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Abstract
Natural language generation (NLG) has seen remarkable success benefiting from

the development of deep learning techniques. As large-scale pretraining becomes the

de-facto standard in NLP, enormous training data and model parameters consistently

lead to state-of-the-art performance on standard NLG tasks. While quite successful,

current NLG approaches are inefficient from several aspects, which prohibits their

usage in broader and practical settings: (1) they are label-inefficient – conditional

neural generation (e.g. machine translation) often requires a large number of annotated

samples to train, which limits their applications in low-resource regimes; (2) they

are parameter-inefficient – it is common practice to fine-tune a pretrained model to

adapt it to the downstream task, however, these models could scale to trillions of

parameters (Fedus et al., 2021), which would cause a large memory footprint when

serving a large number of tasks; and (3) lastly, we focus on the compute-inefficiency

of a trending model class, retrieval-augmented NLG models. They retrieve from an

external datastore to assist in generation, the added datastore and retrieval process

incurs non-trivial space and time cost due to extra computation.

In this thesis, we aim to provide a deeper understanding of research problems in

efficient NLG and utilizing the insights to design better approaches. Specifically, (1)

for label-efficiency we study unsupervised and semi-supervised conditional genera-

tion that take advantage of the abundant unlabeled text data, and thus mitigate the

requirement of numerous annotated samples. The proposed methods are validated

on a wide variety of NLG tasks; (2) for parameter-efficiency we propose a unified

framework to connect parameter-efficient transfer learning, where only few parame-

ters need to be updated to adapt a large pretrained model to downstream tasks. Our

framework provides a new understanding of this direction, as well as instantiating

state-of-the-art approaches for parameter-efficient NLG; (3) for compute-efficiency

in retrieval-augmented NLG we either design new models or post-adapt the retrieval

component to compress the datastore, reduce the retrieval compute, and speed up the

inference.
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Chapter 1

Introduction

Language is the main medium of human communication. In artificial intelligence, language is one

of the main interfaces of machines to communicate with humans, and thus machines need to be able

to understand and generate natural language. In this thesis, we focus on the latter, natural language

generation. Natural language generation is one of the most fundamental categories of tasks in

NLP, spanning across machine translation (Bahdanau et al., 2015), text summarization (Rush et al.,

2015), dialogue generation (Sordoni et al., 2015a), data description (Novikova et al., 2017), etc.

With the rapid development of deep learning for NLP these years (Hochreiter and Schmidhuber,

1997; Bahdanau et al., 2015; Vaswani et al., 2017), we have witnessed tremendous progress on

these tasks. In particular, large-scale self-supervised pretraining (Peters et al., 2018; Devlin et al.,

2019a; Yang et al., 2019) has taken the performance of NLG tasks to a new level (Lewis et al.,

2020a; Raffel et al., 2020). More recently, ever-large pretrained language models have shown

the potential to tackle all NLP tasks as generation tasks, achieving competitive zero- or few-shot

results given appropriate textual prompts (Radford et al., 2019; Brown et al., 2020; Schick and

Schütze, 2021c; Du et al., 2021; Liu et al., 2021a; Sanh et al., 2022). Despite the great success

achieved, current NLG approaches are inefficient in a number of ways, which prohibit their usage

in broader settings. In this thesis, we consider the following three aspects of inefficiency.

Label inefficiency: the state-of-the-art natural language generation models are usually deep

encoder-decoder or decoder-only neural networks, often powered by the self-attentional trans-

former architecture (Vaswani et al., 2017). These models are trained on parallel examples with

cross-entropy loss in an end-to-end manner. The model training requires a large number of

annotated examples to reach reasonable performance. For example, translation systems are

often trained with millions of sentence pairs to reach practical performance (Akhbardeh et al.,
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2021); popular text summarization benchmarks also consist of hundreds of thousands parallel

examples (Hermann et al., 2015; Narayan et al., 2018). However, labeled examples are often

scarce resources – abundant annotations only exist for certain domains. Moreover, most datasets

nowadays are English-centric while there are over 7000 languages in the world, which means

task labels are not easily available for most of the languages. This puts challenges to applying

generally-applicable deep NLG models.

Parameter inefficiency: self-supervised pretraining techniques have demonstrated tremendous

success on a wide variety of NLP tasks (Peters et al., 2018; Devlin et al., 2019a; Liu et al., 2019a;

Yang et al., 2019). Generally, the model is first pretrained on raw text only with self-supervised

losses, then the pretrained model is fine-tuned on downstream tasks with labeled data. Such a

pipeline has become the de-facto standard nowadays to create state-of-the-art NLG systems. In this

direction, researchers are pursuing more and more powerful pretrained models, which in fact lead

to more parameters in most cases – ever-larger language models consist of hundreds of millions

to trillions of parameters (Brown et al., 2020; Fedus et al., 2021; Rae et al., 2021). This way,

each separate fine-tuning process obtains a different copy of the giant model, causing inefficient

parameter utilization at both fine-tuning and inference time. Such parameter inefficiency would

incur a significant memory footprint when serving numerous tasks.

Compute inefficiency in retrieval-augmented models: NLG tasks often require certain notion

of knowledge from the model to make the correct prediction. For example, competitive machine

translation systems need to know basic lexicon or ngram mappings between the two languages, or

certain terminology translations in some domains; Question answering or unconditional language

generation needs to generate the correct facts and avoid factual hallucination, for example, the

model is required to correctly predict the answer for “Who is the President of the

United States?” Fully parametric neural networks learn such knowledge and store them into

model parameters, which is not only parameter-intensive but also challenging (Petroni et al., 2019).

Recently, retrieval-augmented generation models are proposed to greatly boost performance on a

variety of tasks without extra training through retrieving from an extra datastore (Khandelwal et al.,

2020, 2021; Izacard and Grave, 2021). This may even be achieved with over 10× fewer model

parameters (Borgeaud et al., 2021). However, the datastore and retrieval mechanism inevitably

incur non-trivial overhead on space and time cost due to extra compute from the retrieval process.

For example, nearest neighbor machine translation (Khandelwal et al., 2021) yields datastores

of size over 1000GB and slow down the generation by two orders of magnitude. Such compute
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inefficiency greatly limits practical deployment of retrieval-augmented models.

1.1 Thesis Overview

In this thesis, we put forward a series of methods to improve the efficiency of natural language

generation, so that better NLG systems could be created without significantly increasing the

resource requirement. Specifically, we first describe how we utilize unlabeled examples to help

improve unsupervised or semi-supervised text generation (Part I), then we propose a unified

framework for parameter-efficient transfer learning (PETL) and an accompanied state-of-the-art

PETL method (Part II). PETL approaches aim to fine-tune a small portion of parameters of

a frozen large model to achieve comparable performance to full fine-tuning, thus improving

parameter-efficiency. Lastly, we focus on lightening retrieval-augmented methods in terms of

both space and time, through reducing the datastore sizes and speeding up the retrieval process

(Part III). A detailed overview of each part is as follows:

Part I Label-Efficient Natural Language Generation: while label efficiency could be im-

proved from multiple perspectives as detailed more in Chapter 2, this thesis mainly focuses on

utilizing unlabeled examples to improve performance with a limited number of annotations. This

is practical since unlabeled samples are often available and could be easily collected online.

Specifically, we first study a completely unsupervised setting where we try to learn from unpaired

text data alone to perform sequence to sequence generation. We propose a probabilistic latent

sequence model to perform unsupervised sequence-to-sequence transduction (Chapter 3). Our

model provides a probabilistic view to unify previous practices such as back-translation and

adversarial training, and achieves the state-of-the-art results in several text style transfer bench-

marks. Next, we move to a more realistic setting where a few annotated examples and abundant

unannotated examples are available in a semi-supervised manner. Semi-supervised learning aims

to utilize those unlabeled examples to improve the vanilla supervised baseline systems. Our work

explores the effect of self-training (Scudder, 1965) in modern neural sequence generation tasks

(Chapter 4). Self-training trains a model with pseudo labels predicted by the model itself on

unlabeled inputs. We found that self-training is very effective on neural machine translation and

summarization tasks. Notably, we identify that the implicitly added noise, dropout, plays an im-

portant role in the success of self-training as a form of consistency regularization, thus we propose

noisy self-training that injects noise into inputs as well. Noisy self-training significantly boosts

the performance of vanilla supervised systems. Next, we extend the consistency regularization

3



of self-training from example-level to prompt-level in a more appealing setting, zero-shot task

generalization (Chapter 5). Different from traditional dataset or domain generalization, zero-shot

task generalization performs tasks that are never seen during model training. This is made possible

by advances in prompt approaches (Liu et al., 2021a) that break the boundary of different tasks,

and all NLP tasks are unified into the same sequence generation format. Specifically, we propose

a novel swarm distillation loss, which distills the predictions of different prompts to each other

to optimize prompt consistency. Our approach successfully utilizes unlabeled examples and

outperforms the vanilla baseline on 9 out of 11 NLP datasets.

Part II Parameter-Efficient Natural Language Generation: This thesis focuses on parameter-

efficient transfer learning (PETL) to improve parameter efficiency. Generally, parameter-efficient

tuning updates a small number of (extra) parameters of a big frozen, pretrained model and pursues

a large portion of parameter sharing among multiple tasks. This way, each task only needs

to store a small task-specific module. Parameter-efficient tuning is demonstrated to be able to

match classic, full fine-tuning results. This is possible because of pretraining techniques (Peters

et al., 2018; Devlin et al., 2019a) thus PETL approaches. One pioneer work of this line is

adapters (Houlsby et al., 2019) that insert a low-rank module inside a transformer model (Vaswani

et al., 2017), another representative work includes prefix tuning (Li and Liang, 2021a) and

prompt tuning (Lester et al., 2021). We propose a unified framework for previous state-of-the-art

parameter-efficient tuning methods to understand their connections and important ingredients

for their success (Chapter 6). Remarkably, we show that several PETL methods including prefix

tuning could be viewed as a form of adapters, and different methods could be instantiated by

varying design choices of the adapter, along our defined design dimensions. Through this unified

framework, we are able to connect existing methods, identify their superior or inferior designs,

and summarize the best set of design choices to derive a new state-of-the-art adapter variant. Our

proposed approach greatly outperforms previous work by tuning fewer parameters.

Part III Efficient Retrieval-Augmented Natural Language Generation: This thesis focuses

on improving the compute efficiency of retrieval-augmented generation models. Specifically,

in Chapter 7, we study the latent prototype language model, in which text is generated from a

prototype that is sampled from the training data. This sampling step was following a uniform

distribution (Guu et al., 2018), thus the entire training dataset needs to be maintained and retrieved

from at test time, even though much information in the training dataset is redundant. Instead,

we propose to sampling prototypes from a latent, sparse distribution on the training examples,
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and sparsity is encouraged through a Dirichlet prior. This way, our method learns the sparse

distribution to remove redundancy, so that only salient training examples need to be saved and

retrieved from during inference. Our approach is able to reduce the datastore size by 1000x with

better performance.

In Chapter 8 we study another class of semi-parametric language model, the nearest neighbor

language model (Khandelwal et al., 2020), which retrieves the nearest contexts from a corpus

(e.g. the training corpus) to help prediction at test time. Such a retrieval process explicitly utilizes

the knowledge present in the corpus instead of compacting them into model parameters. Our

work proposes and explores three techniques, adaptive retrieval, datastore pruning, and dimension

reduction to reduce the datastore size and speed up this process by 6.6x.

To summarize, this thesis focuses on developing efficient and practical natural language gener-

ation techniques, from the perspectives of label-efficiency, parameter-efficiency, and compute-

efficiency. Before diving into the details of each work, we start with a survey on related work in

the next chapter.
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Chapter 2

Background and Literature Review

In this chapter, we first briefly review neural text generation in general. Then we emphasize

related work to this thesis, specifically on efficient NLG from the perspectives of label-efficiency

(§ 2.2.1), parameter-efficiency (§ 2.2.2), and compute-efficiency in retrieval augmented models

(§ 2.2.3). In this survey, we also try to draw connections between related work and contributions

in this thesis.

2.1 Neural Text Generation

Text generation refers to any task that can be formalized as generating texts as the output, such as

generating translations, summaries, or dialogue responses. Language generation is a difficult task

since it involves deciding what content to generate, how to organize the content, and even requires

understanding abilities. Traditionally, NLG systems are complicated and consist of several stages

explicitly: content determination to decide the information in the text, document structuring to

organize the information, aggregation to merge similar sentences, lexical choice to put words, and

realization to create the actual text (Reiter and Dale, 1997). With the prosperity of deep learning,

neural text generation that uses deep neural networks as the backbone dominates the advances

in this direction. Importantly, neural text generation does not need multiple stages of generation

as a pipeline, but instead models the generation process as a black box implicitly – neural text

generation is able to produce the text output in an end-to-end manner. Today, text generation

has a broader role in natural language generation given that all NLP tasks may be formatted as

a text generation task through prompts (Brown et al., 2020; Liu et al., 2021a). For example, a

review sentiment classification task may be reformatted as generating text responses to question

Is the review good or bad? Techniques proposed in this thesis emphasize sequence
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generation models in general, and also solve traditional classification problems by treating them

as text generation tasks, for example in Chapter 5. Below, we cover representative applications of

neural text generation as well as the standard approaches.

2.1.1 Applications

Text generation applications can be classified in terms of their inputs. We follow Li et al. (2021a)

to summarize text generation applications into the following categories.

• Unconditional text generation, which corresponds to no inputs (or random noise). Lan-

guage models that predict the next token given context belong to this category, and serve

as the most fundamental building blocks of neural text generation. Example benchmarks

include Marcus et al. (1993); Chelba et al. (2013); Merity et al. (2017).

• Attribute-to-text generation, which corresponds to discrete attributes as the inputs, such as

topic or sentiment labels. For example, CTRL (Keskar et al., 2019) is a general framework

that is able to generate text from multiple different attributes.

• Data-to-text generation, which corresponds to structured data as the inputs, such as tabular

data or knowledge graphs. Existing benchmarks cover facts description (Gardent et al.,

2017), restaurant introduction (Novikova et al., 2017), basketball game stats summariza-

tion (Wiseman et al., 2017), and Wikipedia table description (Parikh et al., 2020).

• Multimedia-to-text generation, which corresponds to multimedia inputs. Example tasks

include image caption (Chen et al., 2015), video caption (Zhou et al., 2018), or speech

recognition (Panayotov et al., 2015).

• Text-to-text generation, which corresponds to text sequences as the inputs. This is probably

the most common application that we see today, which consists of machine translation (Bah-

danau et al., 2015), text summarization (Rush et al., 2015), chatbots (Adiwardana et al.,

2020), etc.

In this thesis, we mainly perform experiments on language models and text-to-text generation.

2.1.2 Standard Approaches

Denote the input as x and the output text as y, neural text generation models pθ(y|x), where θ is

the parameters to be learned through gradient descent.
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Training and Losses: Most neural text generation models are trained via backpropagation to

maximize the log-likelihood log pθ(y|x), where network architectures are the main variations

between different methods. Other alternatives include energy-based models to train with an

energy loss (Hinton, 2002; LeCun et al., 2006; Rosenfeld et al., 2001), latent variable models

that add random variables into the model which can be further categorized into variational

autoencoders (Kingma and Welling, 2014; Bowman et al., 2016) and generative adversarial

networks (Goodfellow et al., 2014; Yu et al., 2017), or optimizing parameters to maximize a

reward function through reinforcement learning (Ranzato et al., 2015; Paulus et al., 2017). This

thesis focuses on methods trained with maximum likelihood estimation, and the works presented

include both deep latent-variable models and normal neural models. Next, we briefly introduce

the standard neural architectures and the state-of-the-art pretraining techniques for generation.

Architectures: Due to the sequential nature of language, early neural text generation methods

mostly employ recurrent neural networks (RNN), such as long-short term memory network

(LSTM, Hochreiter and Schmidhuber (1997)) or gated attention unit (GRU, Cho et al. (2014)).

Convolutional neural networks (CNN) are also used despite being less common (Kalchbrenner

et al., 2016). Conditional generation models typically use an encoder-decoder architecture. Later,

the attention mechanism is introduced between encoder and decoder to greatly improve machine

translation performance and soon becomes popular in other tasks (Bahdanau et al., 2015). In

recent years, state-of-the-art NLG has been gradually dominated by self-attentional networks,

Transformers (Vaswani et al., 2017). While most of these models are autoregressive, there are

other non-autoregressive architectures that aims for smaller latency at inference time (Gu et al.,

2018a; Ma et al., 2019).

Pretraining: Self-supervised pretraining, which trains models on large amount of raw text, has

achieved great success and sets new state-of-the-art records in many NLP tasks (Peters et al.,

2018; Devlin et al., 2019a; Liu et al., 2019a; Yang et al., 2019; Clark et al., 2020). The de-facto

learning paradigm nowadays is to first pretrain a model on raw text, then fine-tune the pretrained

model on downstream tasks. Current pretrained models are mostly based on the transformer

architecture. For text generation specifically, the representative pretraining includes standard

decoder-only language model pretraining such as GPT2 (Radford et al., 2019), GPT3 (Brown

et al., 2020); and encoder-decoder sequence-to-sequence pretraining such as BART (Lewis et al.,

2020a), MASS (Song et al., 2019), T5 (Raffel et al., 2020), and their multilingual versions for

machine translation (Liu et al., 2020a; Xue et al., 2021).
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2.2 Efficiencies in NLG

Efficiency in NLG can be considered from several different perspectives, related to the human

annotations required, the time, space, or memory spent on training or inference, the computation

for training or inference, the carbon footprint, the financial cost, etc. Efficiency is increasingly

becoming a serious issue nowadays where the AI community focuses on obtaining “state-of-

the-art” results with big data and models. The underlying techniques are unfortunately often

inefficient. Given these circumstances, there are calls for Green AI – “AI research that is more

environmentally friendly and inclusive” (Schwartz et al., 2020).

