, Allen Iverson
was sentenced to 15 years in prison after par-
ticipating in a brawl at a bowling alley. He
was only released due to a pardon by the Vir-
ginia Governor after a Tom Brockaw interview
caused a public outcry.

C Resp.: Iverson was the first player under
coach Thompson to leavege early for the NBA.

IC Resp.: He was the first player under coach
Thompson to leave Gonzaga early for the NBA

IC Resp.: He was also the first player to leave
College early to join the NBA.

Table 7.1: Examples of factual-consistenct (C) and factual-inconsistenct (IC) responses (Resp.)
generated by document-grounded DialoGPT conditioned on the same document and context.

guage inference (Dagan et al., 2005b; Bowman et al., 2015b). We note that methods in text sum-

marization can not be directly applied to the dialogue domain due to the open-ended nature in

dialogue. For example, new information in dialogue is typically allowed as long as it does not con-

tradict with the conversation history and reference documents. This open-ended nature of dialogue

renders the possible generations to be much more diverse than summarization, thus posing new

challenges for suppressing confounding issues other than faithfulness. Figure 7.1 shows examples

of confounding issues such as blandness of the response and irrelevance when the response is not

relevant to the given reference documents. They may be legit in human conversation (Grice, 1975)

and agreed by social norms (Grice, 1989), but are not suitable for studying fact-consistency with

given reference grounding documents, which is the focus of this paper.

To close this gap, we build an efficient data filtering pipeline and collect a grounded dialogue

benchmark (GDB) for evaluating fact-consistency of generated responses. We annotate GDB to

indicate whether the generations are fact-consistent with the grounded documents, and their cor-
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responding rationale. We create and evaluate baselines with off-the-shelf methods developed for

semantic similarity, in-context-learning, and proxy tasks, and further improve the baselines with

two different data augmentation approaches based on crafted templates (ADVTEMP) and model

generation (GPTAUG).

ADVTEMP relies on manually crafted templates, and synthesizes data via text transformations

defined in the templates. Though these text transformations are efficient and effective, the process

of template creation requires extensive amount of expertise and effort. Moreover, outputs from

transformation lack diversity because templates only inject local noises into the linguistic space

with shallow modification to words and phrases. GPTAUG leverages the power of GPT-3 (Brown

et al., 2020) to automatically identify patterns with in-context examples of documents, responses,

and their relations, and generate new samples conditioned on the specified relations. The generated

augmentations follow the data distribution, and are diverse in sentence structure and word use.

However, these generation does not always comport with the specified relation. Thus, the labels in

the synthesized data pairs need to be relabeled or filtered to be ultimately useful.

Our experiments shows that proxy-task-based method is a strong baseline. Data augmentation

improves the performance further. ADVTEMP and GPTAUG tend to capture different aspects of

knowledge as we expected. We did error analysis on models with breakdown under types of

detection knowledge needed, and found data augmentation performs better than proxy-task-based

method in most augmented categories. Our analysis shows the effectiveness and limitations of the

two augmentation methods. We found augmented instances from GPTAUG are more diverse in

sentence structure than ADVTEMP, however, the original labels from GPTAUG are not as clean as

those in ADVTEMP.

To summarize, our contributions in this work are: (1) We propose a data filtering pipeline to

facilitate efficient data collection under grounded dialogue domain. (2) We introduce a grounded

dialogue benchmark (GDB) with crowdsource annotation of consistency label and and types of

knowledge required for prediction. (3) We establish baselines with a range of off-the-shelf methods

97



and further improve the performance with two different augmentation approaches.

7.2 Related Work

7.2.1 Hallucination Detection

Generations from large-scale pretrained language models are fluent but problematic in presenting

faithful content. Recent works (Falke et al., 2019; Kryscinski et al., 2020; Maynez et al., 2020;

Wang et al., 2020; Durmus et al., 2020; Pasunuru and Bansal, 2018; Arumae and Liu, 2019; Zhou

et al., 2021) attempt to quantify this issue in abstractive summarization. Some work (Falke et al.,

2019; Maynez et al., 2020; Kryscinski et al., 2020) frames the hallucination detection problem as

a textual entailment task (Dagan et al., 2005b) and uses BERT-based models (Devlin et al., 2019a)

fine-tuned on MultiNLI (Williams et al., 2018) to verify the factual consistency of the generated

summaries. Other works (Wang et al., 2020; Durmus et al., 2020) verify faithfulness by employing

a question answering (QA) modules to identify whether similar answers are produced by a QA

system from the source document and the summary.

Recently, in the dialogue domain, Gupta et al. (2021b) introduce a fact verification benchmark

focusing on evidence retrieval and claim verification. Honovich et al. (2021) measure faithful con-

sistency with automatic question generation and question answering. Dziri et al. (2021) introduce a

benchmark to measure and detect consistency between generation and grounding. Similarly, Dziri

et al. (2021) they leverage the MNLI dataset as part of its training set, and synthesize training data

with templates. Our work differs from Dziri et al. (2021) in 3 ways: (1) in addition to templatic

transformation, we leverage GPT-3 in-context learning to generate diverse in-domain samples. Do-

ing so eliminates the efforts in template creation. (2) instead of separating confounding instances

with crowdsource annotations, we build a data filtering pipeline that automatically alleviating con-

founding factors. (3) we analyze data with minimum types of knowledge needed for detection to

shed light on future research.
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7.2.2 Synthetic Datasets

Synthetic natural language datasets have been used for assessing model robustness towards ad-

versarial attacks (Ebrahimi et al., 2018b; Wallace et al., 2019; Pruthi et al., 2019) and improving

generalizability in model training (Wei and Zou, 2019). The creation procedure of these datasets

comes in two flavors: directly manipulating text to inject noise and using neural networks to gen-

erate new data while maintaining consistency to the desired label.

Common text manipulation approaches include edit-based changes like replacement, inser-

tion, swap-within-sentence, and deletion (Ebrahimi et al., 2018b; Pruthi et al., 2019; Wei and Zou,

2019), entity substitution (Jiang et al., 2020), word replacement Alzantot et al. (2018), and syntac-

tic transformations (Kryscinski et al., 2020; Dziri et al., 2021).

Neural network approaches include generating paraphrased data (Sennrich et al., 2016; Fadaee

et al., 2017; Iyyer et al., 2018), inserting words via natural language generation (Zhang et al.,

2019a; Gupta et al., 2021a), and finetuning pretrained language models (Wu et al., 2019; Kumar

et al., 2020; Anaby-Tavor et al., 2020; Lee et al., 2021a).

More recently, GPT-3 has been used to generate training data. Sahu et al. (2022) uses GPT-3 to

generate labeled training data for intent classification. Yoo et al. (2021) considers distilling knowl-

edge from GPT-3 with synthetic data. Wang et al. (2021) employs GPT-3 to label unannotated

data.

7.3 Grounded Dialogue Fact-Inconsistency Detection

The goal of knowledge-grounded dialogue systems is to generate responses that fit into the context

(Jurafsky and Martin, 2021) and employ knowledge from structured knowledge bases (Moon et al.,

2019; Tuan et al., 2019) or unstructured documents (Dinan et al., 2018; Feng et al., 2020). We

define the “context” as the sequence of turns in the dialogue prior to the utterance to be generated by

a system. We define the “knowledge” as one specific document called the grounded document. The

“response” is the output generated by a system when given the context and grounded document.
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Figure 7.1: Visualization of response categorization tool. Degenerated (Degen.), Bland., and Ir-
relevant. do not employ information in the grounding. These are confounding factors need to be
removed when determining factual-consistency. In this example the generated responses are con-
ditioned on the same grounding and context as those in Table 7.1.

We assume that the grounded document is always present and is consistent with the context. The

task of grounded dialogue hallucination detection is to predict whether the generated response is

consistent with the grounded document. It is challenging due to the open-ended nature of dialogue

and the scarcity of currently available data for the hallucination detection task.

Figure 7.1 and Table 7.1 show generated responses from the grounded dialogue system. A large

proportion of these generations include confounding factors that are neither factual-consistency nor

factual-inconsistency. To avoid spending annotation power, we build a data pipeline to automati-

cally filter out those generations, then feed the remaining instances to crowdsource platform.

7.3.1 Response Generation

In particular, we investigate the system of document-grounded DialoGPT in (Zhang et al., 2021).

It is initialized from DialoGPT (Zhang et al., 2020b) which has the similar model architecture as

GPT-2 (Radford et al., 2019) and trained on dataset extracted from DSTC-7 grounded response

generation challenge (Galley et al., 2019). In the training set, each instance is a dialogue session,

consisting of a context, a response and an oracle document.
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Following Zhang et al. (2021), we generate 16 hypotheses with top-10 sampling for each doc-

ument and dialogue context and collect the top-ranked one with Maximum Mutual Information

(MMI; Li et al., 2016b). This encourages sample diversity while ensuring generations are less

likely to go off-topic.

7.3.2 Data Filter Pipeline

To reduce the impact of other confounding factors and focus on the fact-consistency issue, we build

a data pipeline (Figure 7.1) based on quantitative metrics. It follows a hierarchical structure and

categorizes responses into four classes: Degen., Bland., Irrelevant., and Relevant.. The workflow

of the data pipeline is as follow: It first checks the fluency of the response. if it is fluent, then it

determines whether the response is informative, and, if so, whether it is relevant. We only collect

responses that are fluent, informative, and relevant. The corresponding quantitative metrics are:

• Fluent: It has been shown that GPT-style models and standard decoding can lead to repetitive

outputs (Holtzman et al., 2020). We use portion of unique n-grams (Welleck et al., 2019) on

generation s to measure fluency and filter out degenerate instances:

puniq-n-grams(s) =
|uniq-n-grams(s)|
|n-grams(s)|

(7.1)

• Informative: We consider a response to be informative if it is specific under the given pair of

grounded document and context. We use n-gram entropy to measure the informativeness of a

response s and filter the bland response that contain a large proportion of frequent tokens. The

n-gram entropy is calculated as

ent-n-grams(s) = −
∑
x∈n-grams(s) log p(x)

|n-grams(s)|
(7.2)

where p(x) is the empirical n-gram distribution estimated from gold standard responses in
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document-grounded DialoGPT training set. A rare n-gram that yields a higher entropy is con-

sidered as a more informative phrase.

• Relevant: A response is considered relevant to the grounded document if there is overlapping

information between. Here we use ROUGE-2 recall (Lin and Hovy, 2003) and sentence em-

bedding cosine similarity between the generated response and grounded document to measure

relevance. For the latter, sentence embedding is acquired from SentenceBERT (Reimers and

Gurevych, 2019).1

7.3.3 Data Annotation

We solicit annotations via Amazon Mechanical Turk on the remaining generations (i.e.,: the rele-

vant response) from our data filtering pipeline. We ask annotators to select one choice from three

candidates: ‘Irrelevant’, ‘Relevant but contradicted’, and ‘Relevant and consistent’. As a tutorial

for annotators, we provide several labeled examples with explanations. To ensure annotation qual-

ity, the hiring criteria for workers are having at least 5,000 HITS done with an acceptance rate

of 90% and above. In addition, we perform annotations in batches, and examine samples in each

batch and exclude workers with poor annotation quality from future work. For each annotation

instance, we assign three different annotators. An annotation is valid if the label is agreed upon by

all annotators.

7.3.4 Data Statistics

We remove instances labeled as ‘Irrelevant’ and create a testbed which has 1002 instances in total.

We name it as grounded dialogue benchmark (GDB). GDB is a binary classification dataset, with

labels of fact-inconsistent (i.e.,: the ‘Relevant but contradicted’ class), and fact-consistent (i.e.,:

the ‘Relevant and consistent’ class), among which 500 instances are DEV and 502 instances are

1. We use the HuggingFace model bert-base-nli-mean-tokens.
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TEST. In DEV, 301 are fact-consistency and 199 are fact-inconsistency, while in TEST 297 are

fact-consistency and 205 are fact-inconsistency.

To better understand generation issues and explore the minimum types of knowledge needed to

build a hallucination detector, we annotate 200 instances in GDB. Table 7.2,7.3 shows the break-

down under categorization of knowledge, which has 6 classes: entity swap (Ent), replacement

(Replace), negation or self-contradiction (Neg/Con), commentary (Comn), information extraction

and paraphrasing (Xtract), and new information introduction (NewInf ). It differs from hallucina-

tion detection under summarization, as in summarization (Kryscinski et al., 2020; Maynez et al.,

2020) the dominant types are Ent, Replace, Neg/Con, and Xtract, here in grounded dialogue Comn

and NewInf are two additional common types.

7.4 Baselines

we establish several baselines on GDB with a range of off-the-shelf methods.

7.4.1 Score-based Methods

We examine four score-based methods using off-the-shelf models developed for semantic similar-

ity. These models outputs a score given a pair of document and response. A higher score indicates

higher lexical and/or semantic similarity, and is more likely to be factual-consistent. For scores

that are not normalized, we linearly re-scaled them with their empirical lower bound l and upper

bound h calculated on DEV:

score∗ =
score− l
h− l

(7.3)

The intention is to standardize the outputs for unified evaluation criterion. The score-based base-

lines include:

MMI (Li et al., 2016b) measures the mutual information between the generated response r and

grounded document d. The score is the sum of the forward NLL − log p(r | d) and the reverse
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NLL − log p(d | r). Forward NLL is acquired from grounded DialoGPT, while the reverse NLL is

from a similar model that is trained to generate the document conditioned on the response on the

same dataset.

SBERT (Reimers and Gurevych, 2019) yields fixed-sized vectors for sentences, which are used in

calculating sentence similarities. The score here is the cosine similarity between the embeddings

of responses and grounded documents.

BERTScore (Zhang et al., 2020a) computes the score of two sentences as a sum of cosine similar-

ities between their tokens’ embeddings. Compared to SBERT, BERTScore takes token alignments

into account. BERTScore-R computes recall by matching each token in the document to its gen-

erated response. BERTScore-P computes precision by matching each token in the response to

tokens in the document. BERTScore-F1 combines BERTScore-P and BERTScore-R.

BLEURT (Sellam et al., 2020) is a BERT-based metric that benefits from training on a synthetic

dataset. It is trained under the supervision of a collection of quantitative metrics including BLEU,

ROUGE, BERTScore, backtransation likelihood, backtranslation flag, and textual entailment.

7.4.2 In-Context Learning

GPT-3 (Brown et al., 2020) is a large-scale transformer language model trained on a large text

corpus. Recent studies demonstrate GPT-3’s ability to perform in-context learning, i.e., GPT-3

learns a downstream task based on several examples in its context and predicts outputs on a new

input via sequence generation. Here, we feed GPT-3 10 randomly selected instances (5 per class)

from DEV as examples, and let the model generate labels for new inputs.

7.4.3 Proxy-task-based Methods

We also consider applying models trained on other natural language understanding benchmark

datasets to the hallucination detection task. We use the textual entailment model and claim verifica-

tion model in measuring factual-consistency between document and response to examine whether
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these these models can transfer to the dialogue hallucination detection. In particular, we use models

traine on MNLI (Williams et al., 2018) and FEVER datasets (Thorne et al., 2018). MNLI is a Natu-

ral Language Inference (NLI) dataset that judges the relationship between a sentence pair (i.e.: the

premise and the hypothesis) by picking a label from ‘NEUTRAL’, ‘ENTAILMENT’, and ‘CON-

TRADICTION’. FEVER is a dataset that requires to verify a claim given the Wikipedia pages the

claim is extracted or altered from. It has three classes: ‘SUPPORTED’, ‘REFUTED’ or ‘NOTE-

NOUGHINFO’. We treat the premises and Wikipedia pages as grounding, and the hypotheses and

claims as responses. We remove instances labeled as ‘NEUTRAL’ and ‘NOT ENOUGH INFO’,

and treat ‘ENTAILMENT’ and ‘SUPPORT’ as fact-consistency, and ‘CONTRADICTION’ and

‘REFUTE’ as fact-inconsistency.

7.5 Synthetic Training Data

We hypothesize that the baseline methods described above may have a data distribution mismatch

issue, and a lack of the minimum knowledge needed to make correct predictions. We consider

approaches that can automatically synthesize data from grounded documents at a marginal cost.

The goal is to synthesize data that carries information beneficial for dialogue hallucination detec-

tion. In particular, we are interested in adversarial instances that are challenging to the strongest

baselines.

Figure 7.2 shows the augmentation procedure. We explore two approaches. The first forms

templates and then transforms documents to synthesize responses. The other directly generates

responses using GPT-3 with in-context examples. The coverage of knowledge types is shown in

Table 7.4.

7.5.1 Adversarial Template-based Data Augmentation (ADVTEMP)

This approach augment data in an adversarial manner because the template is created by identi-

fying patterns that are challenging for current best-performed model. We examine instances on
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Figure 7.2: Data Augmentation Pipeline

DEV that fail in the strongest baseline (i.e., textual-entailment-based method, FEVER+MNLI in

Table 7.5) and form templates generalized to the findings on those instances.

Concretely, we take one sentence s from a document d as a faithful base pair. The transforma-

tion is applied by altering words in s following template rules. The details of templates are:

• EnSwp: A transformation can be applied when there are at least two distinct entities under

the same mention NER tag in d, and at least one of these entities is in s. We replace the

entity in s with another one.2 The transformation forms unfaithful pairs.

• Quan: The transformation is similar to EnSwp, except template works on entities labeled as

number-related tags. The transformation yields unfaithful pairs.

• Neg: This transformation forms unfaithful pairs. The template looks for an auxiliary verb

(e.g.:, can, could, need, be ) in s. For verbs that appear with the word “not”, we remove the

“not”. Otherwise, we add “not” after the auxiliary verb.