There are different types of efficiency. For example, compute-efficient approaches aim to save

FLOPS at training time (Dai et al., 2020; Yao et al., 2021); time-efficient methods pursue better

time complexity of the model, such as reducing time complexity of self-attention from quadratic

to linear (Wang et al., 2020b; Choromanski et al., 2020; Ma et al., 2021), or non-autoregressive

models for faster text generation (Gu et al., 2018a; Ma et al., 2019); and energy-efficient methods

try to minimize carbon footprint. In this thesis and the literature review below, we mainly focus on

label efficiency that tackles limited annotations, parameter efficiency that saves tuned parameters,

and compute efficiency in retrieval-augmented NLG that reduces the inference overhead of

retrieval.

2.2.1 Label Efficiency

Label-efficient approaches in NLG can be broadly classified into four categories to obtain per-

formance gains with limited annotations: (1) transfer learning that resorts to annotations from

other domains; (2) few-shot methods that can achieve competitive performance only fine-tuned

with the given annotations; (3) data augmentation; and (4) un/semi-supervised methods to utilize

unlabeled data from the same domain. While in this thesis we make efforts mainly from the last

perspective, below we introduce related work on each of these directions.

Transfer Learning

Transfer learning is a method that boosts the performance on the target task or domain through

training on source tasks or domains. Here we focus on the setting where the target task has no or

limited number of annotated examples. In transfer learning, the model can be trained on the source

and target data together in a multitask manner, or trained on source data first in a pretraining stage

and then applied to the target task, dubbed sequential transfer learning.
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Sequential transfer learning is the most popular form and achieved the biggest success so

far. Traditionally, researchers pretrained word embeddings such as word2vec (Mikolov et al.,

2013) or Glove (Pennington et al., 2014) that can be used to initialize the embedding layers in

neural networks. Such embeddings are also extended to represent sentences or documents (Le

and Mikolov, 2014; Conneau et al., 2017) which are helpful for sequence to sequence generation

tasks. More recently, contextualized word embeddings are introduced which mark the dawn of

the large-scale pretraining era (McCann et al., 2017; Peters et al., 2018; Devlin et al., 2019a).

Particularly, transformer-based pretraining has demonstrated remarkable progress to improve NLG

performance under low-data regime in general, such as the few-shot NLG applications in Peng

et al. (2020); Chen et al. (2020c). One representative transfer learning example for low resource

settings in NLP is cross-lingual transfer learning since most languages in the world lack sufficient

annotations. Such issues are very common for cross-lingual applications like machine translation.

To address this problem, pretraining goes to multilingual – for example, representation from

different languages trained separately may be aligned afterwards (Ruder et al., 2019; Schuster

et al., 2019); or different languages could share the same subword vocabulary (Sennrich et al.,

2016c) and the same model is pretrained on all the data (Artetxe and Schwenk, 2019; Lample and

Conneau, 2019; Pires et al., 2019; Wu and Dredze, 2019; Liu et al., 2020b; Xue et al., 2021).

In addition to sequential transfer learning, multitask learning has also been widely used to

take advantage of source annotations, for example, multilingual machine translation that trains a

universal machine translation model among multiple languages is an effective way to deal with

low-resource language translation (Dong et al., 2015; Firat et al., 2016; Ha et al., 2016; Johnson

et al., 2017a; Aharoni et al., 2019).

Few-shot Methods

Few-shot methods perform tasks without or with as few as tens of annotations. Large pretrained

language models greatly improve label efficiency, textual prompts or instructions further advance

label efficiency and leads to competitive few-shot performance. This is because most tasks can

be reformulated as cloze questions through prompts (e.g. by simple asking “the correct

answer is __”), and such effect of textual prompts arguably comes from exploring the

implicit task supervision from the raw text data during pretraining. Pioneer examples on this line

are the GPT language models (Radford et al., 2019; Brown et al., 2020) that prepend annotated

examples to the input as the prompt to perform few-shot generalization without fine-tuning,

dubbed in-context learning. Such few-shot performance typically improves as the model size
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grows, for instance, the largest GPT-3 model has 175 billion parameters. A more efficient way to

utilize textual prompts is to design textual templates to re-format the input and output of the NLP

task and tune the model on a few examples. It achieves competitive few-shot performance while

the model is significantly smaller than GPT-3 language models (Schick and Schütze, 2021a,c;

Gao et al., 2021a; Liu et al., 2021b). Le Scao and Rush (2021) further quantitatively show that

prompting is often worth 100s of data points. Remarkably, prompting methods breaks the format

boundary between NLP tasks, so that all NLP tasks could be treated in a unified format. Therefore,

models trained on completely different tasks may be generalized to other tasks in a zero-shot

fashion (Sanh et al., 2022; Wei et al., 2022). There are other attempts as well to tackle the few-shot

challenge by tuning fewer parameters (Mahabadi et al., 2022).

Data Augmentation

Data augmentation is a class of approaches that increases training data diversity through automat-

ically constructing pseudo paired input-output examples. Here we review some representative

works on this line that are related to this thesis, and we refer readers to Feng et al. (2021) for a

more comprehensive survey on this direction. Token-level perturbation is one of the simplest

approaches to create new examples from existing ones, for example, Wei and Zou (2019) apply

random insertion, deletion, swap, or synonym replacement operations; Şahin and Steedman (2018)

swaps words relying on the dependency trees; On the sequence level, new sentences could be

added by paraphrasing existing ones (Kumar et al., 2019; Longpre et al., 2019), or iterative

masking and filling with language models (Ng et al., 2020). Inspired by MixUp (Zhang et al.,

2017) for images that interpolate input and outputs to form new examples, in NLP researchers

mix embeddings or hidden states instead (Chen et al., 2020a); Wang et al. (2018); Guo et al.

(2020a) extend MixUp to sequence generations. Most of these approaches augment the dataset

directly from existing annotated data, while there are other related works which construct pseudo

paired data from unlabeled examples. For instance, the well-known back-translation technique

that translates monolingual target data back to the source language has achieved great success

in machine translation (Sennrich et al., 2016a); self-training (Scudder, 1965) instead predicts

pseudo labels from the model itself given unlabeled inputs, which are mostly used in classification

tasks. More recently, pretrained language models are leveraged to generate synthetic paired

examples (Yang et al., 2020; Schick and Schütze, 2021b); in machine translation, cross-lingual

paired examples could be retrieved automatically from the wild through aligned multilingual

embeddings (Tran et al., 2020). As a simple and effective technique to overcome data scarce,
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language augmentation features easy-to-use tools publicly available (Dhole et al., 2021).1

Un/Semi-Supervised Learning

Un/Semi-Supervised learning directly leverages unlabeled examples during training to boost

performance. For example, Xie et al. (2020a) propose consistency loss to maximize consistency

between two different views (e.g. paraphrases) of the same unlabeled input, which demonstrates

promises on classification tasks. Such consistency training can be also understood as a form of data

augmentation, named unsupervised data augmentation by the authors. Additionally, variational

autoencoders (Kingma and Welling, 2014) can perform semi-supervised learning by modeling

the targets as latent variables (Kingma et al., 2014). It has been successfully applied to sentence

compression (Miao and Blunsom, 2016) and code generation tasks (Yin et al., 2018). Remarkably,

back-translation combined with auto-encoding training has bootstrapped models from scratch and

enabled unsupervised machine translation (Artetxe et al., 2017; Lample et al., 2018a), opening

the door to fully unsupervised sequence to sequence generation.

Our work in Part I aim to leverage unlabeled examples in an effective way, and are the most

related to the line of un/semi-supervised learning, while we emphasize on understanding and

further proposing better methods based on our understanding. For example, Chapter 3 attempts

to provide a probabilistic formulation for existing unsupervised machine translation techniques,

the resulted latent-sequence generative model leads to improved results; Chapter 4 studies self-

training in the state-of-the-art text generation models and performs analysis to understand the

principle behind self-training, we then propose a novel, noisy variant of self-training to achieve

significant gains; Chapter 5 extends consistency training to fully unsupervised, state-of-the-art

task-generalization methods via prompting methods, where we propose to optimize prompt

consistency instead of traditional example consistency. We note that the four sub-directions

described in this section are largely orthogonal and could be potentially combined to complement

each other.

2.2.2 Parameter Efficiency

As pretrained models grow larger and larger from hundreds of millions of parameters to trillions of

parameters (Devlin et al., 2019a; Brown et al., 2020; Fedus et al., 2021; Chowdhery et al., 2022),

the model size becomes a factor of concern, and could critically affect the model’s practicality.

Particularly, pretrained models are often fine-tuned on downstream tasks to achieve the best
1https://github.com/GEM-benchmark/NL-Augmenter, https://github.com/makcedward/nlpaug.
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performance, thus multiple tasks would result in multiple model copies, which increasingly cause

worries with ever-large pretrained language models. Below, we briefly summarize two direction

to tackle this problem.

Model Compression

Model compression pursues to compress a trained large model to a smaller one. The most common

technique is distillation (Hinton et al., 2015; Kim and Rush, 2016; Sanh et al., 2019; Jiao et al.,

2020) that use the output distribution of a teacher model to train a student model. As a distillation

variant, Xu et al. (2020a) replace submodules in a large model with smaller ones and train them to

mimic the original output distribution.

On the other hand, pruning aims to remove redundant parameters from a trained model.

Pruning can be further categorized as unstructured pruning and structured pruning, where the

former zero out individual weights while the latter removes “blocks” from the neural network.

Unstructured pruning is able to remove over 90% of the parameters, yet it is not well-supported

by current hardware and could not really achieve an inference speed-up (Chen et al., 2020b;

Sanh et al., 2020; Huang et al., 2021). In contrast, structured pruning is preferred practically. In

terms of the transformer architecture specifically, Fan et al. (2020); Sajjad et al. (2020) drops

entire transformer layers; Voita et al. (2019); Michel et al. (2019) removes heads from multi-head

attention; Prasanna et al. (2020); Chen et al. (2021) selectively drop the feedforward block in

transformers.

Another popular technique to reduce model sizes is quantization, which reduces the float

precision of model parameters. Quantization can be subdivided into quantization-aware training

(QAT) and post-training quantization (PTQ). QAT produces zero gradients by rounding floating-

point numbers to fixed-point numbers, and thus adopts the straight-through estimator (Bengio

et al., 2013) to approximate gradients typically during training (Choi et al., 2018; Gong et al.,

2019; Esser et al., 2020). PTQ is based on the fact that most deep learning models can be safely

quantized to 8-bit without re-training (Li et al., 2021b), while there are efforts pushing for 4-bit

quantization (Nagel et al., 2020).

Parameter-efficient tuning

Different from model compression which mostly compresses a trained model, parameter-efficient

tuning focuses on tuning few parameters (e.g. as few as 0.1% of all the parameters) of pretrained

language models without losing performance on downstream tasks. We note that parameter-
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efficient tuning does not reduce the model size at inference time for a single task, but mainly

improves efficiency when the model serves multiple tasks. For example, it greatly reduces the

disk space footprint when the same pretrained language model is fine-tuned on hundreds of

downstream tasks, which facilitates model management. Also, a large portion of parameters

sharing between tasks would potentially save running memory when deployed to serve multiple

tasks simultaneously. This is a relatively new direction in NLP led by (Houlsby et al., 2019) which

adds a light module, adapter, to a pretrained transformer model and only updates adapters during

training; Hu et al. (2022) similarly adds low-rank matrices as the module to be learned; prefix

tuning Li and Liang (2021b); Lester et al. (2021) prepends continuous prefixes as parameters

to the input (or hidden states) as learnable parameters; Ben Zaken et al. (2021) propose to only

update the bias of pretrained language models.

Our work in Part II study parameter-efficient tuning – we establish a unified framework to

connect existing, state-of-the-art methods such as adapters and prefix tuning, and we further utilize

the unified framework to instantiate better parameter-efficient tuning methods.

2.2.3 Compute Efficiency in Retrieval-Augmented NLG

Retrieval-Augmented NLG

Models need to acquire certain understanding abilities of the input and context and information

to complete tasks, where such “ability and information” can be referred to as knowledge.2 Most

neural networks nowadays are fully parametric and store knowledge into parameters, as internal

knowledge. This is done through gradient descent. Learning all required knowledge in such an

internal form is not only challenging but also inefficient – training is expensive to learn a large

amount of knowledge, for example, from the entire Wikipedia. Also, training is necessary to

acquire new knowledge or update knowledge. On the other hand, knowledge may be provided in

an external form directly through retrieval techniques, as external knowledge. This way, model

does not need to be trained on large knowledge sources like Wikipedia but instead directly retrieves

from it; adding new or updating stale knowledge also becomes much easier through replacing the

datastore without training, leading to knowledge efficiency. Formally, retrieval-augmented NLG

models the distribution p(y|x|K):

p(y|x|K) = ES∼q(S|x,K)p(y|x,S), (2.1)

2Sometimes people use “knowledge” to refer to factual knowledge specifically, while here we are referring a

broader definition.
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where K is the external knowledge datastore, and S is the subset of entries retrieved from it.

q(S|x,K) is usually referred to as the retriever while p(y|x,S) is referred to as the reader. In

many cases, the reader p(y|x,S) takes one knowledge entry where |S| = 1 and multiple retrieved

items are aggregated through the expectation, yet p(y|x,S) could deal with multiple retrieved

items directly as well. Retrieval-augmented NLG has demonstrated state-of-the-art results on

language modeling (Khandelwal et al., 2020), machine translation (Khandelwal et al., 2021), and

open-domain question answering (Izacard and Grave, 2021). In Part III of this thesis, we focus on

compute-efficiency of retrieval-augmented language models.

Knowledge Sources: Classic knowledge sources are structured such as knowledge bases (KBs)

and knowledge graphs (KGs). In KBs, for example, “knowledge” consists of triples (subject,

predicate, object), which are also referred to as “factual triplets”. KB is an important source to

store structured factual knowledge and several large KBs are public (Auer et al., 2007; Bollacker

et al., 2008). KB-enhanced text generation has been widely used in question answering (Fu and

Feng, 2018; Févry et al., 2020; Verga et al., 2021), dialogue applications (Madotto et al., 2018;

Wang et al., 2020a; Wu et al., 2020), and language modeling (Liu et al., 2022). Knowledge

graphs further organize the factual triplets into graphs that are more informative, and demonstrated

successes to assist in text generation as well (Bauer et al., 2018; Liu et al., 2019b; Tuan et al.,

2019; Zhang et al., 2020a; Zhao et al., 2020b; Ji et al., 2020; Xu et al., 2020b). While KBs or

KGs are interpretable and relatively accurate compared to unstructured sources, they are also

difficult to construct: large, complete KBs are not available for many domains and languages, and

automatic construction of KBs from raw text is still challenging which produces very noisy outputs.

Moreover, KBs or KGs only represent a limited form of knowledge that could be represented

by simple triplets, while there is far more knowledge omitted from such sources, for example,

the content of the inauguration speech of Barack Obama cannot be covered by triplets, not to

mention the general notion of “knowledge” that we described in the beginning of § 2.2.3 is beyond

factual knowledge. To overcome these challenges, researchers turn to unstructured text as the

knowledge sources, which are easily available and do not limit the scope of knowledge. For

example, Chen et al. (2017) retrieves from Wikipedia articles directly for question answering as a

pioneer attempt on this direction, then a series of follow-up work leverages Wikipedia to achieve

state-of-the-art performance on open-domain question answering (Lee et al., 2019; Karpukhin

et al., 2020; Izacard and Grave, 2021); Similarly, Dinan et al. (2019); Kim et al. (2020); Zhao

et al. (2020a) utilizes Wikipedia for dialogue; Guu et al. (2020) incorporate Wikipedia articles

into mask language model pretraining; Lewis et al. (2020b) employ this framework for various
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knowledge-intensive generation tasks; Petroni et al. (2021) release a benchmark for Wikipedia-

augmented generation tasks; Gu et al. (2018b); Guu et al. (2018); Khandelwal et al. (2020, 2021);

Wang et al. (2022) retrieves from training data to improve language modeling, machine translation,

and summarization; Grave et al. (2016); Wu et al. (2022) retrieve from test context to extend the

context length; Borgeaud et al. (2021) scale up the datastore sizes and train a language model

that retrieves from trillions of tokens on the web. Inspired by how humans perform tasks in daily

life through using search engines, there are recent efforts teaching models to use browsers (e.g.

scroll web pages, click a link, etc.) through reinforcement learning (Nakano et al., 2021). Our

work in Part III follow this trend and take unstructured text as the knowledge source due to its

friendly availability and generality. Specifically, we retrieve from the domain-specific training

data to improve language modeling.

Retriever: The retriever plays a critical role in retrieval-augmented generation, and is often

considered the main bottleneck currently for the final performance. The retrievers can be broadly

categorized as sparse retrievers such as TF-IDF and BM25 (Robertson and Zaragoza, 2009), and

dense retrievers that rely on dense embeddings. Heuristic word match is typically used when the

knowledge source is KB or KG (Fu and Feng, 2018; Madotto et al., 2018; Zhao et al., 2020b;

Liu et al., 2022), while dense retrieval is widely used and sets the state-of-the-art performance

to retrieve from text (Lewis et al., 2020b; Izacard and Grave, 2021; Lee et al., 2021). Dense

retriever mostly adopts a bi-encoder structure – all the items in the datastore are encoded as dense

vectors with a datastore encoder, the query is encoded as a query embedding, then similarity

search is performed to retrieve the most similar datastore vectors to the query vector. The best

dense retrievers are often trained (or fine-tuned) through supervised data (Chen et al., 2017;

Reimers and Gurevych, 2019a; Li et al., 2020; Gao and Callan, 2021; Gao et al., 2021b), which

could underperform unsupervised sparse retrieval approaches in new domains, and robust dense

retrieval is still an open research direction (Izacard et al., 2021). Recently, some researchers take

a detour from the bi-encoder structure and instead study generative retrieval, where a neural

decoder directly generates the retrieved items without similarity search on a high-dimensional

space (De Cao et al., 2020; Tay et al., 2022).

Reader: The reader, p(y|x,S), parameterizes how we fuse the knowledge into the neural

network. Traditionally, researchers often encode the retrieved items separately and fuse them in

through engineering the original model architectures (Chen et al., 2017; Madotto et al., 2018), the

emergence of powerful pretrained language models mitigates the necessity for special treatment
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of the fusion architecture, as many recent works directly concatenate the retrieved item to the

input to demonstrate effectiveness (Guu et al., 2020; Lewis et al., 2020b; Wang et al., 2022).

Efficiency Issue

One limitation of retrieval-augmented text generation is that it adds extra overhead to maintain a

large datastore at inference time and retrieves from it. This process causes a non-trivial amount

of space and time cost. For example, Khandelwal et al. (2020) produces datastore of size over

1000 GB from a billion-token dataset; Khandelwal et al. (2021) observe two orders of magnitude

slowdown during translation at inference time; Similarity, state-of-the-art retrieval-augmented

question answering can only handle less than 10 questions per second (Lee et al., 2021). This

efficiency problem greatly influences the practical usage of the retrieval-augmented method, and

has recently attracted attention from the field: (Meng et al., 2021; Martins et al., 2022) try to

improve the inference speed of nearest neighbor machine translation, and Min et al. (2021)

describe a space-efficient question answering competition and the participant systems, where they

are required to operate under small space limits. Our work in Part III focuses on this aspect and

aims for a lighter retrieval-augmented generation. We focus on the nearest neighbor language

model class (Chapter 8) and prototype-based language model class (Chapter 7) respectively, and

propose novel methods to reduce the datastore size and speed up the retrieval process.

2.3 Connection of Different Efficiencies

Different types of efficiency are not independent, instead, they are closely related to each other,

and tradeoff is often present between them: larger models are typically more label-efficient,

compute-efficient, and converge faster (Kaplan et al., 2020); parameter-efficient tuning needs

more training iterations and computation; Retrieval-augmented methods incur retrieval overhead,

yet may end up saving many parameters since the required knowledge is not needed to be stored

into parameters (Borgeaud et al., 2021). Importantly, these tradeoffs mean different costs and

returns for each method, for example, label-efficient methods pay extra training (i.e. computation,

time) to potentially save human annotation; parameter-efficient methods pay training computation

to save inference time or space.

Given these tradeoffs, one may wonder what would be the optimal method to choose in

practice – it depends on the main resource limitation to specific researchers and practitioners.

Human annotation, computation complexity, and space or memory usage could all end up being
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the balance of financial cost, time, and carbon footprint to the environment (Strubell et al., 2019).
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Chapter 3

Unsupervised Sequence to Sequence
Transduction

In this chapter, we introduce a probabilistic framework for unsupervised sequence to sequence

transduction. The presented approach does not need any parallel data to train, and is thus sample-

efficient. Some example sequence to sequence transduction tasks in this chapter include sentiment

transfer, word decipherment, and related language translation. This work is presented in:

• Junxian He*, Xinyi Wang* (equal contribution), Graham Neubig, and Taylor Berg-Kirkpatrick.

A Probabilistic Formulation of Unsupervised Text Style Transfer. In International Confer-

ence on Learning Representations (ICLR), 2020

3.1 Introduction

Text sequence transduction systems convert a given text sequence from one domain to another.

These techniques can be applied to a wide range of natural language processing applications

such as machine translation (Bahdanau et al., 2015), summarization (Rush et al., 2015), and

dialogue response generation (Zhao et al., 2017). In many cases, however, parallel corpora for

the task at hand are scarce. Therefore, unsupervised sequence transduction methods that require

only non-parallel data are appealing and have been receiving growing attention (Bannard and

Callison-Burch, 2005; Ravi and Knight, 2011; Mizukami et al., 2015; Shen et al., 2017; Lample

et al., 2018b, 2019). This trend is most pronounced in the space of text style transfer tasks where

parallel data is particularly challenging to obtain (Hu et al., 2017; Shen et al., 2017; Yang et al.,

2018). Style transfer has historically referred to sequence transduction problems that modify
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superficial properties of text – i.e. style rather than content.1 We focus on a standard suite of style

transfer tasks, including formality transfer (Rao and Tetreault, 2018), author imitation (Xu et al.,

2012), word decipherment (Shen et al., 2017), sentiment transfer (Shen et al., 2017), and related

language translation (Pourdamghani and Knight, 2017). General unsupervised translation has

not typically been considered style transfer, but for the purpose of comparison we also conduct

evaluation on this task (Lample et al., 2018a).

Recent work on unsupervised text style transfer mostly employs non-generative or non-

probabilistic modeling approaches. For example, Shen et al. (2017) and Yang et al. (2018)

design adversarial discriminators to shape their unsupervised objective – an approach that can

be effective, but often introduces training instability. Other work focuses on directly designing

unsupervised training objectives by incorporating intuitive loss terms (e.g. backtranslation loss),

and demonstrates state-of-the-art performance on unsupervised machine translation (Lample

et al., 2018b; Artetxe et al., 2019) and style transfer (Lample et al., 2019). However, the space

of possible unsupervised objectives is extremely large and the underlying modeling assumptions

defined by each objective can only be reasoned about indirectly. As a result, the process of

designing such systems is often heuristic.

In contrast, probabilistic models (e.g. the noisy channel model (Shannon, 1948)) define

assumptions about data more explicitly and allow us to reason about these assumptions during

system design. Further, the corresponding objectives are determined naturally by principles of

probabilistic inference, reducing the need for empirical search directly in the space of possible

objectives. That said, classical probabilistic models for unsupervised sequence transduction (e.g.

the HMM or semi-HMM) typically enforce overly strong independence assumptions about data to

make exact inference tractable (Knight et al., 2006; Ravi and Knight, 2011; Pourdamghani and

Knight, 2017). This has restricted their development and caused their performance to lag behind

unsupervised neural objectives on complex tasks. Luckily, in recent years, powerful variational

approximation techniques have made it more practical to train probabilistic models without strong

independence assumptions (Miao and Blunsom, 2016; Yin et al., 2018). Inspired by this, we take

a new approach to unsupervised style transfer.

We directly define a generative probabilistic model that treats a non-parallel corpus in two

domains as a partially observed parallel corpus. Our model makes few independence assumptions

and its true posterior is intractable. However, we show that by using amortized variational

inference (Kingma and Welling, 2014), a principled probabilistic technique, a natural unsupervised

1Notably, some tasks we evaluate on do change content to some degree, such as sentiment transfer, but for

conciseness we use the term “style transfer” nonetheless.
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objective falls out of our modeling approach that has many connections with past work, yet is

different from all past work in specific ways. In experiments across a suite of unsupervised

text style transfer tasks, we find that the natural objective of our model actually outperforms all

manually defined unsupervised objectives from past work, supporting the notion that probabilistic

principles can be a useful guide even in deep neural systems. Further, in the case of unsupervised

machine translation, our model matches the current state-of-the-art non-generative approach.

3.2 Unsupervised Text Style Transfer

We first overview text style transfer, which aims to transfer a text (typically a single sentence or a

short paragraph – for simplicity we refer to simply “sentences” below) from one domain to another

while preserving underlying content. For example, formality transfer (Rao and Tetreault, 2018) is

the task of transforming the tone of text from informal to formal without changing its content.

Other examples include sentiment transfer (Shen et al., 2017), word decipherment (Knight et al.,

2006), and author imitation (Xu et al., 2012). If parallel examples were available from each

domain (i.e. the training data is a bitext consisting of pairs of sentences from each domain),

supervised techniques could be used to perform style transfer (e.g. attentional Seq2Seq (Bahdanau

et al., 2015) and Transformer (Vaswani et al., 2017)). However, for most style transfer problems,

only non-parallel corpora (one corpus from each domain) can be easily collected. Thus, work

on style transfer typically focuses on the more difficult unsupervised setting where systems must

learn from non-parallel data alone.

The model we propose treats an observed non-parallel text corpus as a partially observed

parallel corpus. Thus, we introduce notation for both observed text inputs and those that we

will treat as latent variables. Specifically, we let X = {x(1), x(2), · · · , x(m)} represent observed

data from domain D1, while we let Y = {y(m+1), y(m+2), · · · , y(n)} represent observed data from

domain D2. Corresponding indices represent parallel sentences. Thus, none of the observed

sentences share indices. In our model, we introduce latent sentences to complete the parallel corpus.

Specifically, X̄ = {x̄(m+1), x̄(m+2), · · · , x̄(n)} represents the set of latent parallel sentences in D1,

while Ȳ = {ȳ(1), ȳ(2), · · · , ȳ(m)} represents the set of latent parallel sentences in D2. Then the

goal of unsupervised text transduction is to infer these latent variables conditioned the observed

non-parallel corpora; that is, to learn p(ȳ|x) and p(x̄|y).
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Figure 3.1: Proposed graphical model for style transfer via bitext completion. Shaded circles

denote the observed variables and unshaded circles denote the latents. The generator is param-

eterized as an encoder-decoder architecture and the prior on the latent variable is a pretrained

language model.

3.3 The Deep Latent Sequence Model

First we present our generative model of bitext, which we refer to as a deep latent sequence model.

We then describe unsupervised learning and inference techniques for this model class.

3.3.1 Model Structure

Directly modeling p(ȳ|x) and p(x̄|y) in the unsupervised setting is difficult because we never

directly observe parallel data. Instead, we propose a generative model of the complete data that

defines a joint likelihood, p(X, X̄, Y, Ȳ ). In order to perform text transduction, the unobserved

halves can be treated as latent variables: they will be marginalized out during learning and inferred

via posterior inference at test time.
Our model assumes that each observed sentence is generated from an unobserved parallel

sentence in the opposite domain, as depicted in Figure 1. Specifically, each sentence x(i) in
domain D1 is generated as follows: First, a latent sentence ȳ(i) in domain D2 is sampled from a
prior, pD2(ȳ

(i)). Then, x(i) is sampled conditioned on ȳ(i) from a transduction model, p(x(i)|ȳ(i)).
Similarly, each observed sentence y(j) in domain D2 is generated conditioned on a latent sentence,
x̄(j), in domain D1 via the opposite transduction model, p(y(j)|x̄(j)), and prior, pD1(x̄

(j)). We
let θx|ȳ and θy|x̄ represent the parameters of the two transduction distributions respectively. We
assume the prior distributions are pretrained on the observed data in their respective domains and
therefore omit their parameters for simplicity of notation. Together, this gives the following joint
likelihood:

p(X, X̄, Y, Ȳ ; θx|ȳ, θy|x̄) =

(
m∏
i=1

p
(
x(i)|ȳ(i); θx|ȳ

)
pD2

(
ȳ(i)
)) n∏

j=m+1

p
(
y(j)|x̄(j); θy|x̄

)
pD1

(
x̄(j)
)
(3.1)
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Figure 3.2: Depiction of amortized variational approximation. Distributions q(ȳ|x) and q(x̄|y)
represent inference networks that approximate the model’s true posterior. Critically, parameters

are shared between the generative model and inference networks to tie the learning problems for

both domains.

The log marginal likelihood of the data, which we will approximate during training, is:

log p(X, Y ; θx|ȳ, θy|x̄) = log
∑

X̄

∑
Ȳ
p(X, X̄, Y, Ȳ ; θx|ȳ, θy|x̄) (3.2)

Note that if the two transduction models share no parameters, the training problems for each ob-

served domain are independent. Critically, we introduce parameter sharing through our variational

inference procedure, which we describe in more detail in § 3.3.2.

Architecture: Since we would like to be able to model a variety of transfer tasks, we choose

a parameterization for our transduction distributions that makes no independence assumptions.

Specifically, we employ an encoder-decoder architecture based on the standard attentional Seq2Seq

model which has been shown to be successful across various tasks (Bahdanau et al., 2015; Rush

et al., 2015). Similarly, our prior distributions for each domain are parameterized as recurrent

language models which, again, make no independence assumptions. In contrast, traditional

unsupervised generative sequence models typically make strong independence assumptions to

enable exact inference (e.g. the HMM makes a Markov assumption on the latent sequence

and emissions are one-to-one). Our model is more flexible, but exact inference via dynamic

programming will be intractable. We address this problem in the next section.

3.3.2 Learning

Ideally, learning should directly optimize the log data likelihood, which is the marginal of our
model shown in Eq. 3.2. However, due to our model’s neural parameterization which does not
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factorize, computing the data likelihood cannot be accomplished using dynamic programming
as can be done with simpler models like the HMM. To overcome the intractability of computing
the true data likelihood, we adopt amortized variational inference (Kingma and Welling, 2014)
in order to derive a surrogate objective for learning, the evidence lower bound (ELBO) on log
marginal likelihood2 :

log p(X,Y ; θx|ȳ, θy|x̄)

≥ LELBO(X,Y ; θx|ȳ, θy|x̄, ϕx̄|y, ϕȳ|x)

=
∑

i

[
Eq(ȳ|x(i);ϕȳ|x)

[log p(x(i)|ȳ; θx|ȳ)]−DKL

(
q(ȳ|x(i);ϕȳ|x)||pD2(ȳ)

)]
+
∑

j

[
Eq(x̄|y(j);ϕx̄|y)

[log p(y(j)|x̄; θy|x̄)]︸ ︷︷ ︸
Reconstruction likelihood

−DKL

(
q(x̄|y(j);ϕx̄|y)||pD1(x̄)

)]︸ ︷︷ ︸
KL regularizer

(3.3)

The surrogate objective introduces q(ȳ|x(i);ϕȳ|x) and q(x̄|y(j);ϕx̄|y), which represent two separate

inference network distributions that approximate the model’s true posteriors, p(ȳ|x(i); θx|ȳ) and

p(x̄|y(j); θy|x̄), respectively. Learning operates by jointly optimizing the lower bound over both

variational and model parameters. Once trained, the variational posterior distributions can be

used directly for style transfer. The KL terms in Eq. 3.3, that appear naturally in the ELBO

objective, can be intuitively viewed as regularizers that use the language model priors to bias the

induced sentences towards the desired domains. Amortized variational techniques have been most

commonly applied to continuous latent variables, as in the case of the variational autoencoder

(VAE) (Kingma and Welling, 2014). Here, we use this approach for inference over discrete

sequences, which has been shown to be effective in related work on a semi-supervised task (Miao

and Blunsom, 2016).

Inference Network and Parameter Sharing: Note that the approximate posterior on one

domain aims to learn the reverse style transfer distribution, which is exactly the goal of the

generative distribution in the opposite domain. For example, the inference network q(ȳ|x(i);ϕȳ|x)

and the generative distribution p(y|x̄(i); θy|x̄) both aim to transform D1 to D2. Therefore, we use

the same architecture for each inference network as used in the transduction models, and tie their

parameters: ϕx̄|y = θx|ȳ, ϕȳ|x = θy|x̄. This means we learn only two encoder-decoders overall –

which are parameterized by θx|ȳ and θy|x̄ respectively – to represent two directions of transfer. In

2Note that in practice, we add a weight λ (the same to both domains) to the KL term in ELBO since the regular-

ization strength from the pretrained language model varies depending on the datasets, training data size, or language

model structures. Such reweighting has proven necessary in previous work that is trained with ELBO (Bowman et al.,

2016; Miao and Blunsom, 2016; Yin et al., 2018).
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addition to reducing the number of learnable parameters, this parameter tying couples the learning

problems for both domains and allows us to jointly learn from the full data. Moreover, inspired

by recent work that builds a universal Seq2Seq model to translate between different language

pairs (Johnson et al., 2017b), we introduce further parameter tying between the two directions

of transduction: the same encoder is employed for both x and y, and a domain embedding c is

provided to the same decoder to specify the transfer direction, as shown in Figure 3.2. Ablation

analysis in § 3.5.5 suggests that parameter sharing is important to achieve good performance.