• Xtract: We directly use base pairs. These are faithful instances.

There are two main limitations of ADVTEMP: (1) Templates are designed to be generalized,

which is at a cost of flexibility in sentence structures and word use. (2) Template creation requires

human efforts and needs to be constantly updated based on new observations. In the next section,

we explore a neural-network-based method that learns transformation via in-context examples and

generates diverse pairs.

2. Entities are extracted by running SpaCy NER tagger (Honnibal and Montani, 2017) which labels entities with
tags of Person, Location, Organization, Product, Event, Quantity, Date, Time, Percent, etc.
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7.5.2 GPT-3 Data Augmentation (GPTAUG)

We use GPT-3 to generate instances with desired features via choice of in-context examples. These

examples are randomly selected from DEV instances that are misclassified by the strongest base-

line. They cover a comprehensive set of knowledge types as shown in Table 7.4.

GPT-3 is known to be highly sensitive to the choice of prompt (Reynolds and McDonell, 2021;

Zhao et al., 2021b). Our prompt is composed of meta-information as guidance and in-context ex-

amples. We found that using triplets of document, response, and label as examples, and generating

responses conditioned on a new document and a specified label is challenging for GPT-3. While

GPT-3 can generate in-distribution and fluent faithful instances, it often fails in generating unfaith-

ful ones by ignoring the provided label and simply extracting information from the document. We

speculate that forming unfaithful pairs directly might be too challenging for GPT-3.

To alleviate the issue, we divide the process of generating unfaithful responses into two steps.

We first generate a faithful response given a document, then generate an unfaithful response condi-

tioned on both the generated faithful response and the document. In addition, to ensure the quality

of the augmented pair, we use a simple yet effective method which labels these generations with

the strongest baseline. This labeling process, similar to pseudo-labeling (Lee et al., 2013; Shi

et al., 2018) or self-labeling (Yarowsky, 1995; McClosky et al., 2006), has been shown effective in

training better models with samples filtered on labels using previously trained models.

7.6 Experiments

7.6.1 Experimental Setup

We measure the performance of score-based and in-context learning baselines on GDB. More

model and parameter details can be found in Appendix. We had separate experiments evaluating

models fine-tuned on MNLI, FEVER, ADVTEMP, and GPTAUG. The statistic of these dataset is

in Appendix.
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In Proxy-task-based method, we combine the training set of MNLI and FEVER. In Data aug-

mentation method, we combine data from ADVTEMP and GPTAUG. For ADVTEMP, we combine

the training set of MNLI, FEVER, and the templatic augmented data. For GPTAUG, we use models

trained on MNLI and FEVER to psuedolabel the augmented data from GPT-3.

On these datasets we finetune RoBERTa-large with a training batch size of 16. We run 60,000

iterations for each setting, using the Adam optimizer (Kingma and Ba, 2015b) with a learning rate

of 1e−6. PyTorch and RTX GPUs are used in the experiments.

7.6.2 Evaluation Metrics

We take AUC and F1 as evaluation metrics that provide comprehensive measurements on binary

classifiers. The classification thresholds are located by picking values that lead to the largest geo-

metric means, which seeks to balance between the sensitivity and the specificity of the model:

g means =
√

(TPR ∗ (1− FPR)) (7.4)

where TPR is classifier’s true-positive rate and FPR is the false-positive rate.

For classification using in-context learning, we conducted experiments 10 times with prompts

that were randomly sampled from DEV. For methods that involve training neural networks, we

run experiments with 10 different random seeds and use early stopping on DEV. The classification

thresholds are selected based on predictions on DEV.

7.6.3 Results

Table 7.5 compares different methods on DEV and TEST. Among all the score-based methods,

BERTScore-P which estimates the alignment from the generated response to the document per-

forms the best. GPT-3 has undesirable performance, as it always predicts the sentence pair as

faithful no matter what combination of instances we had in the prompt. The reason could be that
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similar data or tasks are not prevalent in the GPT-3 pretraining data, and in-context learning with

few examples are not enough. The subtle differences between sentence pairs are challenging to

be identified. We observe proxy-task-based method is a strong baseline on the dataset combin-

ing MNLI and FEVER, as it shows significant improvement compared to score-based method.

Augmentation-based method has the strongest and stablest performance with the highest AUC and

F1 score, and lowest standard deviations.

7.7 Analysis

7.7.1 Model Ablation

Table 7.6 shows the ablation on proxy-task-based methods and data augmentation methods. We

found that though the performance of classifiers trained on MNLI-only and on FEVER-only have

comparable performance, they tend to capture different aspects of knowledge, as a better perfor-

mance is achieved when training on the combination of two. Similarly, the performance of two

augmentation methods are comparable, and the performance increases when combining the two.

We also found that labeling process is essential to GPTAUG as the noisy label largely degrades the

power of the augmented data.

7.7.2 Error Analysis

Table 7.7 shows a performance breakdown according to categories of knowledge needed. The

augmentation methods outperform the proxy-task-based methods in all classes except the category

of NewInf. NewInf is challenging for all methods, which suggests future work could improve

the performance by utilizing external knowledge and/or performing better understanding and rea-

soning. In Xtract category, the augmentation methods do not show much of an advantage over

proxy-task-based ones. This is likely because the MNLI and FEVER datasets contain abundant

entailed or paraphrased instances. In the Comn category, instances that introduce filler information
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and subjective comments are very likely to be predicted as fact-inconsistent by proxy-task-based

methods due to domain mismatch, so using the augmentation methods yields better performance.

7.7.3 Qualitative Analysis on Synthesized Data

We conduct qualitative analysis on data synthesized from ADVTEMP and GPTAUG. Table 7.8

shows several representative examples. Unsurprisingly, samples from ADVTEMP are less diverse

in sentence structure than those from GPTAUG. For example, augmented response 3 from GPT-

AUG is paraphrased from the document instead of directly copying the sentence and augmented

response 4 combines material from multiple sentences and alters a single word to make the ut-

terance factual-inconsistent. ADVTEMP has better quality in labels because the transformation is

strictly constrained by conditions and rules. However, there are still exceptions which indicates

the importance of taking care of edge cases. For example, augmented response 4 from ADVTEMP

does not form a contradicted pair, though it is problematic as it repeats ‘Bulgaria’ when listing

countries, after swapping entities.

7.8 Conclusion

In this paper, we explore methods in detecting fact-inconsistency in the domain of grounded dia-

logue system. It is challenging due to the dialogue’s open-ended natural. We build a data filtering

pipeline that helps us alleviate confounding factors and focus on the high-quality responses. We

collect a dataset GDB for better understanding the fact-inconsistency issues. We improve the per-

formance on GDB with two data augmentation methods.
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Category Type Description Count Dev Test Examples (D = Document; R = Response)
IC C % %

EnSwp

Swap one en-
tity with an-
other in docu-
ment

32 0 17 15 D: The last confirmed wild bird is thought to have been
shot in 1901... Martha, thought to be the last passenger
pigeon, died on September 1, 1914, at the Cincinnati
Zoo.
R: The last confirmed wild bird died on September 1,
1914 at the Cincinnati Zoo...

Replace

Ent Replace entity
with another
in vocabulary

7 0 3 4 D: ...The steel was melted down at Amite Foundry and
Machine in Amite, Louisiana, to cast the ship’s bow
section...
R: The steel was melted down at Amite Wellness and
Machine in Amite Louisiana to cast the ship’s bow sec-
tion.

Desc Change de-
scription of
entity

4 0 2 2 D: ...In 1982, Lundgren graduated with a master’s de-
gree in chemical engineering ...
R: Dolph Lundgren has an open degree in chemical en-
gineering ...

Verb Replace verb
phrase

5 0 2 3 D: Commander James Bond, CMG, RNVR, is a fic-
tional character created by the British journalist and
novelist Ian Fleming in 1953.
R: James Bond is named after the author Ian Fleming
who wrote the novels.

Quan Replace quan-
tity

14 0 8 6 D: Ronald Wilson Reagan (February 6, 1911 - June 5,
2004) was an American statesman who served as the
40th President of the United States from 1981 to 1989.
R: Ronald Wilson Reagan, the man responsible for sav-
ing a lot of lives, was the 40th President of the United
States from 1989 to 1993.

Neg/Con

Neg Negate or
replace with
antonym

7 0 3 4 D: ...Although popular since the 19th century, the day
is not a public holiday in any country.
R: In France, April fools day ends at 9pm, and April
fools day is a public holiday.

Con Self-
contradiction

4 0 2 2 D: ... Indian immigrants to Africa, particularly in South
Africa, brought vegetarianism with them ...
R: India has a high number of vegetarians, but a low
number of vegetarians.