Approximating Gradients of ELBO: The reconstruction and KL terms in Eq. 3.3 still involve

intractable expectations due to the marginalization over the latent sequence, thus we need to ap-

proximate their gradients. Gumbel-softmax (Jang et al., 2017) and REINFORCE (Williams, 1987)

are often used as stochastic gradient estimators in the discrete case. Since the latent text variables

have an extremely large domain, we find that REINFORCE-based gradient estimates result in high

variance. Thus, we use the Gumbel-softmax straight-through estimator to backpropagate gradients

from the KL terms.3 However, we find that approximating gradients of the reconstruction loss

is much more challenging – both the Gumbel-softmax estimator and REINFORCE are unable

to outperform a simple stop-gradient method that does not back-propagate the gradient of the

latent sequence to the inference network. This confirms a similar observation in previous work

on unsupervised machine translation (Lample et al., 2018b). Therefore, we use greedy decoding

without recording gradients to approximate the reconstruction term.4 Note that the inference

networks still receive gradients from the prior through the KL term, and their parameters are

shared with the decoders which do receive gradients from reconstruction. We consider this to be

the best empirical compromise at the moment.

Initialization. Good initialization is often necessary for successful optimization of unsupervised

learning objectives. In preliminary experiments, we find that the encoder-decoder structure has

difficulty generating realistic sentences during the initial stages of training, which usually results

in a disastrous local optimum. This is mainly because the encoder-decoder is initialized randomly

and there is no direct training signal to specify the desired latent sequence in the unsupervised

setting. Therefore, we apply a self-reconstruction loss Lrec at the initial epochs of training. We

denote the output the encoder as e(·) and the decoder distribution as pdec, then

Lrec = −α ·
∑

i
[pdec(e(x

(i)), cx)]− α ·
∑

j
[pdec(e(y

(j)), cy)], (3.4)

3We use one sample to approximate the expectations.
4We compare greedy and sampling decoding in § 3.5.5.
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cx and cy are the domain embeddings for x and y respectively, α decays from 1.0 to 0.0 linearly

in the first k epochs. k is a tunable parameter and usually less than 3 in all our experiments.

3.4 Connection to Related Work

Our probabilistic formulation can be connected with recent advances in unsupervised text trans-

duction methods. For example, back translation loss (Sennrich et al., 2016b) plays an important

role in recent unsupervised machine translation (Artetxe et al., 2018; Lample et al., 2018b; Artetxe

et al., 2019) and unsupervised style transfer systems (Lample et al., 2019). In order to incorpo-

rate back translation loss the source language x is translated to the target language y to form a

pseudo-parallel corpus, then a translation model from y to x can be learned on this pseudo bitext

just as in supervised setting. While back translation was often explained as a data augmentation

technique, in our probabilistic formulation it appears naturally with the ELBO objective as the

reconstruction loss term.

Some previous work has incorporated a pretrained language models into neural semi-supervised

or unsupervised objectives. He et al. (2016) uses the log likelihood of a pretrained language model

as the reward to update a supervised machine translation system with policy gradient. Artetxe et al.

(2019) utilize a similar idea for unsupervised machine translation. Yang et al. (2018) employed

a similar approach, but interpret the LM as an adversary, training the generator to fool the LM.

We show how our ELBO objective is connected with these more heuristic LM regularizers by

expanding the KL loss term (assume x is observed):

DKL(q(ȳ|x)||pD2(ȳ)) = −Hq − Eq[log pD2(ȳ)], (3.5)

Note that the loss used in previous work does not include the negative entropy term, −Hq.

Our objective results in this additional “regularizer”, the negative entropy of the transduction

distribution, −Hq. Intuitively, −Hq helps avoid a peaked transduction distribution, preventing

the transduction from constantly generating similar sentences to satisfy the language model. In

experiments we will show that this additional regularization is important and helps bypass bad

local optima and improve performance. These important differences with past work suggest that a

probabilistic view of the unsupervised sequence transduction may provide helpful guidance in

determining effective training objectives.
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3.5 Experiments

We test our model on five style transfer tasks: sentiment transfer, word substitution decipherment,

formality transfer, author imitation, and related language translation. For completeness, we also

evaluate on the task of general unsupervised machine translation using standard benchmarks.

We compare with the unsupervised machine translation model (UNMT) which recently

demonstrated state-of-the-art performance on transfer tasks such as sentiment and gender trans-

fer (Lample et al., 2019).5 To validate the effect of the negative entropy term in the KL loss term

Eq. 3.5, we remove it and train the model with a back-translation loss plus a language model

negative log likelihood loss (which we denote as BT+NLL) as an ablation baseline. For each task,

we also include strong baseline numbers from related work if available. For our method we select

the model with the best validation ELBO, and for UNMT or BT+NLL we select the model with

the best back-translation loss.

3.5.1 Model Configurations

We adopt the following attentional encoder-decoder architecture for UNMT, BT+NLL, and our

method across all the experiments:

• We use word embeddings of size 128.

• We use 1 layer LSTM with hidden size of 512 as both the encoder and decoder.

• We apply dropout to the readout states before softmax with a rate of 0.3.

• Following Lample et al. (2019), we add a max pooling operation over the encoder hidden

states before feeding it to the decoder. Intuitively the pooling window size would control

how much information is preserved during transduction. A window size of 1 is equivalent

to standard attention mechanism, and a large window size corresponds to no attention. See

Appendix 3.5.2 for how to select the window size.

• There is a noise function for UNMT baseline in its denoising autoencoder loss (Lample

et al., 2018a, 2019). We use the default noise function and noise hyperparameters in Lample

et al. (2018a). For BT+NLL and our method we found that adding the extra noise into the

self-reconstruction loss (Eq. 3.4) often hurts the performance, because we already have a

5The model they used is slightly different from the original model of Lample et al. (2018b) in certain details – e.g.

the addition of a pooling layer after attention. We re-implement their model in our codebase for fair comparison and

verify that our re-implementation achieves performance competitive with the original paper.
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language model to avoid the local optimum of direct-copy generation.

3.5.2 Hyperparameter Tuning.

We vary pooling windows size as {1, 5}, the decaying patience hyperparameter k for self-

reconstruction loss (Eq. 3.4) as {1, 2, 3}. For the baselines UNMT and BT+NLL, we also

try the option of not annealing the self-reconstruction loss at all as in the unsupervised machine

translation task (Lample et al., 2018b). We vary the weight λ for the NLL term (BT+NLL) or the

KL term (our method) as {0.001, 0.01, 0.03, 0.05, 0.1}.

3.5.3 Datasets and Experiment Setup

Word Substitution Decipherment. Word decipherment aims to uncover the plain text behind a

corpus that was enciphered via word substitution where word in the vocabulary is mapped to a

unique type in a cipher dictionary (Dou and Knight, 2013; Shen et al., 2017; Yang et al., 2018).

In our formulation, the model is presented with a non-parallel corpus of English plaintext and

the ciphertext. We use the data in (Yang et al., 2018) which provides 200K sentences from each

domain. While previous work (Shen et al., 2017; Yang et al., 2018) controls the difficulty of

this task by varying the percentage of words that are ciphered, we directly evaluate on the most

difficult version of this task – 100% of the words are enciphered (i.e. no vocabulary sharing in the

two domains). We select the model with the best unsupervised reconstruction loss, and evaluate

with BLEU score on the test set which contains 100K parallel sentences. Results are shown in

Table 3.2.

Sentiment Transfer. Sentiment transfer is a task of paraphrasing a sentence with a different

sentiment while preserving the original content. Evaluation of sentiment transfer is difficult

and is still an open research problem (Mir et al., 2019). Evaluation focuses on three aspects:

attribute control, content preservation, and fluency. A successful system needs to perform well

with respect to all three aspects. We follow prior work by using three automatic metrics (Yang

et al., 2018; Lample et al., 2019): classification accuracy, self-BLEU (BLEU of the output with

the original sentence as the reference), and the perplexity (PPL) of each system’s output under an

external language model. We pretrain a convolutional classifier (Kim, 2014) to assess classification

accuracy, and use an LSTM language model pretrained on each domain to compute the PPL of

system outputs.

We use the Yelp reviews dataset collected by Shen et al. (2017) which contains 250K negative

sentences and 380K positive sentences. We also use a small test set that has 1000 human-annotated
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Table 3.1: Results on the sentiment transfer, author imitation, and formality transfer. We list

the PPL of pretrained LMs on the test sets of both domains. We only report Self-BLEU on the

sentiment task to compare with existing work.

Task Model Acc. BLEU Self-BLEU PPLD1 PPLD2

Sentiment

Test Set - - - 31.97 21.87

Shen et al. (2017) 79.50 6.80 12.40 50.40 52.70

Hu et al. (2017) 87.70 - 65.60 115.60 239.80

Yang et al. (2018) 83.30 13.40 38.60 30.30 42.10

UNMT 87.17 16.99 44.88 26.53 35.72

BT+NLL 88.36 12.36 31.48 8.75 12.82

Ours 87.90 18.67 48.38 27.75 35.61

Author Imitation

Test Set - - - 132.95 85.25

UNMT 80.23 7.13 - 40.11 39.38

BT+NLL 76.98 10.80 - 61.70 65.51

Ours 81.43 10.81 - 49.62 44.86

Formality

Test Set - - - 71.30 135.50

UNMT 78.06 16.11 - 26.70 10.38

BT+NLL 82.43 8.57 - 6.57 8.21

Ours 80.46 18.54 - 22.65 17.23

parallel sentences introduced in Li et al. (2018). We denote the positive sentiment as domain D1

and the negative sentiment as domain D2. We use Self-BLEU and BLEU to represent the BLEU

score of the output against the original sentence and the reference respectively. Results are shown

in Table 3.1.

Formality Transfer. Next, we consider a harder task of modifying the formality of a sequence.

We use the GYAFC dataset (Rao and Tetreault, 2018), which contains formal and informal

sentences from two different domains. In this chapter, we use the Entertainment and Music

domain, which has about 52K training sentences, 5K development sentences, and 2.5K test

sentences. This dataset actually contains parallel data between formal and informal sentences,

which we use only for evaluation. We follow the evaluation of sentiment transfer task and test

models on three axes. Since the test set is a parallel corpus, we only compute reference BLEU

and ignore self-BLEU. We use D1 to denote formal text, and D2 to denote informal text. Results

are shown in Table 3.1.

Author Imitation. Author imitation is the task of paraphrasing a sentence to match another
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Table 3.2: BLEU for decipherment, related language translation (Sr-Bs), and general unsupervised

translation (En-De).

Model Decipher Sr-Bs Bs-Sr En-De De-En

Shen et al. (2017) 50.8 - - - -

Yang et al. (2018) 49.3 31.0 33.4 - -

UNMT 76.4 31.4 33.4 26.5 32.2

BT+NLL 78.0 29.6 31.4 - -

Ours 78.4 36.2 38.3 26.9 32.0

author’s style. The dataset we use is a collection of Shakespeare’s plays translated line by line

into modern English. It was collected by Xu et al. (2012)6 and used in prior work on supervised

style transfer (Jhamtani et al., 2017). This is a parallel corpus and thus we follow the setting in the

formality transfer task. We use D1 to denote modern English, and D2 to denote Shakespeare-style

English. Results are shown in Table 3.1.

Related Language Translation. Next, we test our method on a challenging related language

translation task (Pourdamghani and Knight, 2017; Yang et al., 2018). This task is a natural test

bed for unsupervised sequence transduction since the goal is to preserve the meaning of the source

sentence while rewriting it into the target language. For our experiments, we choose Bosnian (bs)

and Serbian (sr) as the related language pairs. We follow Yang et al. (2018) to report BLEU-1

score on this task since BLEU-4 score is close to zero. Results are shown in Table 3.2.

Unsupervised MT. In order to draw connections with a related work on general unsupervised

machine translation, we also evaluate on the WMT’16 German English translation task. This task

is substantially more difficult than the style transfer tasks considered so far. We compare with

the state-of-the-art UNMT system using the existing implementation from the XLM codebase,7

and implement our approach in the same framework with XLM initialization for fair comparison.

We train both systems on 5M non-parallel sentences from each language. Results are shown in

Table 3.2.

In Tables 3.1 we also list the PPL of the test set under the external LM for both the source and

target domain. PPL of system outputs should be compared to PPL of the test set itself because

extremely low PPL often indicates that the generated sentences are short or trivial.

6https://github.com/tokestermw/tensorflow-shakespeare
7https://github.com/facebookresearch/XLM
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3.5.4 Results

Tables 3.1 and 3.2 demonstrate some general trends. First, UNMT is able to outperform other

prior methods in unsupervised text style transfer, such as (Yang et al., 2018; Hu et al., 2017;

Shen et al., 2017). The performance improvements of UNMT indicate that flexible and powerful

architectures are crucial (prior methods generally do not have an attention mechanism). Second,

our model achieves comparable classification accuracy to UNMT but outperforms it in all style

transfer tasks in terms of the reference-BLEU, which is the most important metric since it directly

measures the quality of the final generations against gold parallel data. This indicates that our

method is both effective and consistent across many different tasks. Finally, the BT+NLL baseline

is sometimes quite competitive, which indicates that the addition of a language model alone can

be beneficial. However, our method consistently outperforms the simple BT+NLL method, which

indicates the effectiveness of the additional entropy regularizer in Eq. 3.5 that is the byproduct of

our probabilistic formulation.

Next, we examine the PPL of the system outputs under pretrained domain LMs, which should

be evaluated in comparison with the PPL of the test set itself. For both the sentiment transfer and

the formality transfer tasks in Table 3.1, BT+NLL achieves extremely low PPL, lower than the

PPL of the test corpus in the target domain. After a close examination of the output, we find that

it contains many repeated and overly simple outputs. For example, the system generates many

examples of “I love this place” when transferring negative to positive sentiment (see Appendix .1

for examples). It is not surprising that such a trivial output has low perplexity, high accuracy, and

low BLEU score. On the other hand, our system obtains reasonably competitive PPL, and our

approach achieves the highest accuracy and higher BLEU score than the UNMT baseline.

3.5.5 Further Ablations and Analysis

Parameter Sharing. We also conducted an experiment on the word substitution decipherment

task, where we remove parameter sharing (as explained in § 3.3.2) between two directions of

transduction distributions, and optimize two encoder-decoder instead. We found that the model

only obtained an extremely low BLEU score and failed to generate any meaningful outputs.

Performance vs. Domain Divergence. Figure 3.3 plots the relative improvement of our method

over UNMT with respect to accuracy of a naive Bayes’ classifier trained to predict the domain of

test sentences. Tasks with high classification accuracy likely have more divergent domains. We

can see that for decipherment and en-de translation, where the domains have different vocabularies
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Figure 3.3: Improvement over UNMT vs. classification accuracy.

and thus are easily distinguished, our method yields a smaller gain over UNMT. This likely

indicates that the (discrimination) regularization effect of the LM priors is less important or

necessary when the two domains are very different.

Why does the proposed model outperform UNMT? Finally, we examine in detail the output

of our model and UNMT for the author imitation task. We pick this task because the reference

outputs for the test set are provided, aiding analysis. Examples shown in Table 3.3 demonstrate

that UNMT tends to make overly large changes to the source so that the original meaning is lost,

while our method is better at preserving the content of the source sentence. Next, we quantitatively

examine the outputs from UNMT and our method by comparing the F1 measure of words bucketed

by their syntactic tags. We use the open-sourced compare-mt tool (Neubig et al., 2019), and the

results are shown in Figure 3.4. Our system has outperforms UNMT in all word categories. In

particular, our system is much better at generating nouns, which likely leads to better content

preservation.

Greedy vs. Sample-based Gradient Approximation. In our experiments, we use greedy

decoding from the inference network to approximate the expectation required by ELBO, which is

a biased estimator. The main purpose of this approach is to reduce the variance of the gradient

estimator during training, especially in the early stages when the variance of sample-based

approaches is quite high. As an ablation experiment on the sentiment transfer task we compare

greedy and sample-based gradient approximations in terms of both train and test ELBO, as well as

task performance corresponding to best test ELBO. After the model is fully trained, we find that

the sample-based approximation has low variance. With a single sample, the standard deviation of
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Table 3.3: Examples for author imitation task

Methods Shakespeare to Modern

Source Not to his father’s .

Reference Not to his father’s house .

UNMT Not to his brother .

Ours Not to his father’s house .

Source Send thy man away .

Reference Send your man away .

UNMT Send an excellent word .

Ours Send your man away .

Source Why should you fall into so deep an O ?

Reference Why should you fall into so deep a moan ?

UNMT Why should you carry so nicely , but have your legs ?

Ours Why should you fall into so deep a sin ?

Table 3.4: Comparison of gradient approximation on the sentiment transfer task.

Method train ELBO↑ test ELBO↑ Acc. BLEUr BLEUs PPLD1 PPLD2

Sample-based -3.51 -3.79 87.90 13.34 33.19 24.55 25.67

Greedy -2.05 -2.07 87.90 18.67 48.38 27.75 35.61

Table 3.5: Comparison of gradient propagation method on the sentiment transfer task.

Method train ELBO↑ test ELBO↑ Acc. BLEUr BLEUs PPLD1 PPLD2

Gumbel Softmax -2.96 -2.98 81.30 16.17 40.47 22.70 23.88

REINFORCE -6.07 -6.48 95.10 4.08 9.74 6.31 4.08

Stop Gradient -2.05 -2.07 87.90 18.67 48.38 27.75 35.61

the EBLO is less than 0.3 across 10 different test repetitions. All final reported ELBO values are

all computed with this approach, regardless of whether the greedy approximation was used during

training. The reported ELBO values are the evidence lower bound per word. Results are shown in

Table 3.4, where the sampling-based training underperforms on both ELBO and task evaluations.

3.5.6 Comparison of gradient propagation methods

As noted above, to stabilize the training process, we stop gradients from propagating to the

inference network from the reconstruction loss. Does this approach indeed better optimize the

actual probabilistic objective (i.e. ELBO) or only indirectly lead to improved task evaluations?

In this section we use sentiment transfer as an example task to compare different methods for

propagating gradients and evaluate both ELBO and task evaluations.
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Figure 3.5: ELBO on the validation set v.s. the number training steps.

Specifically, we compare three different methods:

• Stop Gradient: The gradients from reconstruction loss are not propagated to the inference

network. This is the method we use in all previous experiments.

• Gumbel Softmax (Jang et al., 2017): Gradients from the reconstruction loss are propagated

to the inference network with the straight-through Gumbel estimator.

• REINFORCE (Williams, 1987): Gradients from reconstruction loss are propagated to the

inference network with ELBO as a reward function. This method has been used in previous

work for semi-supervised sequence generation (Miao and Blunsom, 2016; Yin et al., 2018),

but often suffers from instability issues.

We report the train and test ELBO along with task evaluations in Table 3.5, and plot the learning

curves on validation set in Figure 3.5.8 While being much simpler, we show that the stop-gradient

trick produces superior ELBO over Gumbel Softmax and REINFORCE. This result suggests that

stopping gradient helps better optimize the likelihood objective under our probabilistic formulation

in comparison with other optimization techniques that propagate gradients, which is counter-

intuitive. A likely explanation is that as a gradient estimator, while clearly biased, stop-gradient

has substantially reduced variance. In comparison with other techniques that offer reduced bias

but extremely high variance when applied to our model class (which involves discrete sequences

as latent variables), stop-gradient actually leads to better optimization of our objective because it

achieves better balance of bias and variance overall.

8We remove REINFORCE from this figure since it is very difficult to stabilize training and obtain reasonable

results (e.g. the ELBO value is much worse than others in Table 3.5)
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3.6 Summary

We propose a probabilistic generative formulation that unites past work on unsupervised text style

transfer. We show that this probabilistic formulation provides a different way to reason about

unsupervised objectives in this domain. Our model leads to substantial improvements on five

text style transfer tasks, yielding bigger gains when the styles considered are more difficult to

distinguish.
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Chapter 4

Semi-Supervised NLG with Self-Training

The previous chapter explores label-efficiency of NLG in a fully unsupervised setting where no

annotated data is available. In practice, however, we often have a handful of annotated data and

abundant unannotated data. In this chapter, we study semi-supervised sequence generation where

we have a handful of annotated data and abundant annotated data, and we would like to improve

conditional generation performance with the extra unlabeled data. Specifically, this chapter will

focus on self-training, a simple technique to train a model on its own predictions. This work is

presented in:

• Junxian He*, Jiatao Gu* (equal contribution), Jiajun Shen, and Marc’Aurelio Ranzato.

Revisiting Self-Training for Neural Sequence Generation. In International Conference on

Learning Representations (ICLR), 2020

4.1 Introduction

Deep neural networks often require large amounts of labeled data to achieve good performance.

However, acquiring labels is a costly process, which motivates research on methods that can

effectively utilize unlabeled data to improve performance. Towards this goal, semi-supervised

learning (Chapelle et al., 2010) methods that take advantage of both labeled and unlabeled data

are a natural starting point. In the context of sequence generation problems, semi-supervised

approaches have been shown to work well in some cases. For example, back-translation (Sennrich

et al., 2016b) makes use of the monolingual data on the target side to improve machine translation

systems, latent variable models (Kingma et al., 2014) are employed to incorporate unlabeled

source data to facilitate sentence compression (Miao and Blunsom, 2016) or code generation (Yin
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et al., 2018).

In this work, we revisit a much older and simpler semi-supervised method, self-training

(ST, Scudder (1965)), where a base model trained with labeled data acts as a “teacher” to label

the unannotated data, which is then used to augment the original small training set. Then, a

“student” model is trained with this new training set to yield the final model. Originally designed

for classification problems, common wisdom suggests that this method may be effective only

when a good fraction of the predictions on unlabeled samples are correct, otherwise mistakes are

going to be reinforced (Zhu and Goldberg, 2009). In the field of natural language processing,

some early work have successfully applied self-training to word sense disambiguation (Yarowsky,

1995) and parsing (McClosky et al., 2006; Reichart and Rappoport, 2007; Huang and Harper,

2009).

However, self-training has not been studied extensively when the target output is natural

language. This is partially because in language generation applications (e.g. machine translation)

hypotheses are often very far from the ground-truth target, especially in low-resource settings.

It is natural to ask whether self-training can be useful at all in this case. While Ueffing (2006)

and Zhang and Zong (2016) explored self-training in statistical and neural machine translation,

only relatively limited gains were reported and, to the best of our knowledge, it is still unclear

what makes self-training work. Moreover, Zhang and Zong (2016) did not update the decoder

parameters when using pseudo parallel data noting that “synthetic target parts may negatively

influence the decoder model of NMT”.

In this work, we aim to answer two questions: (1) How does self-training perform in sequence

generation tasks like machine translation and text summarization? Are “bad” pseudo targets

indeed catastrophic for self-training? (2) If self-training helps improving the baseline, what

contributes to its success? What are the important ingredients to make it work?

Towards this end, we first evaluate self-training on a small-scale machine translation task and

empirically observe significant performance gains over the supervised baseline (§ 4.3.2), then

we perform a comprehensive ablation analysis to understand the key factors that contribute to its

success (§ 4.3.3). We find that the decoding method to generate pseudo targets accounts for part of

the improvement, but more importantly, the perturbation of hidden states – dropout (Hinton et al.,

2012) – turns out to be a crucial ingredient to prevent self-training from falling into the same local

optimum as the base model, and this is responsible for most of the gains. To understand the role

of such noise in self-training, we use a toy experiment to analyze how noise effectively propagates

labels to nearby inputs, sometimes helping correct incorrect predictions (§ 4.4.1). Motivated by

this analysis, we propose to inject additional noise by perturbing also the input. Comprehensive
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Algorithm 1 Classic Self-training

1: Train a base model fθ on L = {xi,yi}li=1

2: repeat
3: Apply fθ to the unlabeled instances U

4: Select a subset S ⊂ {(x, fθ(x))|x ∈ U}
5: Train a new model fθ on S ∪ L

6: until convergence or maximum iterations are reached

experiments on machine translation and text summarization tasks demonstrate the effectiveness of

noisy self-training.

4.2 Self-training

Formally, in conditional sequence generation tasks like machine translation, we have a parallel

dataset L = {xi,yi}li=1 and a large unlabeled dataset U = {xj}l+u
j=l+1, where |U | > |L| in most

cases. As shown in Algorithm 1, classic self-training starts from a base model trained with parallel

data L, and iteratively applies the current model to obtain predictions on unlabeled instances U ,

then it incorporates a subset of the pseudo parallel data S to update the current model.

There are two key factors: (1) Selection of the subset S. S is usually selected based on

some confidence scores (e.g. log probability) (Yarowsky, 1995) but it is also possible for S to be

the whole pseudo parallel data (Zhu and Goldberg, 2009). (2) Combination of real and pseudo

parallel data. A new model is often trained on the two datasets jointly as in back-translation,

but this introduces an additional hyper-parameter to weigh the importance of the parallel data

relative to the pseudo data (Edunov et al., 2018). Another way is to treat them separately –

first we train the model on pseudo parallel data S, and then fine-tune it on real data L. In our

preliminary experiments, we find that the separate training strategy with the whole pseudo parallel

dataset (i.e. S = {(x, fθ(x))|x ∈ U}) produces better or equal performance for neural sequence

generation while being simpler. Therefore, in the remainder of this chapter we use this simpler

setting. We include quantitative comparison regarding joint training, separate training, and pseudo-

parallel data filtering in Appendix 4.5.7, where separate training is able to match (or surpass) the

performance of joint training.

In self-training, the unsupervised loss LU from unlabeled instances is defined as:

LU = −Ex∼p(x)Ey∼pθ∗ (y|x) log pθ(y|x), (4.1)
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where p(x) is the empirical data distribution approximated with samples from S, pθ(y|x) is the

conditional distribution defined by the model. θ∗ is the parameter from the last iteration (initially

it is set as the parameter of the supervised baseline), and fixed within the current iteration. Eq. 4.1

reveals the connection between self-training and entropy regularization (Grandvalet and Bengio,

2004). In the context of classification, self-training can be understood from the view of entropy

regularization (Lee, 2013), which favors a low-density separation between classes, a commonly

assumed prior for semi-supervised learning (Chapelle and Zien, 2005).

4.3 A Case Study on Machine Translation

To examine the effectiveness of self-training on neural sequence generation, we start by analyzing

a machine translation task. We then perform ablation analysis to understand the contributing

factors of the performance gains.

4.3.1 Setup

We work with the standard WMT 2014 English-German dataset consisting of about 3.9 million

training sentence pairs after filtering long and imbalanced pairs. Sentences are encoded using

40K byte-pair codes (Sennrich et al., 2016d). As a preliminary experiment, we randomly sample

100K sentences from the training set to train the model and use the remaining English sentences

as the unlabeled monolingual data. For convenience, we refer to this dataset as WMT100K. Such

synthetic setting allows us to have high-quality unlabeled data to verify the performance of self-

training. We train with the Base Transformer architecture (Vaswani et al., 2017) and dropout rate at

0.3. Full training and optimization parameters can be found in § 4.5.1. All experiments throughout

this chapter including the transformer implementation are based on the fairseq toolkit (Ott et al.,

2019), and all results are in terms of case-sensitive tokenized BLEU (Papineni et al., 2002). We

use beam search decoding (beam size 5) to create the pseudo targets and to report BLEU on test

set.

4.3.2 Observations

In Figure 4.1, we use green bars to show the result of applying self-training for three iterations.

We include both (1) pseudo-training (PT): the first step of self-training where we train a new

model (from scratch) using only the pseudo parallel data generated by the current model, and
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Figure 4.1: BLEU on WMT100K dataset from the supervised baseline and different self-training

variants. We plot the results over 3 iterations. “ST” denotes self-training while “NST” denotes

noisy self training.

(2) fine-tuning (FT): the fine-tuned system using real parallel data based on the pretrained model

from the PT step. Surprisingly, we find that the pseudo-training step at the first iteration is able to

improve BLEU even if the model is only trained on its own predictions, and fine-tuning further

boosts the performance. The test BLEU keeps improving over the first three iterations, until

convergence to outperform the initial baseline by 3 BLEU points.

This behaviour is unexpected because no new information seems to be injected during this

iterative process – target sentences of the monolingual data are from the base model’s predictions,

thus translation errors are likely to remain, if not magnified. This is different from back-translation

where new knowledge may originate from an additional backward translation model and real

monolingual targets may help the decoder generate more fluent sentences.

One straightforward hypothesis is that the added pseudo-parallel data might implicitly change

the training trajectory towards a (somehow) better local optimum, given that we train a new model

from scratch at each iteration. To rule out this hypothesis, we perform an ablation experiment and

initialize θ from the last iteration (i.e. θ∗). Formally, based on Eq. 4.1 we have:

∇θLU |θ=θ∗ = −Ex∼p(x)

[
∇θEy∼pθ∗ (y|x) log pθ(y|x)|θ=θ∗

]
= 0, (4.2)

because the conditional log likelihood is maximized when pθ(y|x) matches the underlying data

distribution pθ∗(y|x). Therefore, the parameter θ should not (at least not significantly) change if

we initialize it with θ∗ from the last iteration.
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Table 4.1: Test tokenized BLEU on WMT100K. Self-training results are from the first iteration.

“Scratch” denotes that the system is initialized randomly and trained from scratch, while “baseline”

means it is initialized with the baseline model.

Methods PT FT

baseline – 15.6

ST (scratch) 16.8 17.9

ST (baseline) 16.5 17.5

Table 4.2: Ablation study on WMT100K data. For ST and noisy ST, we initialize the model with

the baseline and results are from one single iteration. Dropout is varied only in the PT step, while

dropout is always applied in FT step. Different decoding methods refer to the strategy used to

create the pseudo target. At test time we use beam search decoding for all models.

Methods PT FT

baseline – 15.6

baseline (w/o dropout) – 5.2

ST (beam search, w/ dropout) 16.5 17.5

ST (sampling, w/ dropout) 16.1 17.0

ST (beam search, w/o dropout) 15.8 16.3

ST (sampling, w/o dropout) 15.5 16.0

Noisy ST (beam search, w/o dropout) 15.8 17.9

Noisy ST (beam search, w/ dropout) 16.6 19.3

Table 4.1 shows the comparison results of these two initialization schemes at the first iteration.

Surprisingly, continuing training from the baseline model also yields an improvement of 1.9

BLEU points, comparable to initializing from random. While stochastic optimization introduces

randomness in the training process, it is startling that continuing training gives such a non-trivial

improvement. Next, we investigate the underlying reasons for this.
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4.3.3 The Secret Behind Self-Training

To understand why continuing training contradicts Eq. 4.2 and improves translation performance,

we examine possible discrepancies between our assumptions and the actual implementation, and

formulate two new hypotheses:

H1. Decoding Strategy. According to this hypothesis, the gains come from the use of beam

search for decoding unlabeled data. Since our focus is a sequence generation task, we decode

y with beam search to approximate the expectation in Ey∼pθ∗ (y|x) log pθ(y|x), yielding a biased

estimate, while sampling decoding would result in an unbiased Monte Carlo estimator. The results

in Table 4.2 demonstrate that the performance drops by 0.5 BLEU when we change the decoding

strategy to sampling, which implies that beam search does contribute a bit to the performance

gains. This phenomenon makes sense intuitively since beam search tends to generate higher-

quality pseudo targets than sampling, and the subsequent cross-entropy training might benefit

from implicitly learning the decoding process. However, the decoding strategy hypothesis does

not fully explain it, as we still observe a gain of 1.4 BLEU points over the baseline from sampling

decoding with dropout.

H2. Dropout (Hinton et al., 2012). Eq. 4.1 and Eq. 4.2 implicitly ignore a (seemingly) small

difference between the model used to produce the pseudo targets and the model used for training:

at test/decoding time the model does not use dropout while at training time dropout noise is

injected in the model hidden states. At training time, the model is forced to produce the same

(pseudo) targets given the same set of inputs and the same parameter set but various noisy versions

of the hidden states. The conjecture is that the additional expectation over dropout noise renders

Eq. 4.2 false. To verify this, we remove dropout in the pseudo training step1. The results in

Table 4.2 indicate that without dropout the performance of beam search decoding drops by 1.2

BLEU, just 0.7 BLEU higher than the baseline. Moreover, the pseudo-training performance

of sampling without dropout is almost the same as the baseline, which finally agrees with our

intuitions from Eq. 4.2.

In summary, Table 4.2 suggests that beam-search decoding contributes only partially to the

performance gains, while the implicit perturbation – dropout – accounts for most of it. However,

it is still mysterious why such perturbation results in such large performance gains. If dropout is

meant to avoid overfitting and fit the target distribution better in the pseudo-training step, why

1During finetuning, we still use dropout.
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Table 4.3: Results on the toy sum dataset. For ST and noisy ST, smoothness (↓) and symmetric

(↓) results are from the pseudo-training step, while test errors (↓) are from fine-tuning, all at the

first iteration.

Methods smoothness symmetric error

baseline 9.1 9.8 7.6

ST 8.2 9.0 6.2

noisy ST 7.3 8.2 4.5

does it bring advantages over the baseline given that the target distribution is from the baseline

model itself ? This is the subject of the investigation in the next section.

4.4 Noise in Self-Training

4.4.1 The Role of Noise

One hypothesis as to why noise (perturbation) is beneficial for self-training, is that it enforces

local smoothness for this task, that is, semantically similar inputs are mapped to the same or

similar targets. Since the assumption that similar input should ideally produce similar target

largely holds for most tasks in practice, this smoothing effect of pseudo-training step may provide

a favorable regularization for the subsequent fine-tuning step. Unlike standard regularization in

supervised training which is local to the real parallel data, self-training smooths the data space

covered by the additional and much larger monolingual data.

To verify this hypothesis more easily, we work with the toy task of summing two integers in

the range 0 to 99. We concatenate the two integers and view them as a sequence of digits, the sum

is also predicted at the digit level, thus this is still a sequence to sequence task. There are 10000

possible data points in the entire space, and we randomly sample 250 instances for training,2 100

for validation, 5000 for test, and 4000 as the unlabeled data. Test errors are computed as the

absolute difference between the predicted integer and the ground-truth integer. We use an LSTM

model to tackle this task. We perform self-training for one iteration on this toy sum dataset and

initialize the model with the base model to rule out differences due to the initialization. Setup

2We choose 250 instances since we find that 500 training samples already yields perfect performance on this task.

However, we want to mimic real seq2seq tasks where the supervised models are often far from perfect.
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Figure 4.2: Two examples of error heat map on the toy sum dataset that shows the effect of

smoothness. The left panel of each composition is from the baseline, and the right one is from the

pseudo-training step at the first iteration. x and y axes represent the two input integers. Deeper

color represent larger errors.

details are in § 4.5.1.