Table 7.2: Annotation of 200 instances in categories according to the minimal types of knowledge
needed for hallucination detection, along with examples showing snippets of documents (D) and re-
sponses (R). Some categories have multiple subtypes, e.g., the Replace category includes replace-
ments of entities, descriptions, verbs, or quantities. We show the number of factual-inconsistency
(IC) and factual-consistency (C) instances for each type, and their percentages in DEV and TEST.
Some instances are associated with multiple types, so the sum of counts is greater than 200.
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Category Type Description Count Dev Test Examples (D = Document; R = Response)
IC C % %

Comn

Add subjec-
tive com-
ments or filler
information

0 40 23 17 D: Nintendocore (also known as Nintendo rock, nerd-
core, and video game rock) is a broadly defined music
genre that fuses chiptune and video game music ...
R: I’ve been listening to Nintendocore and I can say that
the music fits the genre perfectly.

Xtract
Extract or
paraphrase
information
from docu-
ment

0 38 20 18 D: In 2017 he met the Queen of Denmark in Amalien-
borg Palace.
R: He met the Queen of Denmark as well.

NewInf

Reason Require rea-
soning

8 3 8 3 D: ... The movie depicts Kroc’s franchise development,
nationwide expansion, and ultimate acquisition of Mc-
Donald’s, while being critical of his treatment of the
founding McDonald’s brothers.
R: Kroc’s founder, John Kroc, founded McDonald’s...

Xternal Need external
knowledge

31 15 17 29 D: In March 2015, Davidson was a roaster on the Com-
edy Central Roast of Justin Bieber ... Davidson, whose
firefighter father died during the September 11 attacks...
R: TIL that Pete Davidson is the son of the Roaster at
the Roast of Justin Bieber...

Table 7.3: Annotation of 200 instances in categories according to the minimal types of knowledge
needed for hallucination detection, along with examples showing snippets of documents (D) and re-
sponses (R). Some categories have multiple subtypes, e.g., the Replace category includes replace-
ments of entities, descriptions, verbs, or quantities. We show the number of factual-inconsistency
(IC) and factual-consistency (C) instances for each type, and their percentages in DEV and TEST.
Some instances are associated with multiple types, so the sum of counts is greater than 200.
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type ADVTEMP GPTAUG

EnSwp ✓ ✓

Ent ✓
Desc ✓
Verb ✓
Quan ✓ ✓

Neg ✓ ✓
Con

Comn ✓

Xtract ✓ ✓

Reason
Xternal ✓

Table 7.4: Coverage of knowledge types in two data augmentation methods.

TEST DEV

AUC F1 AUC F1

Score-based MMI .547 .411 .516 .411
SBERT .531 .408 .550 .472
BERTScore-F1 .600 .507 .523 .451
BERTScore-R .591 .514 .518 .464
BERTScore-P .605 .569 .530 .532
BLEURT .590 .547 .517 .518

In-context Learning GPT-3 - 0 - 0

Proxy-task-based FEVER+MNLI .772 (.010) .667 (.015) .757 (.008) .656 (.011)

Data augmentation ADVTEMP + GPTAUG .795 (.003) .671 (.010) .799 (.004) .683 (.004)

Table 7.5: Comparison of various methods on DEV and TEST. We report the median and standard
deviation of performance metrics.
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TEST AUC DEV AUC

MNLI-only .763 (.011) .759 (.007)

FEVER-only .763 (.027) .724 (.010)

ADVTEMP only .780 (.010) .797 (.009)
- w/o MNLI & FEVER .630 (.012) .565 (.007)

GPTAUG only .780 (.009) .795 (.008)
- w/o label process .763 (.017) .730 (.010)

Table 7.6: Ablation of proxy-task-based method and data augmentation method. For proxy-task-
based method, we show results only have FEVER or MNLI dataset. For data argumentation meth-
ods, we show results of ADVTEMP only, GPTAUG only, and their performance before ensembling
with MNLI and FEVER.

Label Augment Proxy GPTAUG ADVTEMP MNLI FEVER BERTScore-P

EnSwp IC 74 52 61 61 35 39 48
Replace IC 68 56 68 56 48 48 40
Neg/Con IC 82 73 73 82 68 73 64
Comn C 71 59 65 53 32 32 24
Xtract C 84 82 86 73 82 73 55
NewInf mixed 56 56 62 56 60 56 64

Table 7.7: Comparison of prediction accuracy under categories of detecting skills.
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# Document Augmented Response Type

1 ... Within weeks there will be graffiti and vandal-
ism ...

Within weeks there will not be graffiti
and vandalism...

Neg

2 ...iOS 7 is now 64 - bit compatible . All of the
included apps run in 64 - bit , and Apple says de-
velopers will have a ‘ seamless ’ transition to port
over to 64 - bit apps .

All of the included apps run in 7 - bit ,
and Apple says developers will have a ‘
seamless ’ transition to port over to 64
- bit apps .

Quan

3 ‘So Danny Ainge drafts De ’ Aaron Fox or Josh
Jackson 3rd this year , signs Gordon Hayward this
offseason , and then trades for Anthony Davis at
the deadline . Hand him the Executive of the Year
award now

‘So Danny Ainge drafts De ’ Aaron
Fox or Josh Jackson 3rd this year ,
signs Anthony Davis this offseason ,
and then trades for Anthony Davis at
the deadline

EnSwp

4 Gasiorowski identified Bulgaria , Cuba ,
Czechoslovakia , East Germany , Hungary ,
Mongolia Poland , North Vietnam , and Rumania
as ‘ strong client states ’ of the Soviet Union ,
and Afghanistan Egypt , Guinea , North Korea
, Somalia , and Syria as moderately important
client states ...

Gasiorowski identified Bulgaria , Cuba
, Czechoslovakia , Bulgaria , Hungary
, Mongolia Poland , North Vietnam ,
and Rumania as ‘ strong client states ’
of the Soviet Union ...

EnSwp

1 The film was dubbed into English by Walt Disney
Pictures , under the supervision of Pixar’s John
Lasseter ...

The film was dubbed into English by
Pixar, under the supervision of Walt
Disney Pictures.

EnSwp

2 Windshield wiper replacement blades are mea-
sured in inches .

Windshield wiper replacement blades
are measured in millimeters.

Desc

3 In the meantime , you can’t go wrong with
Arkham . While Arkham Knight had its fair share
of hiccups , Arkham Asylum and Arkham City re-
main two of the best superhero games ever made .

In the meantime, you can’t go wrong
with Arkham Asylum and Arkham
City. Both games are two of the best
superhero games ever made.

Para

4 To the guy who said Hines Ward hasnt been any
good since 2004 . . . . . . He was the Super bowl
MVP 2006 .

Hines Ward was the Super bowl MVP
2004.

Quan

5 Roman concrete , like any concrete , consists of an
aggregate and hydraulic mortar – a binder mixed
with water that hardens over time ...

The concrete used in construction is a
mixture of cement and water. Cement
is a binder that sets and hardens over
time...

Ent

6 ... One look at that long , naked appendage and
people instantly think “ rat , ” an association not
to the opossum ’ s advantage . Yet the tail itself is
much to the opossum ’ s advantage , serving as a
veritable fifth limb .

Their tail is naked and long. They use
it for balance while climbing.

NewInf

Table 7.8: Synthesized data from ADVTEMP (upper) and GPTAUG (lower).
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CHAPTER 8

FUTURE WORK

Faithful Grounded Dialogue Response Generation. In prior work, we found top-ranked gen-

erations with high informativeness have the propensity to “hallucinate” facts and we attempt to

boost accuracy of generation with a reranking module to model outputs. Albeit it is flexible due to

being model-agnostic, there is a scant guarantee of faithfulness when the generator fails to attend

to grounded knowledge or yield reasonable word distributions. Potential future work includes em-

ploying controllable frameworks and altering training objectives that correct the aforementioned

undesirable behaviors.

Robustness Test Benchmarks. One direction of my past research has focused on innovating

models and learning methods for robust classifiers. In empirical characterization we noticed a

standard test suite that covers different robustness aspects is in demand. With one of our completed

works targeting an adversarial aspect (i.e., data contains certain biases that prevailing models failed

to generalize) in sentence relation inference (Liu et al., 2020), we are interested in continuing to

work on other dimensions.

Robustness Failure Identification Existing methods in identifying robustness failure heavily

rely on human knowledge and efforts where the general process is to perform error analysis on

existing systems and connect the predicted results with human priors. Future work can mimic

how humans analyze the data and build (semi-)automatic analysis tools that help to identify the

robustness failure comprehensively. This does not only reduce the extensive amount effort in the

current identification process but also helps mitigate the subjective biases in human analysis.
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CHAPTER 9

CONCLUSION

Motivated by the long term goal to improve NLP model robustness, we have explored and improve

model robustness from modeling, learning algorithms, and application side. In this thesis we

packaged my findings from data-efficient, resilient, fair, trusted perspective in model robustness.

We outline findings from five separate-but-related research expeditions in the following.

In Chapter 2, we discussed that generative classifiers offer potential advantages over their dis-

criminative counterparts, namely in the areas of data efficiency, robustness to data shift and ad-

versarial examples, and zero-shot learning. We improve generative text classifiers by introducing

discrete latent variables into the generative story, and explore several graphical model configura-

tions. We parameterize the distributions using standard neural architectures used in conditional

language modeling and perform learning by directly maximizing the log marginal likelihood via

gradient-based optimization, which avoids the need to do expectation-maximization. We empiri-

cally characterize the performance of our models on six text classification datasets. We analyze our

model by using it for controlled generation, finding that the latent variable captures interpretable

properties of the data, even with very small training sets.

In Chapter 3, we propose GenNLI, a generative classifier for NLWe tasks, and empirically

characterize its performance by comparing it to five baselines, including discriminative models

and large-scale pretrained language representation models like BERT. We explore training objec-

tives for discriminative fine-tuning of our generative classifiers, showing improvements over log

loss fine-tuning from prior work (Lewis and Fan, 2019). In particular, we find strong results with

a simple unbounded modification to log loss, which we call the “infinilog loss”. My experiments

show that GenNLI outperforms both discriminative and pretrained baselines across several chal-

lenging NLI experimental settings, including small training sets, imbalanced label distributions,

and label noise.

In chapter 4, we propose a simple but effective modeling framework for controlled generation
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of multiple, diverse outputs. We focus on the setting of generating the next sentence of a story

given its context. As controllable dimensions, we consider several sentence attributes, including

length, sentiment, automatically-induced clusters, predicates, and frame semantic representations.

Our empirical results demonstrate: (1) our framework is accurate in terms of generating outputs

that match the target control attribute values;

In chapter 5, we focus on variations that learn expressive prior distributions over the latent

variable. We find that existing training strategies are not effective for learning rich priors, so we add

the importance-sampled log marginal likelihood as a second term to the standard VAE objective to

help when learning the prior. Doing so improves results for all priors evaluated, including a novel

choice for sentence VAEs based on normalizing flows (NF). Priors parameterized with NF are no

longer constrained to a specific distribution family, allowing a more flexible way to encode the data

distribution. Our model, which we call FlowPrior, shows a substantial improvement in language

modeling tasks compared to strong baselines. We demonstrate that FlowPrior learns an expressive

prior with analysis and several forms of evaluation involving generation.

In chapter 6, we introduce a small-scale benchmark with a semi-automatic data collection

pipeline, and establish baselines to better understand the inconsistent issue under the domain of

grounded dialogue. We propose a fine-grained categorization of detection knowledge and manu-

ally annotate our benchmark under this category. Doing so helps in understanding the behavior of

predictors under different models. We hope this can foster future work on inconsistency detection

and faithful generation. We improve baselines with two different augmentation approaches. In

particular, we validate the effectiveness and observe the limitations of prompt-based data augmen-

tation with the power of GPT-3.

I envision that the work presented in this thesis, when combined with additional work in related

areas, will lead to the construction of robust NLP systems in the future.
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APPENDIX A

APPENDIX: LATENT-VARIABLE GENERATIVE MODELS FOR

DATA-EFFICIENT TEXT CLASSIFICATION

A.1 Alternative Inference Criteria

The classification accuracies of the auxiliary latent generative model in the main text are based on

predictions made while marginalizing out the latent variable. In addition, we experiment with two

other inference objectives. One uses the posterior p(c | x, y) instead of the learned prior pΦ(c)

during marginalization:

ŷ = argmax
y∈Y

∑
c∈C

pΘ(x | c, y)p(c | x, y)pΨ(y)

The other way is to predict by maximizing the latent variable:

ŷ = argmax
y∈Y

max
c∈C

pΘ(x | c, y)pΦ(c)pΨ(y)

We find very similar performance with all three inference criteria, which agrees with our obser-

vation that the classifiers learn peaked prior and posterior distributions over the discrete latent

variables.

A.2 Additional Results with Training Sizes

While the main paper contained these results in plots, for completeness we provide the numerical

classification accuracies of the discriminative (Disc.), generative (Gen.), and latent-variable gen-

erative (Lat.) classifiers trained with various training sizes in Tables A.1, A.2, A.3, A.4, A.5, and

A.6.
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# per class Disc. Gen. Lat.

5 61.97 55.42 62.53
20 64.19 59.06 66.67

100 66.72 69.80 73.50
1k 77.53 78.62 81.22
2k 80.48 80.98 82.96
5k 82.62 83.60 84.97

10k 85.83 85.41 85.65
all 92.20 87.51 87.38

Table A.1: Comparison of classification accuracy on Yelp Review Polarity dataset.

# per class Disc. Gen. Lat.

5 23.38 21.67 27.16
20 25.12 26.20 31.78

100 29.82 35.87 38.67
1k 42.85 43.36 46.05
2k 46.09 44.16 48.58
5k 52.23 47.75 49.86

10k 52.23 50.30 50.19
all 59.00 52.34 51.14

Table A.2: Comparison of classification accuracy on Yelp Review Full dataset.

# per class Disc. Gen. Lat.

5 40.20 35.12 47.46
20 43.68 37.86 61.45

100 62.58 68.70 78.58
1k 78.08 84.08 86.12
2k 80.80 86.70 87.25
5k 84.87 88.88 89.26

10k 87.25 89.67 89.63
all 89.79 90.00 90.14

Table A.3: Comparison of classification accuracy on AG News dataset.
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# per class Disc. Gen. Lat.

5 41.75 39.89 61.19
20 52.80 66.32 72.18

100 69.18 77.88 81.48
1k 83.83 84.81 86.40
2k 85.04 86.50 86.61
5k 87.90 87.42 86.62

10k 89.94 87.67 86.81
all 93.40 87.95 86.95

Table A.4: Comparison of classification accuracy on Sogou dataset.

# per class Disc. Gen. Lat.

5 13.26 15.39 21.00
20 19.98 30.33 36.55

100 29.97 47.33 50.04
1k 55.15 62.68 64.18
2k 60.83 65.52 65.70
5k 66.07 67.95 67.79

10k 69.00 68.90 67.92
all 72.70 69.14 68.02

Table A.5: Comparison of classification accuracy on Yahoo dataset.

# per class Disc. Gen. Lat.

5 32.27 63.02 66.33
20 43.72 82.17 85.56

100 74.73 90.37 92.24
1k 96.11 94.62 95.54
2k 96.85 95.06 95.75
5k 97.76 95.78 96.09

10k 98.15 96.29 96.30
all 98.70 96.73 96.25

Table A.6: Comparison of classification accuracy on DBpedia dataset.

A.3 Total Number of Parameters

Table A.7 shows the hyperparameter settings for our classifiers. There are various choices of latent

variable values and dimensionalities. We select the ones with the best classification accuracy
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word embed hidden state label embed # latent variable latent embedding

Disc. 100 100 100 - -
Gen. 100 100 100 - -
Lat. 100 100 100 10, 30, 50 10, 50, 100

Gen. PC 100 100 110 - -
Lat. PC 100 100 100 10 10

Table A.7: Hyperparameter settings of Discriminative (Disc.), Generative (Gen.), Latent Genera-
tive (Lat.), Generative PC (Gen. PC), Latent Generative PC (Lat. PC) classifiers. PC stands for
“Parameter-comparison Configuration.” More description can be found in the main paper.

according to the development sets.

Table A.8 lists the number of parameters in each classifier. It is related to the discussion about

effect of latent structure in the main paper. We created Gen. PC and Lat. PC to demonstrate that

the performance gains are due to the latent-variable structure instead of an increased number of

parameters when adding the latent variables.

A.4 Results with Larger Models

We increase the model capacity by increasing dimensionality of the word embedding, LSTM hid-

den embedding, and label embedding to 200 and refer to the resulting models as the large discrim-

inative (Disc L.), generative (Gen L.), and latent-variable generative (Lat L.) classifiers. Note

that we did not change the number of values or dimensionality of the latent variables. We only

experimented with two datasets due to GPU memory limits.1 Table A.9 shows the performance

comparison between standard (reported in the main paper) and larger classifiers. We find that the

trend Disc L. < Gen L. < Lat L. still holds in most cases in the small-data setting, though the

performance gaps shrink as the capacity increases.

1. The GPU memory consumption is affected by the number of labels in the generative and latent generative
classifiers. These two datasets have relatively small numbers of labels.
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Dataset # per class Disc. Gen. Lat. Gen. PC Lat. PC

Yelp P

5

4,082,414 12,642,828

16,122,903

12,481,640 12,521,733
20 14,123,253

100 14,123,253
1k 14,123,253
all 16,122,903

Yelp F

5

4,082,414 12,642,828

12,522,233

12,481,640 12,521,733
20 12,522,233

100 12,522,233
1k 12,522,233
all 14,122,553

AGNews

5

4,082,414 12,642,828

11,430,985

10,104,780 10,137,185
20 10,137,185

100 11,430,985
1k 10,137,585
all 12,522,333

Sogou

5

4,082,414 12,642,828

13,162,568

11,634,120 11,671,448
20 13,163,568

100 15,028,468
1k 11,676,935
all 12,522,233

Yahoo

5

4,082,414 12,642,828

12,522,533

12,482,520 12,522,533
20 14,124,053

100 12,522,733
1k 12,522,533
all 16,123,703

DBpedia

5

4,082,414 12,642,828

12,522,933

12,482,960 12,522,933
20 14,124,453

100 14,124,453
1k 16,126,103
all 12,522,933

Table A.8: Number of parameters in each classifier.
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# per class Disc L. Gen L. Lat L. Disc. Gen. Lat.