For any integer pair (x1, x2), we measure local smoothness as the standard deviation of the

predictions in a 3 × 3 neighborhood of (x1, x2). These values are averaged over all the 10000

points to obtain the overall smoothness. We compare smoothness between baseline and ST

pseudo-training in Table 4.3. To demonstrate the effect of smoothing on the fine-tuning step,

we also report test errors after fine-tuning. We observe that ST pseudo-training attains better

smoothness, which helps reducing test errors in the subsequent fine-tuning step.

One natural question is whether we could further improve performance by encouraging even

lower smoothness value, although there is a clear trade-off, as a totally smooth model that outputs

a constant value is also a bad predictor. One way to decrease smoothness is by increasing the

dropout probability in the pseudo-training step, but a large dropout (like 0.5) makes the model too

unstable and slow at converging. Therefore, we consider a simple model-agnostic perturbation

process – perturbing the input, which we refer to as noisy self-training (noisy ST).

4.4.2 Noisy Self-Training

If we perturb the input during the pseudo-training step, then Eq. 4.1 would be modified to:

LU = −Ex′∼g(x),x∼p(x)Ey∼pθ∗ (y|x) log pθ(y|x
′), (4.3)

where g(x) is a perturbation function. Note that we apply both input perturbation and dropout

in the pseudo-training step for noisy ST throughout the chapter, but include ablation analysis in

§ 4.4.3. We first validate noisy ST in the toy sum task. We shuffle the two integers in the input

as the perturbation function. Such perturbation is suitable for this task since it would help the
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model learn the commutative law as well. To check that, we also measure the symmetry of the

output space. Specifically, for any point (x1, x2), we compute |f(x1, x2)− f(x2, x1)| and average

it over all the points. Both smoothness and symmetry values are reported in Table 4.3. While we

do not explicitly perturb the input at nearby integers, the shuffling perturbation greatly improves

the smoothness metric as well. Furthermore, predictions are more symmetric and test errors are

reduced.

In order to illustrate the effect of smoothness, in Figure 4.2 we show two examples of error heat

map.3 When a point with large error is surrounded by points with small errors, the labels might

propagate due to smoothing and its error is likely to become smaller, resulting in a “self-correcting”

behaviour, as demonstrated in the left example of Figure 4.2. However, the prediction of some

points might become worse due to the opposite phenomenon too, as shown in the right example

of Figure 4.2. Therefore, the smoothing effect by itself does not guarantee a performance gain in

the pseudo-training step, but fine-tuning benefits from it and seems to consistently improve the

baseline in all datasets we experiment with.

4.4.3 Observations on Machine Translation

Next, we apply noisy self-training to the more realistic WMT100 translation task. We try two

different perturbation functions: (1) Synthetic noise as used in unsupervised MT (Lample et al.,

2018b), where the input tokens are randomly dropped, masked, and shuffled. We use the default

noising parameters as in unsupervised MT but study the influence of noise level in § 4.5.4. (2)

Paraphrase. We translate the source English sentences to German and translate it back to obtain a

paraphrase as the perturbation. Figure 4.1 shows the results over three iterations. Noisy ST (NST)

greatly outperforms the supervised baseline by over 6 BLEU points and normal ST by 3 BLEU

points, while synthetic noise does not exhibit much difference from paraphrasing. Since synthetic

noise is much simpler and more general, in the remaining experiments we use synthetic noise

unless otherwise specified.

Next, we report an ablation analysis of noisy ST when removing dropout at the pseudo-training

step in Table 4.2. Noisy ST without dropout improves the baseline by 2.3 BLEU points and is

comparable to normal ST with dropout. When combined together, noisy ST with dropout produces

another 1.4 BLEU improvement, indicating that the two perturbations are complementary.

3Error heat map for the entire space can be found in Appendix 4.5.8.
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4.5 Experiments

Our experiments below are designed to examine whether the noisy self-training is generally

useful across different sequence generation tasks and resource settings. To this end, we conduct

experiments on two machine translation datasets and one text summarization dataset to test the

effectiveness under both high-resource and low-resource settings.

4.5.1 General Setup

We run noisy self-training for three iterations or until performance converges. The model is

trained from scratch in the pseudo-training step at each iteration since we found this strategy to

work slightly better empirically. In some settings, we also include back-translation (BT, Sennrich

et al., 2016b) as a reference point, since this is probably the most successful semi-supervised

learning method for machine translation. However, we want to emphasize that BT is not directly

comparable to ST since they use different resources (ST utilizes the unlabeled data on the source

side while BT leverages target monolingual data) and use cases. For example, BT is not very

effective when we translate English to extremely low-resource languages where there is almost no

in-domain target monolingual data available. We follow the practice in (Edunov et al., 2018) to

implement BT where we use unrestricted sampling to translate the target data back to the source.

Then, we train the real and pseudo parallel data jointly and tune the upsampling ratio of real

parallel data.

For all experiments, we optimize with Adam (Kingma and Ba, 2015) using β1 = 0.9, β2 =

0.98, ϵ = 1e − 8. All implementations are based on fairseq (Ott et al., 2019), and we basically

use the same learning rate schedule and label smoothing as in fairseq examples to train the

transformers.4 Except for the toy sum dataset which we run on a single GPU and each batch

contains 32 examples, all other experiments are run on 8 GPUs with an effective batch size of

33K tokens. All experiments are validated with loss on the validation set. For self-training or

noisy self-training, the pseudo-training takes 300K synchronous updates while the fine-tuning

step takes 100K steps. We use the downloading and preprocessing scripts in fairseq to obtain the

WMT 2014 English-German dataset,5 which hold out a small fraction of the original training data

as the validation set.

The model architecture for the toy sum dataset is a single-layer LSTM with word embedding

4https://github.com/pytorch/fairseq/blob/master/examples/translation.
5https://github.com/pytorch/fairseq/tree/master/examples/translation.
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Table 4.4: Results on two machine translation datasets. For WMT100K, we use the remaining

3.8M English and German sentences from training data as unlabeled data for noisy ST and BT,

respectively.

Methods
WMT English-German FloRes English-Nepali

100K (+3.8M mono) 3.9M (+20M mono) En-Origin Ne-Origin Overall

baseline 15.6 28.3 6.7 2.3 4.8

BT 20.5 – 8.2 4.5 6.5
noisy ST 21.4 29.3 8.9 3.5 6.5

size 32, hidden state size 32, and dropout rate 0.3. The model architecture of WMT10K baseline

in Figure 4.3a is a single layer LSTM with word embeddings size 256, hidden state size 256, and

dropout rate 0.3.

4.5.2 Machine Translation

We test the proposed noisy self-training on a high-resource translation benchmark: WMT14

English-German and a low-resource translation benchmark: FloRes English-Nepali.

• WMT14 English-German: In addition to WMT100K, we also report results with all 3.9M

training examples. For WMT100K we use the Base Transformer architecture, and the remaining

parallel data as the monolingual data. For the full setting, we use the Big Transformer architec-

ture (Vaswani et al., 2017) and randomly sample 20M English sentences from the News Crawl

corpus for noisy ST.

• FloRes English-Nepali: We evaluate noisy self-training on a low-resource machine translation

dataset FloRes (Guzmán et al., 2019) from English (en) to Nepali (ne), where we have 560K

training pairs and a very weak supervised system that attains BLEU smaller than 5 points. For

this dataset we have 3.6M Nepali monolingual instances in total (for BT) but 68M English

Wikipedia sentences.6 We randomly sample 5M English sentences for noisy ST. We use the

same transformer architecture as in (Guzmán et al., 2019).

The overall results are shown in Table 4.4. For almost all cases in both datasets, the noisy ST

outperforms the baselines by a large margin (1 ∼ 5 BLEU scores), and we see that noisy ST still

improves the baseline even when this is very weak.

6http://www.statmt.org/wmt19/parallel-corpus-filtering.html
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Table 4.5: Rouge scores on Gigaword datasets. For the 100K setting we use the remaining

3.7M training data as unlabeled instances for noisy ST and BT. In the 3.8M setting we use 4M

unlabeled data for noisy ST. Stared entry (∗) denotes that the system uses a much larger dataset

for pretraining.

Methods
100K (+3.7M mono) 640K (+3.2M mono) 3.8M (+4M mono)
R1 R2 RL R1 R2 RL R1 R2 RL

MASS (Song et al., 2019)∗ – – – – – – 38.7 19.7 36.0

baseline 30.4 12.4 27.8 35.8 17.0 33.2 37.9 19.0 35.2

BT 32.2 13.8 29.6 37.3 18.4 34.6 – – –

noisy ST 34.1 15.6 31.4 36.6 18.2 33.9 38.6 19.5 35.9

Effect of Domain Mismatch. Test sets of the FloRes benchmark were built with mixed original-

translationese – some sentences are from English sources and some are from Nepali sources.

Intuitively, English monolingual data should be more in-domain with English-origin sentences

and Nepali monolingual data should help more for Nepali-origin sentences. To demonstrate this

possible domain-mismatch effect, in Table 4.4 we report BLEU on the two different test sets

separately.7 As expected, ST is very effective when the source sentences originate from English.

Comparison to Back-Translation. Table 4.4 shows that noisy ST is able to beat BT on

WMT100K and on the en-origin test set of FloRes. In contrast, BT is more effective on the

ne-origin test set according to BLEU, which is not surprising as the ne-origin test is likely to

benefit more from Nepali than English monolingual data.

4.5.3 Text Summarization

We further evaluate noisy self-training on the Gigaword summarization dataset (Rush et al., 2015)

that has 3.8M training sentences. We encode the data with 30K byte-pair codes and use the

Base Transformer architecture. Similar to the setting of WMT100K, for Gigaword we create two

settings where we sample 100K or 640K training examples and use the remaining as unlabeled

data to compare with BT. We also consider the setting where all the 3.8M parallel samples are

used and we mine in-domain monolingual data by revisiting the original preprocessing procedure8

and using the ∼4M samples that Rush et al. (2015) disregarded because they had low-quality

7Test set split is obtained through personal communication with the authors.
8https://github.com/facebookarchive/NAMAS
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Figure 4.3: Analysis of noisy self-training on WMT English-German dataset, demonstrating the

effect of parallel data size, monolingual data size, and noise level.

targets. We report ROUGE scores (Lin, 2004) in Table 4.5. Noisy ST consistently outperforms

the baseline in all settings, sometimes by a large margin (100K and 640K). It outperforms BT

with 100K parallel data but underperforms with 640K parallel data. We conjecture that BT is still

effective in this case because the task is still somewhat symmetric as Gigaword mostly contains

short sentences and their compressed summaries. Notably, noisy ST in the full setting approaches

the performance of state-of-the-art systems which use much larger datasets for pretraining (Song

et al., 2019).

4.5.4 Analysis

In this section, we focus on the WMT English-German dataset to examine the effect of three

factors on noisy self-training: the size of the parallel dataset, the size of the monolingual dataset,

and the noise level. All the noisy ST results are after the fine-tuning step.

Parallel data size. We fix the monolingual data size as 20M from News Crawl dataset, and

vary the parallel data size as shown in Figure 4.3a. We use a small LSTM model for 10K, Base

Transformer for 100K/640K, and Big Transformer for 3.9M.9 Noisy ST is repeated for three

iterations. We see that in all cases noisy ST is able to improve upon the baseline, while the

performance gain is larger for intermediate value of the size of the parallel dataset, as expected.

Monolingual data size. We fix the parallel data size to 100K samples, and use the rest 3.8M

English sentences from the parallel data as monolingual data. We sample from this set 100K,

9These architectures are selected based on validation loss.
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500K, 1.5M, and 3.8M sentences. We also include another point that uses 20M monolingual

sentences from a subset of News Crawl dataset. We report performance at the first iteration of

noisy ST. Figure 4.3b illustrates that the performance keeps improving as the monolingual data

size increases, albeit with diminishing returns.

Noise level. We have shown that noisy ST outperforms ST, but intuitively larger noise must not

always be better since at some point it may destroy all the information present in the input. We

adopt the WMT100K setting with 100K parallel data and 3.8M monolingual data, and set the word

blanking probability in the synthetic noise (Lample et al., 2018b) to 0.2 (default number), 0.4, 0.6,

and 0.8. We also include the baseline ST without any synthetic noise. Figure 4.3c demonstrates

that performance is quite sensitive to noise level, and that intermediate values work best. It is

still unclear how to select the noise level a priori, besides the usual hyper-parameter search to

maximize BLEU on the validation set.

4.5.5 Noise Process on Parallel Data Only

In this section, we justify whether the proposed noisy self-training process would help the

supervised baseline alone without the help of any monolingual data. Similar to the training

process on the monolingual data, we first train the model on the noisy source data (pseudo-

training), and then fine-tune it on clean parallel data. Different from using monolingual data,

there are two variations here in the “pseudo-training” step: we can either train with the fake target

predicted by the model as on monolingual data, or train with the real target paired with noisy

source. We denote them as “parallel + fake target” and “parallel + real target” respectively, and

report the performance on WMT100K in Table 4.6. We use the same synthetic noise as used in

previous experiments.

When applying the same noise process to parallel data using fake target, the smoothing effect

is not significant since it is restricted into the limited parallel data space, producing marginal

improvement over the baseline (+0.4 BLEU). As a comparison, 100K monolingual data produces

+1.0 BLEU and the effect is enhanced when we increase the monolingual data to 3.8M, which

leads to +3.7 BLEU. Interestingly, pairing the noisy source with real target results in much worse

performance than the baseline (-4.3 BLEU), which implies that the use of fake target predicted by

the model (i.e. distillation) instead of real target is important for the success of noisy self-training,

at least in the case where parallel data size is small. Intuitively, the distilled fake target is simpler

and relatively easy for the model to fit, but the real target paired with noisy source makes learning
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Table 4.6: Results on WMT100K data. All results are from one single iteration. “Parallel +

real/fake target” denotes the noise process applied on parallel data but using real/fake target in the

“pseudo-training” step. “Mono + fake target” is the normal noisy self-training process described

in previous sections.

Methods PT FT

parallel baseline – 15.6

noisy ST, 100K mono + fake target 10.2 16.6

noisy ST, 3.8M mono + fake target 16.6 19.3

noisy ST, 100K parallel + real target 6.7 11.3

noisy ST, 100K parallel + fake target 10.4 16.0

even harder than training with real target and real source, which might lead to a bad starting point

for fine-tuning. This issue would be particularly severe when the parallel data size is small, in that

case the model would have difficulties to fit real target even with clean source.

4.5.6 Justification of the WMT100K Baseline

We provide more details and evidence to show that our baseline model on WMT100K dataset is

trained properly. In all the experiments on WMT100K dataset including baseline and self-training

ones, we use Adam optimizer with learning rate 0.0005, which is defaulted in fairseq. We do not

use early stop during training but select the best model in terms of the validation loss. We train

with 30K update steps for the baseline model and (300K pseudo-training + 100K fine-tuning)

update steps for self-training. In both cases we verified that the models are trained sufficiently to

fully converge through observing the increase of validation loss. Figure 4.4 shows the validation

curve of the baseline model. Note that the model starts to overfit, and we select the model

checkpoint at the lowest point. We also varied the learning rate hyperparameter as 0.0002, 0.0005,

and 0.001, which produced BLEU score 15.0, 15.6 (reported in the paper), and 15.5 respectively –

our baseline model in previous sections obtained the best performance.

4.5.7 Comparison regarding separate training, joint training, and filtering

In the paper we perform self-training with separate pseudo-training and fine-tuning steps and

always use all monolingual data. However, there are other variants such as joint training or
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Figure 4.4: Validation loss v.s. number of update steps, for the baseline model on WMT100K

dataset.

Table 4.7: Ablation analysis on WMT100K dataset.

Methods BLEU

baseline 15.6

noisy ST (separate training, all data) 21.8

noisy ST (separate training, filtering) 21.6

noisy ST (joint training, all data) 18.8

noisy ST (joint training, filtering) 20.0

iteratively adding confident examples. Here we compare these variants on WMT100K dataset,

noisy self-training uses paraphrase as the perturbation function. For joint training, we tune the

upsampling ratio of parallel data just as in back-translation (Edunov et al., 2018). We perform

noisy self-training for 3 iterations, and for filtering experiments we iteratively use the most

confident 2.5M, 3M, and 3.8M monolingual data respectively in these 3 iterations. Table 4.7

shows that the filtering process helps joint training but still underperforms separate-training

methods by over 1.5 BLEU points. Within separate training filtering produces comparable results

to using all data. Since separate training with all data is the simplest method and produces the

best performance, we stick to this version in the paper.
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4.5.8 Additional results on the toy sum dataset

We additionally show the error heat maps of the entire data space on the toy sum datasets for

the first two iterations. Here the model at pseudo-training step is initialized as the model from

last iteration to clearly examine how the decodings change due to injected noise. As shown in

Figure 4.5, for each iteration the pseudo-training step smooths the space and fine-tuning step

benefits from it and greatly reduces the errors

4.6 Related Work

Self-training belongs to a broader class of “pseudo-label” semi-supervised learning approaches.