AGNews

5 37.34 40.55 47.91 40.20 35.12 47.46
20 44.53 47.42 62.36 43.68 37.86 61.45

100 62.74 76.95 79.63 62.58 68.70 78.58
1k 80.67 84.82 86.79 78.08 84.08 86.12
all 90.54 90.16 89.68 89.79 90.00 90.14

Yelp Polarity

5 60.82 60.65 63.07 61.97 55.42 62.53
20 61.11 64.44 67.50 64.19 59.06 66.67

100 68.55 71.79 74.37 66.72 69.80 73.50
1k 77.93 78.91 81.82 77.53 78.62 81.22
all 92.48 87.76 87.34 92.20 87.51 87.38

Table A.9: Comparision of classification accuracies between standard and larger classifiers.
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APPENDIX B

APPENDIX: DISCRIMINATIVELY-TUNED GENERATIVE

CLASSIFIERS FOR ROBUST NATURAL LANGUAGE INFERENCE

B.1 Discriminative Fine-Tuning Comparison

Table B.1 lists the full comparison results of different discriminative fine-tuning objectives. Several

choices, including hinge, softmax-margin, and infinilog, consistently outperform the log loss used

as discriminative fine-tuning objective by Lewis and Fan (2019). It is worth noting that infinilog

performs the best when using the full training set on four out of five datasets.

B.2 Data Generation

Table B.2 shows example generations from two models, one using the full dataset for training and

the other using a small training set with only 500 examples per class.

B.3 Ablation of Copy Mechanism in Generation

Table B.3 shows the generated hypotheses of the proposed generative classifier. Comparing the

generative classifiers with and without copy mechanism, we find that the copy mechanism can help

the model capture key differences between premise and hypothesis sentences given the specified

labels. For example, we see ‘There is no child’ versus ‘A child’ given the label ‘contradiction’, and

‘another animal’ versus ‘a brown dog’ given the label ‘neutral’. The copy mechanism also helps

to avoid excessive semantic drift, e.g., generating the same subject as the premise and maintaining

a reasonable amount of text with the premise.

Although classification accuracy increases by adopting discriminative finetuning after genera-

tive training, the finetuning method can lead to ungrammatical or repetitive generated sentences, as
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demonstrated in Table B.3. This shows that generated text with higher quality does not necessarily

lead to better performance in NLI classification.
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5 20 100 500 1000 all

SNLI

perceptron 41.8 44.1 49.6 58.4 62.5 80.4
hinge 42.3 45.3 49.9 58.6 63.1 81.1
log 42.1 43.2 49.1 58.6 62.3 80.7
softmax-margin 43.5 45.3 50.6 60.6 64.2 81.9
infinilog 42.7 45.6 50.0 59.8 63.7 82.2
Bayes risk 42.8 44.7 49.0 58.3 62.6 80.1

MNLI

perceptron 42.7 45.5 46.7 58.1 61.6 66.3
hinge 43.2 46.3 48.2 60.2 62.8 67.1
log 42.1 45.4 46.7 58.3 61.4 66.2
softmax-margin 44.1 47.1 49.0 60.6 63.4 67.5
infinilog 42.3 45.9 47.7 60.0 62.8 67.3
Bayes risk 43.1 45.7 47.7 59.1 61.6 66.2

SICK

perceptron 49.1 61.7 66.9 73.4 - 79.7
hinge 50.6 63.8 67.8 73.6 - 80.0
log 48.6 62.1 67.5 73.1 - 79.8
softmax-margin 50.2 64.7 68.7 74.3 - 80.2
infinilog 48.4 62.4 68.3 75.2 - 80.4
Bayes risk 48.2 62.4 67.2 72.8 - 79.7

RTE

perceptron 56.1 57.4 57.9 59.4 60.1 61.1
hinge 56.4 57.1 58.8 59.2 61.3 62.2
log 56.5 57.1 57.4 59.1 59.7 60.5
softmax-margin 57.0 57.7 59.2 60.4 61.1 62.2
infinilog 56.7 57.4 58.1 59.6 61.4 62.6
Bayes risk 56.1 57.2 58.3 59.3 60.6 61.4

MRPC

perceptron 62.1 62.5 64.6 66.1 68.6 69.8
hinge 62.3 63.8 65.4 67.1 69.0 71.8
log 61.7 62.1 64.1 65.9 68.1 71.3
softmax-margin 62.6 64.1 66.2 67.8 69.9 72.8
infinilog 62.8 63.7 65.6 67.4 69.8 72.9
Bayes risk 63.2 63.5 65.6 67.7 69.5 72.5

Table B.1: Comparison of discriminative fine-tuning objectives. The best result for each task and
data amount is shown in bold, and the second-best one is underlined.
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GenNLI trained on full RTE training set

E

x(p) Only a week after it had no comment on
upping the storage capacity of its hotmail
e-mail service , microsoft early thursday
announced it was boosting the allowance
to 250mb to follow similar moves by rivals
such as google , yahoo , and lycos.

x(h) Microsoft ’s hotmail has raised its storage
capacity to 250mb.

gen. Microsoft was boosting of its hotmail e-
mail.

N

x(p) The name for the newest james bond film
has been announced today . the 22nd
film , previously known only as “ bond
22 ” , will be called “ quantum of solace
” . Eon productions who are producing
the film made the announcement today at
pinewood studios , where production for
the film has been under way since last year
. The name of the film was inspired by a
short story of the same name from for your
eyes only by bond creator , ian fleming.

x(h) James bond was created by ian fleming.
gen. James bond is a member of the film.

GenNLI trained on small RTE training set

E

x(p) Lin piao , after all , was the creator of mao
’s “ little red book ” of quotations.

x(h) Lin piao wrote the “ little red book ” .
gen. Lin piao ’s “ little red book ”.

N
x(p) A dog is pushing a toddler into a rain pud-

dle.
x(h) A dog is pulling a toddler out of a rain pud-

dle.
gen. A dog is pushing a rain puddle.

Table B.2: Generated hypotheses for premises with given labels (N = not entailment, E = entail-
ment).
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Neutral

x(p) A brown dog is attacking another animal in front of the man in pants.
x(h) Two dogs are fighting.
gen. A brown dog is attacking a brown dog in front of the man.

gen. w/ finetune A man is sitting on a black shirt is standing on a black shirt.
gen. w/o copy A man is wearing a black shirt and is sitting on a dirt ball.

Entailment

x(p) A group of children in uniforms is standing at a gate and one is kissing the
mother.

x(h) A group of children wearing the same clothes is waiting at a gate and one
is kissing the mother

gen. A group of children in uniforms is standing at a gate.
gen. w/ finetune A group in uniforms at uniforms is gate and one is kissing mother.
gen. w/o copy A man is sitting on a ball in the water.

Contradiction

x(p) There is no child holding a water gun or getting sprayed with water.
x(h) A laughing child is holding a water gun and getting sprayed with water.
gen. A child is holding a water gun.

gen. w/ finetune There is child child holding a water gun with water.
gen. w/o copy A dog is jumping in the water.

Table B.3: Generated hypotheses for premises with given labels using models trained on the full
SICK dataset. When generating using the discriminatively-finetuned model, the outputs show more
repetition, while without the copy mechanism, they drift more from the premise.
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APPENDIX C

APPENDIX: FLOWPRIOR: LEARNING EXPRESSIVE PRIORS FOR

LATENT VARIABLE SENTENCE MODELS

C.1 Additional Results with Free Bits KL

Model PPL(↓) KL AU(↑) MI(↑)

PTB

VAE 101.4 / 101.6 0.00 / 4.46 0 / 32 0.0 / 0.1
VAE+infinilog 96.9 / 95.8 1.57 / 6.34 24 / 32 0.6 / 1.5
MoG-VAE 98.2 / 96.8 0.00 / 2.35 0 / 32 0.00 / 0.68
Vamp-VAE 98.3 / 97.3 0.00 / 2.31 0 / 32 0.00 / 0.72
FlowPrior 94.7 / 93.6 3.28 / 7.21 2 / 31 2.3 / 2.8

Yahoo

VAE 65.8 / 64.6 0.00 / 4.88 0 / 32 0.0 / 0.9
VAE+infinilog 63.9 / 61.7 2.72 / 13.31 1 / 32 2.0 / 1.7
MoG-VAE 64.6 / 67.3 0.00 / 1.83 0 / 32 0.0 / 0.6
Vamp-VAE 74.8 / 75.9 0.01 / 1.24 0 / 32 0.0 / 0.6
FlowPrior 62.5 / 68.3 1.43 / 10.99 4 / 25 1.6 / 0.6

Yelp

VAE 35.1 / 37.5 0.00 / 3.59 0 / 32 0.0 / 1.0
VAE+infinilog 33.2 / 39.6 2.91 / 4.16 28 / 32 0.9 / 2.2
MoG-VAE 35.2 / 39.8 0.01 / 1.81 0 / 32 0.0 / 0.6
Vamp-VAE 35.0 / 39.4 0.00 / 1.78 0 / 32 0.0 / 0.6
FlowPrior 31.8 / 39.0 4.15 / 10.13 2 / 32 2.5 / 2.6

SNLI

VAE 26.0 / 30.5 0.00 / 1.84 0 / 32 0.0 / 0.9
VAE+infinilog 25.3 / 17.8 1.23 / 15.48 23 / 32 0.5 / 2.0
MoG-VAE 28.1 / 27.5 0.44 / 2.28 1 / 32 0.4 / 0.7
Vamp-VAE 26.0 / 29.3 0.00 / 5.11 0 / 32 0.0 / 0.8
FlowPrior 22.4 / 26.2 3.83 / 7.59 3 / 32 1.0 / 3.2

Table C.1: Results when comparing standard KL and FB KL for several models. The left part in
each cell shows training with standard KL and the right part shows using FB KL instead.

Using the Free Bits method can help achieve a consistently better AU and higher KL as shown

in the overall results in the main text. We report additional empirical comparisons to focus on
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Yelp SNLI

KL FB KL KL FB KL

VAE 0.26 0.49 1.66 2.18
VAE+infinilog 0.65 0.71 1.91 3.57
FlowPrior 1.50 0.74 4.87 3.64

Table C.2: Test set reconstruction BLEU scores.

measuring the impact of FB for three models in Table C.1.

Though adding FB yields higher AU and MI, it is not always true that it leads to a better test

PPL and reconstruction. This phenomenon has been pointed out by Razavi et al. (2019) that adding

FB makes the objective non-smooth which can lead to optimization difficulties. Possible solutions

could be changing to a better training procedure. Li et al. (2019) remedy this issue by combining

pretraining with FB, namely using a pretrained autoencoder to initialize the inference network

before starting training the VAE networks. This suggests that it may be necessary to pretrain the

inference network and decoder to unilaterally benefit from FB.

Table C.2 considers standard VAEs and FlowPrior when comparing the use of standard KL to

FB KL. Using FB KL does not lead to a higher BLEU score in FlowPrior, though FB does improve

BLEU when combined with standard VAE and VAE+infinilog.

C.2 Additional Results with FB and infinilog

Table C.3 shows the impact of infinilog and FB on F-PPL, R-PPL, and self-BLEU with greedy

generation from prior samples.

C.3 Reconstruction Results with Sampling

Tables C.4-C.5 show the reconstruction performance with standard sampling and nucleus sampling

with p = 0.9 (Holtzman et al., 2020). We observe the trends are consistent with the results that use

greedy decoding.
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Yelp SNLI

F-PPL R-PPL SB F-PPL R-PPL SB

VAE 4 30248 96 4 51127 100
VAE+infinilog 5 10818 30 4 19047 73
MoG-VAE 4 30413 100 3 45979 77
MoG-VAE+infinilog 4 33624 100 6 5257 26
Vamp-VAE 4 32504 100 4 56050 100
Vamp-VAE+infinilog 7 5280 10 5 8420 29
FlowPrior 209 1677 3 42 5725 13

VAE+FB 7 7517 29 4 22536 42
VAE+infinilog+FB 8 5713 13 4 24204 48
FlowPrior+FB 8 5179 9 15 4876 11

Table C.3: Forward PPL (F-PPL), Reverse PPL (R-PPL), and Self-BLEU (SB) of greedy-decoded
prior samples.

C.4 Interpolation with Sampling

Table C.6 shows more examples of interpolation-based generation with greedy decoding. We show

results with sampling methods for decoding in Tables C.7, C.8, C.9, and C.10. The results with

greedy decoding provide a lower-variance way to interpret the learned latent space. The additional

results with sampling methods provide a richer picture as they also capture the randomness in the

relationship between the latent variable and the text. This is especially helpful when we observe

repetition in neighboring samples with greedy decoding, as we see with MoG-VAE and Vamp-VAE

in Table C.6. Even with sampling, FlowPrior shows a smoother semantic evolution in the latent

space than MoG-VAE and Vamp-VAE, at least in terms of aspects of the subjects of the generated

sentences.

C.5 Sampling from Priors

Table C.11 shows more greedy generations from prior samples. We observe substantial improve-

ments in term of generation diversity in FlowPrior and FlowPrior + FB. While standard VAE

always yields identical samples because the latent variable is ignored, using FB KL yields bet-
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Yelp SNLI

ELBO ELBO+infinilog ELBO ELBO+infinilog

Standard 0.07 0.15 0.43 0.57
MoG 0.08 0.00 0.66 2.36
Vamp 0.06 0.32 0.55 0.76
Real NVP 0.28 0.60 0.97 1.91

KL FB KL KL FB KL

VAE 0.07 0.13 0.43 0.74
VAE+infinilog 0.15 0.28 0.57 0.95
MoG 0.08 0.08 0.66 0.54
Vamp 0.06 0.10 0.55 0.78
FlowPrior 0.60 0.34 1.91 0.91

Table C.4: Test set reconstruction BLEU scores using standard sampling in decoding.

(a) dim 1 (b) dim 2 (c) dim 3 (d) dim 4 (e) all 32 dims

Figure C.1: Visualization of dimensions of learned prior when using real NVP on SNLI dataset.
Plots from left to right are first dimension alone, second dimension alone, third dimension alone,
fourth dimension alone, and all 32 dimensions together.

ter sample diversity as it encourages more information encoded into latent variable during train-

ing. This can be easily observed by comparing the samples from standard VAE with those from

VAE+FB, comparing MoG-VAE with MoG-VAE + infinilog, comparing Vamp-VAE with Vamp-

VAE + infinilog.

C.6 More Visualizations of Real NVP Prior and FlowPrior

Visualizations of each dimension alone and all dimensions together are in Figures C.1 and C.2.
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Yelp SNLI

ELBO ELBO+infinilog ELBO ELBO+infinilog

Standard 0.08 0.20 0.56 0.72
MoG 0.09 0.06 0.80 2.66
Vamp 0.08 0.44 0.71 1.01
Real NVP 0.30 0.72 1.31 2.40

KL FB KL KL FB KL

VAE 0.08 0.17 0.56 1.03
VAE+infinilog 0.20 0.36 0.72 1.22
MoG 0.09 0.16 0.80 0.82
Vamp 0.08 0.13 0.71 1.07
FlowPrior 0.72 0.40 2.40 1.23

Table C.5: Test set reconstruction BLEU scores using nucleus sampling in decoding.

(a) dim 1 (b) dim 2 (c) dim 3 (d) dim 4 (e) all 32 dims

Figure C.2: Visualization of dimensions of learned prior when using real NVP with infinilog (i.e.,
FlowPrior) on SNLI dataset. Plots from left to right are first dimension alone, second dimension
alone, third dimension alone, fourth dimension alone, and all 32 dimensions together.
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Mog-VAE

The man is wearing a black shirt .
The man is wearing a black shirt .
The man is wearing a black shirt .
A man is standing in front of a building .
A man is standing in front of a building .
A man is standing in front of a building .
A man is standing in front of a building .
A man is standing in front of a building .
A man is standing in front of a building .
A man is standing in front of a building .

Vamp-VAE

Three people are sitting on a bench .
People are walking down the street .
People are walking down the street .
People are walking down the street .
Man in a blue shirt and jeans is sitting on a bench
.
Man in a blue shirt and jeans is sitting on a bench
.
Man in a blue shirt and jeans is sitting on a bench
.
Man in a blue shirt and jeans is sitting on a bench
.
Man in a blue shirt and jeans is sitting on a bench
.
Man in a blue shirt and jeans is sitting on a bench
.

FlowPrior

The dog is running through the snow .
Two young boys are playing in the snow .
There is a man in a blue shirt and a woman in a
black shirt and black pants .
Three people are sitting on a bench .
two men are standing on a bench
A girl is sitting on a bench .
A young girl is sitting on a bench .
A young man is sitting on a bench .
A woman in a black shirt is sitting on a bench .
A woman is sitting on a bench .