These approaches all learn from pseudo labels assigned to unlabeled data, with different methods

on how to assign such labels. For instance, co-training (Blum and Mitchell, 1998) learns models

on two independent feature sets of the same data, and assigns confident labels to unlabeled data

from one of the models. Co-training reduces modeling bias by taking into account confidence

scores from two models. In the same spirit, democratic co-training (Zhou and Goldman, 2004) or

tri-training (Zhou and Li, 2005) trains multiple models with different configurations on the same

data feature set, and a subset of the models act as teachers for others.

Another line of more recent work perturb the input or feature space of the student’s inputs as

data augmentation techniques. Self-training with dropout or noisy self-training can be viewed as an

instantiation of this. These approaches have been very successful on classification tasks (Rasmus

et al., 2015; Miyato et al., 2017; Laine and Aila, 2017; Miyato et al., 2019; Xie et al., 2019) given

that a reasonable amount of predictions of unlabeled data (at least the ones with high confidence)

are correct, but their effect on language generation tasks is largely unknown and poorly understood

because the pseudo language targets are often very different from the ground-truth labels. Recent

work on sequence generation employs auxiliary decoders (Clark et al., 2018a) when processing

unlabeled data, overall showing rather limited gains.

4.7 Summary

In this chapter we revisit self-training for neural sequence generation, and show that it can be an

effective method to improve generalization, particularly when labeled data is scarce. Through

a comprehensive ablation analysis and synthetic experiments, we identify that noise injected

during self-training plays a critical role for its success due to its smoothing effect. To encourage
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this behaviour, we explicitly perturb the input to obtain a new variant of self-training, dubbed

noisy self-training. Experiments on machine translation and text summarization demonstrate the

effectiveness of this approach in both low and high resource settings.
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(a) Baseline
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(b) noisy ST (PT, iter=1)
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(c) noisy ST (FT, iter=1)
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(d) noisy ST (PT, iter=2)
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(e) noisy ST (FT, iter=2)

Figure 4.5: Error heat maps on the toy sum dataset over the first two iterations. Deeper color

represent larger errors.
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Chapter 5

Prompt consistency for Zero-Shot Task
Generalization

The previous chapter studies noisy self-training as a form of consistency regularization for semi-

supervised learning. In this chapter we extend this example-level consistency to prompt-level

consistency in an appealing unsupervised setting: zero-shot task generalization. Specifically, a

model is trained on annotated data from a set of tasks and is directly applied to other unseen

tasks at test time, where we have a few unlabeled examples from the test tasks. Different tasks

could have very different data formats traditionally, and thus zero-shot task generalization is

considered very challenging. Recently, this becomes possible due to prompting techniques that

unify the data format of different tasks as a text generation task. In this chapter, we regularize

a consistency loss between synonymous prompts for the same unlabeled example, and achieve

gains in an unsupervised manner. This work is presented in:

• Chunting Zhou*, Junxian He* (equal contribution), Xuezhe Ma, Taylor Berg-Kirkpatrick

and Graham Neubig. Prompt Consistency for Zero-Shot Task Generalization. Preprint

2022.

5.1 Introduction

While the past decade has demonstrated that pretrained language models (PLMs) are powerful

tools for improving generalization from training datasets to test datasets (Devlin et al., 2019b; Liu

et al., 2019a; Raffel et al., 2020), more recent work has shown that they can even perform zero-shot

generalization to new tasks without any annotated examples (Brown et al., 2020; Wei et al., 2022;
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Sanh et al., 2022). These systems leverage natural language prompts that specify the task for

the model and represent different tasks in a unified format (Liu et al., 2021a). Zero-shot task

generalization suggests a path towards generic systems that perform a wide variety of NLP tasks

with no annotated examples. However, while enticing conceptually, zero-shot performance often

remains relatively low compared to systems trained using even a small amount of task-specific

labeled data.

In this chapter, we examine methods to make PLMs better zero-shot learners using unlabeled

text. Our work is motivated by consistency training methods that regularize model predictions

to be invariant to perturbation (e.g. noise or paraphrasing) of the input examples. Consistency

training is widely used in semi-supervised learning literature as an effective technique to utilize

unannotated examples (Bachman et al., 2014; Sajjadi et al., 2016; Beyer et al., 2019; Xie et al.,

2020a). It is often understood as a type of smoothness regularization or data augmentation (Xie

et al., 2020a) and attains strong performance in semi-supervised learning. Instead of example-

level consistency, we propose to regularize prompt consistency, where a model is regularized to

make the same prediction across a diverse set of synonymous task prompts. Prompt consistency

regularization makes sense intuitively since PLMs should be robust across synonymous prompts,

whereas it is known that model predictions are empirically very sensitive to the wording of the

task prompts (Jiang et al., 2020).

Specifically, we design a pairwise distillation loss that encourages consistency between every

pair of prompts (Figure 5.1). We refer to our method as swarm distillation, and it has the advantage

of being fully unsupervised, only requiring unannotated inputs. Notably, unannotated examples

are often relatively easy to collect. Drafting several prompts for a task is also far cheaper than

annotating labels for each example – in fact, there are already well-designed prompts available for

a wide range of NLP tasks (Bach et al., 2022).

Previous work on example-level consistency regularization typically minimizes a consistency

loss along with a supervised loss in a semi-supervised setting (Miyato et al., 2019; Xie et al.,

2020a). Recently, Elazar et al. (2021) performed experiments optimizing a prompt consistency

loss in the context of a relation prediction task, also incorporating a supervised version of the

masked language model pretraining objective. In contrast, we (1) optimize a novel prompt

consistency loss alone, making our approach completely unsupervised and agnostic to the model’s

pretraining objective, and (2) experiment on and demonstrate the practicality of such an approach

for a broad variety of NLP tasks. Notably, this unsupervised setting poses additional learning

challenges: without explicit supervision, the model may suffer from catastrophic forgetting and

even exhibit a form of collapse where the model always makes the same predictions for any
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Sentence: proves once again he has 
n't lost his touch , bringing off 
a  superb  performance  in  an 
admittedly middling film . 

{Sentence}
Question: Was that sentence 
positive or negative? Answer:

Does the following sentence have 
a positive or negative sentiment?
{Sentence}

Someone sent me an email with 
the sentence {Sentence}. Do you 
think they are feeling good or 
bad?

Someone just said to me 
{Sentence}.
Do you think they are sad or 
happy?

PLM

Unlabeled Input Apply Multiple Task Prompts Predict Prompt-Formatted Target

Positive

Negative

Happy

Good

Swarm Distillation

<latexit sha1_base64="Z1SJ1kA7mZ1vAeNcfqjqU168mTQ="></latexit>

r(i), r(j) ⇠ p(r)

<latexit sha1_base64="Db0BD9jMKdugd5lv/WDG1H3NVvs="></latexit>

ŷ ⇠ q̂(y|x, r(i))

<latexit sha1_base64="iLT6m02wzTUeM9Ouz1ffJYQXzdo="></latexit>

log p✓(r
(j)
y (ŷ)|r(j)x (x))

1. Sample pairs of prompts

2. Pseudo soft target from  
<latexit sha1_base64="iNoExZyc5PNYe0S1DuqYfMbHyRM="></latexit>

r(i)

3. Distill to 
<latexit sha1_base64="VdjH7YyWOxiSYXh+ILu2NLD87nA="></latexit>

r(j)

Figure 5.1: An example of the proposed approach in an sentiment classification task. We

apply multiple synonymous prompt templates to the unlabeled example, then we regularize the

consistency of the predictions from different prompts, through our swarm distillation loss. Note

that we are not regularizing the predicted text form r
(i)
y (y) to be the same since different prompts

have different target templates as shown above – we are actually regularizing the discrete labels y

underneath to be consistent, as detailed in Eq. 5.2.

input. To address this issue, we adopt two simple strategies: (1) we utilize parameter-efficient

tuning techniques (Houlsby et al., 2019; He et al., 2022) to only update a small number of extra

parameters, naturally mitigating catastrophic forgetting by fixing the original PLM parameters; (2)

we propose an unsupervised criterion to select the model checkpoint before it falls into a collapsed

local optimum.

In experiments, we build our method on top of a state-of-the-art zero-shot task learner,

T0 (Sanh et al., 2022), and validate its performance on 11 datasets from 4 NLP tasks: natural

language inference, coreference resolution, word sense disambiguation, and sentence completion.

We perform experiments under two secenarios: (1) training the model with unlabeled training

data; or (2) tuning the model with unlabeled test inputs directly. In both settings, we show that

our swarm distillation method improves the accuracy of the 3B-parameter T0 model on 9 out of

11 datasets by up to 10.6 absolute points. We further scale model size up to 11B parameters, and

demonstrate that our approach outperforms the 11B-parameter T0 model on 4 out of 4 datasets.

Remarkably, analysis implies that these gains are often possible with only tens of examples,

suggesting a small computation overhead.
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5.2 Prompt-based Zero-Shot Task Generalization

Given a task where the input is denoted as x ∈ X and the goal is to predict y ∈ Y , we focus on the

zero-shot task generalization setting: we aim to feed a PLM with x to predict y, where the PLM

is never trained on the specific task to be performed. Zero-shot task generalization goes beyond

traditional dataset generalization, as the model must generalize to new functions f : X → Y as

opposed to new input examples, x. Recently, the development of prompting methods has advanced

zero-shot task generalization by representing different tasks in a unified format (Liu et al., 2021a),

and several prompt-based approaches have attained reasonable zero-shot performance (Brown

et al., 2020; Sanh et al., 2022; Wei et al., 2022).

A prompt r consists of an input template rx, an output template ry, and metadata to re-format

the original x and y into new prompt-formatted input and target, rx(x) and ry(y). For example,

as shown in Figure 5.1, in a sentiment classification task where we must predict positive or

negative sentiment of the text, the input includes the field Sentence and the target consists of

the field Label. An input template could be “Does the following sentence have a positive or

negative sentiment? {Sentence}”, and the target template is “Choices[{label}]”. Here

Choices is the metadata that is a list containing [Positive, Negative] to correspond to the

digit labels. We note that such metadata is prompt-specific and can differ with different prompts

for the same task – for instance, in Figure 5.1 the four prompts actually have three different

Choices lists; the Choices list of the last prompt on the bottom is [Good, Bad]. In prompt-

based approaches the PLM models the conditional probability q(y|x, r) through pθ(ry(y)|rx(x))
where θ denotes the model parameters. In classification tasks where Y is a finite label set, q(y|x, r)
is normalized over the possible labels at inference time to predict y:

q(y|x, r) = pθ(ry(y)|rx(x))∑
y′∈Y pθ(ry(y′)|rx(x))

. (5.1)

In generation tasks where Y is an infinite sequence space, the target template is typically instan-

tiated as the target itself, i.e. pθ(ry(y)|rx(x)) = pθ(y|rx(x)), then the output can be directly

decoded through sequence decoding approaches. Through designing such prompts for each task,

all NLP tasks share the same data format, and models trained on one task may generalize to others.

64



5.3 Prompt Consistency Training

5.3.1 Problem Definition

In this chapter, we aim to explore unannotated examples to improve prompt-based zero-shot task

generalization. Formally, we are given an unlabeled dataset in the task of interest {x1,x2, · · · ,xN},
and we assume the dataset has K different prompts, {(r(1)x , r

(1)
y ), · · · , (r(K)

x , r
(K)
y )}. Our goal is to

utilize these resources and adapt a PLM to predict ry(y) conditioned on rx(x). Unlabeled inputs

are often available in practice, we consider two such scenarios in the chapter.

First, we consider the case when unannotated examples from a non-test set are available. For

many NLP tasks their inputs are plain text such as reviews, documents, or questions and can be

easily collected (less so for other NLP tasks, like natural language inference the inputs are paired

hypotheses and premises that can be non-trivial to obtain automatically). In this chapter, we test

this setting by utilizing the inputs of the training dataset.

Second is the case when unannotated test inputs are available. This is almost always true

for any task. We use the test split to mimic the setting. While the limited number of unlabeled

examples could potentially limit the effectiveness of some unsupervised learning methods, we

show in § 5.4.4 that our method is effective even with tens to hundreds of unlabeled examples.

On the other hand, a diverse set of prompts is not exceedingly difficult to collect practically –

drafting prompts for each task is easier than annotating labels for a large number of examples.

In fact, the community efforts have pushed out a Public Pool of Prompts (P3)1 that contains

thousands of prompts for hundreds of NLP datasets already (Bach et al., 2022).

5.3.2 The Prompt Consistency Loss

Consistency regularization is a method that creates different views (e.g. paraphrases of text) of the

input and regularizes the outputs to be close to each other, and has achieved significant success

in semi-supervised learning (Clark et al., 2018b; Xie et al., 2020a,b). While previous methods

use an additional module to perturb each example and then optimize example-level consistency,

we propose to optimize prompt-level consistency which (1) is conceptually simple, and (2) can

mitigate the fact that the predictions of PLMs are typically inconsistent with different prompts

for the same task (Jiang et al., 2020; Elazar et al., 2021). Intuitively, we propose to regularize

the predictions of different prompts for a given input to be close to each other, using a pairwise

1https://github.com/bigscience-workshop/promptsource
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distillation loss to draw the predictions from one prompt closer to those from the other. Concretely,

we randomly sample a few pairs of prompts and distill the pseudo target ŷ from one prompt r(i)

to the other prompt r(j), as illustrated in Figure 5.1. The loss function is defined as:

L = −Ex∼pd(x)Er(i),r(j)∼p(r)

Eŷ∼q̂(y|x,r(i)) log pθ(r
(j)
y (ŷ)|r(j)x (x)),

(5.2)

where pd(x) is the empirical data distribution, p(r) is a uniform distribution over possible prompts

in the prompt set, and q̂(y|x, r) is the conditional target distribution defined as in Eq. 5.1 but with

a stopping gradient operator. We do not propagate gradients to q̂(y|x, r(i)) following Miyato et al.

(2019) and Xie et al. (2020a).2 Stopping the gradient of one side in a pairwise consistency loss is

also shown to help mitigate the collapse issue where all inputs lead to the same predictions (Chen

and He, 2021). Different from traditional distillation that distills from a teacher model to a student

model (Hinton et al., 2015), or previous consistency training that a single teacher distills to several

students (Clark et al., 2018b; Xie et al., 2020a), we perform distillation among a swarm of prompts

where each prompt is a teacher and student at the same time, thus we term our method as swarm

distillation. In our implementation, we approximate the expectation over the paired prompts

(r(i), r(j)) with k randomly sampled pairs instead of enumerating all pairs for training efficiency.

Prompt consistency is related to example-level consistency when viewing different prompt-

formatted inputs r
(i)
x (x) as separated views of the same example, thus our swarm distillation

approach shares spirit with previous work on example-level consistency training and can be

understood similarly from the perspective of unsupervised data augmentation, smoothness regu-

larization, or label propagation (Xie et al., 2020a). In this chapter, we focus on classification tasks

where Y is a finite label set, while Eq. 5.2 can be directly applied to sequence generation tasks as

well with sequence distillation (Kim and Rush, 2016).

Our approach differs from previous consistency training methods which often combine an

unsupervised consistency loss with a supervised loss in a semi-supervised setting (Miyato et al.,

2019; Clark et al., 2018b; Xie et al., 2020a). Elazar et al. (2021) try to improve prompt consistency

for a relation filling task with a pairwise two-sided KL divergence loss, while they also optimize

a supervised version of the original PLM objective that turns out to be important. In contrast,

our approach minimizes the swarm distillation loss in Eq. 5.2 alone, and therefore is completely

unsupervised and agnostic to the pretraining objective. However, this setting also poses challenges

in learning, which we discuss next.

2Note that q̂(y|x, r) still changes as we train the model.
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Figure 5.2: A diagram of LoRA in the FFN sublayer. Only the LoRA parameters, A and B, are

updated during training while other parameters are fixed.

5.3.3 Training

Being trained without explicit supervision, the PLM may forget what it learns during pretraining

since the unsupervised consistency loss is different from the pretraining objective. Also, we note

that prompt consistency may be achieved with a trivial solution – if the predictions from each

example and each prompt collapse to the same label then maximal consistency among prompts

can be reached. To mitigate such catastrophic forgetting and collapse issues, we propose two

techniques:

Parameter-efficient tuning: It has recently been observed that updating a small number of

added parameters in a PLM is able to achieve comparable performance to tuning all the param-

eters (Houlsby et al., 2019; Li and Liang, 2021b; Hu et al., 2022; He et al., 2022). Parameter-

efficient tuning methods naturally mitigate catastrophic forgetting and collapse through fixing

the original PLM parameters. Specifically, we use LoRA (Hu et al., 2022), a low-rank adaptation

method for PLMs. As shown in Figure 5.2, LoRA learns a low-rank approximation of the pre-

trained matrix updates: given a pretrained weight matrix W ∈ Rd×m, LoRA learns to update it as

W ← W + αBA, where B ∈ Rd×b, A ∈ Rb×m are low-rank matrices and α is a hyperparameter,

and only B and A are updated during training. b≪ d is referred to as the bottleneck dimension.

Following He et al. (2022), we apply LoRA to the feed-forward weight matrices of every layer

in the pretrained transformer (Vaswani et al., 2017) model. In our preliminary experiments, we

found that LoRA is less likely to suffer from collapse, while we still observe collapse sometimes.

This motivates us to develop a criterion to select the model checkpoint before the model falls into

a collapsed local optimum, which we describe next.