Table C.6: Interpolation between two prior samples with greedy decoding. Dataset used is SNLI.
In each cell, the first sentence and the last sentence correspond to the two sampled latent codes,
and between are linearly interpolated samples.
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MoG-VAE

A girl is laughing at the beach .
The dog is walking in the water .
Man in khaki jacket painting an elephant .
The man is breakdancing .
People are outside on a sunny day .
Some people are playing in the snow .
Two men are working in a lab .
The boy is at the beach .
Five soccer players playing soccer .
Men stand on a pier .

Vamp-VAE

A person is riding a bicycle at a parade .
A brown and white dog with a brown collar is
climbing over its hind legs while lying on the
floor , talking and fabric in the grass .
A little girl wearing a yellow shirt looks at a
fountain while a man is kneeling next to her
and a child .
Two men play dominoes .
Young lady in blue dress waits at a bus .
A woman carrying a small child looking
through a window . Three men are fighting
with swords .
The little boy is riding his scooter down the
paved road .
A man wearing a yellow suit eats a hotdog on
a wooden table .
A group of friends are smiling.

Table C.7: Interpolation between two prior samples with nucleus sampling for decoding. Dataset
used is SNLI. In each cell, the first sentence and the last sentence correspond to the two sampled
latent codes, and between are linearly interpolated samples.
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FlowPrior

three dogs are in the water
3 people walking down the street with their
hands in the air .
Man getting a picture
Three people are on the beach .
There are two dogs standing near each other .
Two men in white uniforms are cleaning on a
mess of an escalator .
Two girls are getting some exercise together .
Two women working in a restaurant outdoors .
The children are riding .
The child is standing on the sidewalk in front
of an apartment building .

Table C.8: Interpolation between two prior samples with nucleus sampling for decoding. Dataset
used is SNLI. In each cell, the first sentence and the last sentence correspond to the two sampled
latent codes, and between are linearly interpolated samples.
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MoG-VAE

A girl is attending a birthday of popcorn .
The dog is walking in the green snow .
Man lady on the beach .
The man is breakdancing .
People are outside on a sunny day .
Some people are rooting in an outdoor resaurant
.
Two men both face out for directions on a street
.
Big hikers .
Five soccer players playing soccer after fifty fin-
ish in a field .
Men stand on a doorstep .

Vamp-VAE

Two farmers share a drink , while one looks at a
woolen .
A couple in black and white with a long blue
scarf are standing in a store wearing a yellow
hat .
A three people are riding a white bike through
the desert along a road .
A tribesman near a playground .
People all gathered in the street looking at some-
thing on a woman .
A couple of angel making corn on a mountain-
side in a city .
A man holding a sign can and the young female
.
The man playing a guitar concert festival .
The shirtless woman and woman performing on
sand .
dog is outside .

Table C.9: Interpolation between two prior samples with standard sampling for decoding. Dataset
used is SNLI. In each cell, the first sentence and the last sentence correspond to the two sampled
latent codes, and between are linearly interpolated samples.
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FlowPrior

A dog is jumping through the air to catch a Fris-
bee in the air .
A brown and white dog chewing on a red disc .
A crowd of people are blowing in a brown down
balloon .
A woman is pushing her cart .
A person is skiing through a snowy mountain .
A woman carrying a small child is playing with
her friend on a busy street .
A man with a black shirt and brown long-sleeve
shirt is standing near a graffiti that has come
poles off around two .
A man , dressed with purple and black stands in
bottoms while bandannas disbelief .
A man is looking at shoulder on a rack .
A man is about to fall .

Table C.10: Interpolation between two prior samples with standard sampling for decoding. Dataset
used is SNLI. In each cell, the first sentence and the last sentence correspond to the two sampled
latent codes, and between are linearly interpolated samples.
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VAE VAE + FB

A man is sitting on a bench . Two men are playing basketball .
A man is sitting on a bench . A man is playing a guitar .
A man is sitting on a bench . The man is wearing a blue shirt .
A man is sitting on a bench . The man is wearing a blue shirt .
A man is sitting on a bench . Two men are playing basketball .

MoG-VAE MoG-VAE + infinilog

The man is wearing a black shirt
.

An older gentleman in a white shirt is walking in a park-
ing lot .

A man is standing in front of a
building .

A dog is running .

A man is standing in front of a
building .

A woman is walking in a field .

A man is standing in front of a
building .

A young girl in a red shirt is playing with a toy .

A man is standing in front of a
building .

An older gentleman in a white shirt and white pants is
standing on a ladder with a large ladder on his right hand

Vamp-VAE Vamp-VAE + infinilog

A man is playing a guitar . Women in a white dress and a man in a black shirt are
standing in front of a microphone .

A man is playing a guitar . Man in a blue shirt and jeans is sitting on a bench .
A man is playing a guitar . The man is wearing a black shirt .
A man is playing a guitar . People are walking down the street .
A man is playing a guitar . Two men are playing a game of chess .

FlowPrior FlowPrior + FB

Man in a blue shirt and blue jeans
is sitting on a rock with a hammer
.

Children are standing in the middle of a building with a
man in a blue shirt and black pants .

Two young boys are playing in
the snow .

A man is standing in the middle of a large building .

A dog is running through the
snow .

The man is wearing a black shirt .

Two men are standing on a boat . Two men are playing basketball .
A young man is sitting on a bench
.

Girl in a blue shirt and black jacket standing on a bench
.

Table C.11: Greedy generation from prior samples.

174


	List of Figures
	List of Tables
	Acknowledgments
	Abstract
	Introduction
	Contribution
	Thesis Organization

	Background
	Probablistic Generative Modeling
	Definition
	Learning and Inference
	Generative Modeling on Generation Tasks
	Generative Modeling on Classification Tasks
	Generative Classifiers

	Model Robustness
	Robustness toward Distribution Shift
	Robustness towards Adversarial Attacks
	Robustness towards Biases


	Latent-Variable Generative Models for Data-Efficient Text Classification
	Introduction
	Discriminative and Generative Baselines
	Latent-Variable Generative Classifiers
	Experiments
	Results
	Comparison of Baselines
	Data Efficiency
	Effect of Latent Variables
	Effect of Latent Variables
	Learning via Expectation-Maximization
	Analysis

	Analysis
	Interpretation of Latent Variables
	Generation with Latent Variables

	Conclusion

	Discriminatively-Tuned Generative Classifiers for Robust Natural Language Inference
	Introduction
	A Generative Classifier for NLI
	Parameterization

	Discriminative Fine-Tuning
	Experiments
	Datasets
	Baseline Models
	training details

	Results
	Data Efficiency
	Training Label Noise
	Imbalanced Label Distributions

	Analysis
	Modeling and Training Decisions
	Discriminative Fine-Tuning Comparison
	Data Generation

	Conclusion

	Generating Diverse Story Continuations with Controllable Semantics
	Introduction
	Task Description and Definitions
	Model
	Control Attributes
	Experimental Setup
	Datasets.
	Evaluation.
	Training Details

	Results
	Controllability Evaluation
	Evaluation with Oracle Attributes
	Evaluating Sets of Continuations
	Automatically Choosing Attribute Values

	Human Evaluation
	Conclusion

	Learning Expressive Priors for Latent Variable Sentence Models
	Introduction
	Choice of Prior Family
	Gaussian Mixture Priors
	Flow-based Priors

	Objectives for Learning Priors in VAEs
	Combined Training Objective
	Training Procedure

	Experiments
	Datasets
	Baselines
	Implementation and Training Details
	Evaluation Metrics

	Results
	Language Modeling
	Probing of Latent Space
	Visualization of Learned Priors
	Generations from Prior Samples

	Conclusion

	Detecting Generation Inconsistency in Grounded Dialogue Systems
	Introduction
	Related Work
	Hallucination Detection
	Synthetic Datasets

	Grounded Dialogue Fact-Inconsistency Detection
	Response Generation
	Data Filter Pipeline
	Data Annotation
	Data Statistics

	Baselines
	Score-based Methods
	In-Context Learning
	Proxy-task-based Methods

	Synthetic Training Data
	Adversarial Template-based Data Augmentation (AdvTemp)
	GPT-3 Data Augmentation (GptAug)

	Experiments
	Experimental Setup
	Evaluation Metrics
	Results

	Analysis
	Model Ablation
	Error Analysis
	Qualitative Analysis on Synthesized Data

	Conclusion

	Future Work
	Conclusion
	References
	Appendix: Latent-Variable Generative Models for Data-Efficient Text Classification
	Alternative Inference Criteria
	Additional Results with Training Sizes
	Total Number of Parameters
	Results with Larger Models

	Appendix: Discriminatively-Tuned Generative Classifiers for Robust Natural Language Inference
	Discriminative Fine-Tuning Comparison
	Data Generation
	Ablation of Copy Mechanism in Generation

	Appendix: FlowPrior: Learning Expressive Priors for Latent Variable Sentence Models
	Additional Results with Free Bits KL
	Additional Results with FB and infinilog
	Reconstruction Results with Sampling
	Interpolation with Sampling
	Sampling from Priors
	More Visualizations of Real NVP Prior and FlowPrior