Unsupervised model selection criterion: In supervised learning, model selection is typically

performed on a held-out validation set using supervised metrics. However, our zero-shot setting
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requires to develop an unsupervised selection criterion. Intuitively, it is straightforward to use

a consistency metric as the criterion since we are optimizing towards prompt consistency, but a

naive consistency metric would reach its maximum when the model is collapsed. Therefore, we

would like to have a metric that encourages consistency but simultaneously penalizes collapse.

With that in mind, we focus on Fleiss’ kappa (Fleiss, 1971), a commonly used metric to assess the

reliability of agreement between a fixed number of raters. In our setting, Fleiss’ kappa expresses

the extent to which the amount of agreement among prompts exceeds what would be expected

if all prompts made their predictions according to the marginalized distribution of labels. This

design naturally penalizes collapse and is computing a notion of “relative consistency”. Formally,

let nij be the number of prompts that predict the j-th label for the i-th example. There are a

total of NK predictions where N is the number of examples and K is the number of prompts.

Given an example xi, the agreement probability pi is to compute how many prompt pairs are in

agreement, divided by the number of all possible pairs:

pi =
1

K(K − 1)

∑
j
nij(nij − 1), (5.3)

then pi is averaged across examples to obtain the “absolute consistency”:

P̄ =
1

N

∑N

i=1
pi. (5.4)

It can be seen that P̄ is maximized in the case of collapse. However, Fleiss’ kappa considers the

marginalized distribution of labels: how likely are two prompts consistent if they make predictions

randomly according to the marginalized label distribution? This chance probability P̄e is:

P̄e =
∑

j
q2j , qj =

1

NK

∑N

i=1
nij, (5.5)

where qj represents the marginalized distribution of labels, i.e. p(y = j). P̄e is large when

collapse happens and one label dominates in the entire corpus. Finally, Fleiss’ kappa is computed

as:

κ =
P̄ − P̄e

1− P̄e

, (5.6)

where 1 − P̄e gives the degree of consistency that is attainable above chance, P̄ − P̄e gives

the degree of consistency actually achieved above chance. κ ranges from -1 to 1. Eq. 5.6

naturally penalizes collapse, and in our experiments, we always observe a monotonic decrease of

κ when collapse happens. Therefore, we select the model checkpoint after which κ monotonically

decreases.3 We emphasize that we perform validation on the data that the model is trained on
3In most of the settings, this criterion is equivalent to using maximal κ as the criterion, except for few cases where

the beginning of training exhibits large fluctuations in κ.
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and do not require an additional development dataset. We include ablation analysis for both the

parameter-efficient tuning and model selection components in Table 5.5 that shows that they are

important for the success of our method.

5.4 Experiments

Our experiments below are designed to (1) measure whether swarm distillation is able to improve

zero-shot task generalization; and (2) analyze how much resource (number of prompts and

unlabeled examples) our method demands.

5.4.1 General Setup

Datasets: Following Sanh et al. (2022), we evaluate our method on 11 NLP datasets across

4 unseen tasks. They are (1) natural language inference: ANLI (Nie et al., 2020) (there are

three versions of ANLI with different levels of difficulty, which we denote as ANLI R1/R2/R3),

CB (De Marneffe et al., 2019), RTE (Wang et al., 2019a); (2) sentence completion: COPA (Roem-

mele et al., 2011), HellaSwag (Zellers et al., 2019), Story Cloze (Mostafazadeh et al., 2016); (3)

coreference resolution: WSC, Winogrande (Levesque et al., 2012); and (4) word sense disam-

biguation: WIC (Pilehvar and Camacho-Collados, 2019). We access them using Hugging Face

Datasets (Lhoest et al., 2021) and most of them are from the SuperGLUE benchmark (Wang et al.,

2019a). All of these datasets are classification-based, predicting a discrete label from a finite set.

Each of these datasets has a diverse set of prompts provided by the Public Pool of Prompts (Sanh

et al., 2022) The number of prompts ranges from 4 to 15. We present the statistics of the 11

datasets in Table 5.1. For the training-time tuning scenario, we use up to 10,000 data points from

the training set for training if the train set contains more than 10,000 data points.

Setup: We build our method on top of the PLM T0 (Sanh et al., 2022). T0 is an adapted version

of the pretrained T5 model (Raffel et al., 2020) that is continually trained on multiple tasks

with supervised, prompt-formatted examples. T0 outperforms GPT3 (Brown et al., 2020) and

demonstrates state-of-the-art performance in zero-shot task generalization. All the tasks that we

are studying are not included in T0’s training data. We focus our major study on the T0 model

version with 3 billion parameters (T0-3B), while we also include results using the largest T0

model with 11 billion parameters (T0-11B) on some datasets, due to the high computational cost

of training T0-11B. We tune the hyperparameters (e.g. the optimization hyperparameters) on the
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Table 5.1: Statistics of the datasets

Task Dataset #train set #validation set #labels #prompts

NLI

RTE 2,490 277 2 10

CB 250 57 3 15

ANLI R1 16,946 1000 3 15

ANLI R2 45,460 1000 3 15

ANLI R3 100,459 1200 3 15

Compl.

COPA 400 100 2 8

HellaSwag 39,905 10,042 4 4

Story Cloze - 1,871 2 5

Coref.
Winogrande 40,398 1,267 2 5

WSC 554 104 2 10

WSD WIC 5,428 637 2 10

RTE dataset with its validation set and fix them for all other datasets. During optimization of

Eq. 5.2, we randomly sample a batch of k pairs of prompts where k is the largest number that our

GPU memory can fit and accumulate gradients for one update. We use a bottleneck dimension of

1 for LoRA.

Training Details: We use LoRA (Hu et al., 2022) as our parameter-efficient tuning model and

set the bottleneck dimension of LoRA weight matrices to be 1 for both 3B and 11B models. We

emphasize that the linear mapping matrix B (or A) in LoRA needs to be initialized as a zero

matrix to ensure the output distribution after adding LoRA layers is the same as the original PLM

before training, otherwise, the zero-shot ability of PLMs would be broken upon initialization and

there is no supervision to learn it back. For both models, we set the dropout probability for the

the LoRA intermediate representations to be 0.3. Let α denote the scaling factor of LoRA that is

used to scale the output of the LoRA layer before adding to the hidden states of the pre-trained

model. We set α to be 4 and 2 respectively for the 3B and 11B model. The peak learning rates

of the 3B and 11B models are set to be 3e-5 and 5e-5 respectively with a warm-up stage of 100

steps and polynomial learning rate scheduler. We train for a maximum of 1,500 steps. Note that

the hyperparameters for the 3B model is tuned on the RTE dataset and used for other datasets.

We did not tune the hyperparameters of the 11B model. With respect to implementation details,

at each update we first sample one input example x and apply multiple prompts to reformat it
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as r1x(x), · · · , rKx (x), then we perform inference for them and randomly shuffle the predictions.

Next we iterate over them with a batch size of 5/10 (3B/11B)4 and use the shuffled predictions to

supervise them to compute the distillation loss, this implements the swarm distillation mechanism

in Eq. 5.2 and in fact approximates the expectation over paired prompts with K random pairs. We

accumulate the gradients for 16 steps for one update so that each gradient descent is computed

from 16 data examples. And we use 1 A40 GPU (45GB memory) to train the 3B model and 4

A40 GPUs with DeepSpeed Zero-2 (Ren et al., 2021) to train the 11B model. In general, training

converges pretty fast and takes around 1 - 3 GPU hours for the 3B model and 2 - 6 hours for the

11B model depending on early stop points of different datasets. We use Adam (Kingma and Ba,

2015) as the optimizer with β1 = 0.9, β2 = 0.98 and ϵ = 1e− 6.

5.4.2 Evaluation

Metrics: We use accuracy as the metric for all datasets. We report two different types of

accuracy given that we have multiple prompts. The ensemble accuracy (Ens.) averages the output

distributions of multiple prompts and makes predictions according to it. Ensembling multiple

prompts has been explored before and found superior to using a single prompt (Jiang et al., 2020;

Qin and Eisner, 2021). The median accuracy (Med.) within the set of prompts serves as a proxy

for the expected performance when users specify a single prompt and input a prompt-formatted

example. As our approach assumes availability of a set of prompts for the downstream task,

and it is relatively cheap to craft several prompts for a task, ensemble prediction is the better

option given input x, and it does empirically yield higher accuracy overall than the median for

both the baseline and our method. Therefore, we will report both numbers but mainly discuss

ensemble accuracy. We compute these metrics on the validation split of each dataset. We run the

experiments with 3 random seeds and report the mean and standard deviation.

Evaluation scenarios: We provide our methods with different unlabeled sources which lead to

two practical scenarios during evaluation: (1) training-time tuning: we use the unlabeled training

split from the corresponding dataset to train the model. This is similar to traditional settings where

training and test data are different; and (2) test-time tuning (Sun et al., 2020; Wang et al., 2021):

we directly adapt the PLM on the test data. This setting is reasonable, as we will always have

access to the test inputs at test time. Intuitively, the unlabeled test sample x often provides hints

about the distribution it was drawn, suggesting that we may update the model before making the

4Because the GPU memory sometimes cannot handle all the prompts within one batch.
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Table 5.2: Accuracy results on the validation set of 11 NLP datasets based on the T0-3B model.

Swarm Distillation (train) and Swarm Distillation (test) use the unlabeled training split and

validation split of datasets to train the model respectively, corresponding to training-time and

test-time tuning. The Story Cloze dataset does not have a training split and its self distillation

results are from tuning on the validation split. We report the mean and std across 3 random runs,

and also denote the absolute accuracy change compared to the T0-3B baseline.

T0-3B Self Dist. (train) Swarm Dist. (train) Swarm Dist. (test)

Task Dataset Ens. Med. Ens. Med. Ens. Med. Ens. Med.

NLI

RTE 64.6 64.1 64.9±0.2 63.8±0.1 75.2±0.8 ↑10.6 73.9±0.8 ↑9.8 75.2±0.2 ↑10.6 73.5±0.1 ↑9.4

CB 46.4 50.0 47.0±1.0 49.4±2.7 47.6±1.0 ↑1.2 48.2±0.0 ↓1.8 46.4±0.0 ↑0.0 48.8±1.0 ↓1.2

ANLI R1 34.6 33.7 36.1±0.1 34.7±0.1 38.4±0.5 ↑3.8 35.7±0.4 ↑2.0 38.5±0.3 ↑3.9 35.7±0.5 ↑2.0

ANLI R2 33.7 33.4 35.3±0.1 33.2±0.2 37.9±0.8 ↑4.2 36.6±0.5 ↑3.2 37.7±0.2 ↑4.0 35.4±0.4 ↑2.0

ANLI R3 34.7 33.3 33.1±0.0 33.8±0.2 34.0±0.3 ↓0.7 34.6±0.1 ↑1.3 34.1±0.2 ↓0.6 33.5±0.0 ↑0.2

Compl.

COPA 78.0 79.0 82.3±0.6 78.2±0.3 82.7±0.6 ↑4.7 79.0±0.5 ↑0.0 83.0±1.0 ↑5.0 79.7±0.6 ↑0.7

HellaSwag 27.8 27.5 32.5±0.2 32.7±0.3 34.2±0.2 ↑6.4 33.4±0.2 ↑5.9 33.7±0.6 ↑5.9 33.2±0.3 ↑5.7

Story Cloze 86.5 85.1 89.6±0.0 88.7±0.0 – – 87.3±0.1 ↑0.8 86.9±0.2 ↑1.8

Coref.
Wino. 50.9 50.5 51.1±0.1 50.7±0.1 52.0±0.3 ↑1.1 51.4±0.0 ↑0.9 52.1±0.3 ↑1.2 51.2±0.2 ↑0.7

WSC 69.2 64.4 69.2±0.0 64.6±0.3 58.3±1.1 ↓10.9 59.3±2.0 ↓5.1 57.7±0.0 ↓11.5 58.8±0.6 ↓5.6

WSD WIC 50.3 50.4 50.3±0.0 50.3±0.0 55.4±1.1 ↑5.1 54.4±0.7 ↑4.0 55.5±0.8 ↑5.2 54.8±0.5 ↑4.4

prediction. This scenario is attractive since it alleviates the common distribution mismatch issue

when there is a distribution shift between the training and test data. Compared to training-time

tuning, test-time tuning typically uses less unlabeled data in our experiments since it uses the

validation split itself. In the major experiments, we focus on the offline test-time tuning where we

assume access to the entire test data5 and train our approach on all test examples, while in §5.4.4

we will discuss the potential for online adaptation where data arrives in a stream.

Baselines: As far as we know, there is no prior work studying unsupervised approaches for

this prompt-based task generalization setting, thus T0 is the main baseline that we compare our

approach against. However, we still implement an ablation baseline, self distillation, to separate

the improvement brought by optimizing prompt consistency and the improvement brought by

pseudo-label distillation. Specifically, self distillation minimizes the same loss as in Eq. 5.2 but

with r(i) = r(j) – instead of pairwise distillation, the prompt always distills its own prediction

5To clarify, test data is not the test split of the dataset, but the data that we evaluate on, i.e. the validation split.
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Table 5.3: Accuracy on the validation set based on T0-11B.

T0-11B Swarm Dist.

Dataset Ens. Med. Ens. Med.

WSC 63.5 62.5 65.4 ↑1.9 62.0 ↓0.5

RTE 83.8 82.0 86.6 ↑2.8 85.0 ↑3.0

HellaSwag 34.4 33.6 45.0 ↑10.6 43.0 ↑9.4

WIC 57.2 56.8 62.1 ↑4.9 60.7 ↑3.9

Table 5.4: Fleiss’ kappa on 11 datasets based on T0-3B. Swarm distillation is trained on training

split of the respective dataset.

RTE CB ANLI R1 ANLI R2 ANLI R3 COPA HS Story. Wino. WSC WIC Avg.

T0-3B 0.644 0.440 0.221 0.189 0.170 0.586 0.164 0.765 0.396 0.255 0.398 0.384

Swarm Dist. 0.662 0.254 0.145 0.156 0.177 0.699 0.402 0.862 0.509 0.462 0.517 0.440

to itself. This baseline can be viewed as a prompt version of self-training, which has proven to

effectively utilize unlabeled data and achieved success in various applications (He et al., 2020b;

Xie et al., 2020b; Zhang et al., 2020b). For simplicity, we report self distillation results in the

training-time tuning setting only.

5.4.3 Results

How well does swarm distillation work? We first compare swarm distillation against the T0-

3B baseline. We run our own evaluation using the released T0 weights to obtain the T0 baseline

accuracy.6 As shown in Table 5.2, the ensemble accuracy of swarm distillation exceeds the T0-3B

baseline on 9 out of 11 datasets in both training- and test-time tuning settings. Particularly, our

approach improves the zero-shot performance on RTE by around 10 absolute points in all cases.

Our approach slightly hurts ensemble accuracy of ANLI R3 and median accuracy of CB, but

is overall comparable on these two datasets. Compared to self distillation, swarm distilltion

outperforms it on 9 out of 11 datasets in terms of ensemble accuracy, by up to 10.3 absolute

points. These results further confirm the effectiveness of encouraging prompt consistency. We

note that swarm distillation severely fails on WSC with a 10-point accuracy decrease compared to

6We are able to reproduce the numbers reported in Sanh et al. (2022), except for COPA where our T0 median

number is higher than the originally reported one.
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Figure 5.3: Analysis results to compare the model checkpoints selected by the unsupervised

criterion Fleiss’ kappa with the oracle model checkpoints selected by validation accuracy.

both T0 and self distillation, this is because Fleiss’ kappa selects a bad model checkpoint, while

our approach actually improves the performance on WSC in the middle of training as we will

discuss more in §5.4.4. Although it may be argued that swarm distillation only works when the

base PLM can attain reasonable performance in the first place, notably, our approach improves

T0-3B greatly on several datasets where T0-3B only shows nearly chance accuracy, such as

ANLI R1/R2/R3 (3 labels), HellaSwag (4 labels), Winogrande (2 labels), and WIC (2 labels). In

addition, we observe that swarm distillation in the test-time tuning setting performs comparably

well to the training-time one despite using much less training data, as shown in Table 5.1. It is

worth noting that prompt-based zero-shot task generalization is challenging, for example, T0 with

even 11 billion parameters reports a median accuracy of only ∼ 40 on ANLI R1/R2/R3, 33.7

on HellaSwag, and 57.2 on WIC (Sanh et al., 2022). These numbers are surely still far from

satisfactory, yet we hope to inspire future research to explore prompt-formatted, unlabeled data to

build better zero-shot learners.

Scaling to 11B parameters: We now evaluate our method based on the largest version of T0

model, T0-11B. T0-11B is a very powerful zero-shot baseline that greatly outperforms GPT3

with 175 billion parameters. Due to the expensive computation to train T0-11B, we use one

dataset per task, a total of 4 datasets as our benchmark, and only run with one random seed in the

test-time tuning setting. Results are shown in Table 5.3. Swarm distillation outperforms T0-11B

on all 4 datasets in terms of ensemble accuracy, and notably, improves the ensemble accuracy on

HellaSwag from 34.4 to 45.0 without any annotation. Table 5.2 and Table 5.3 demonstrate the

effectiveness of swarm distillation across different model sizes.
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5.4.4 Analysis

Are predictions more consistent across different prompts after swarm distillation? We

are interested to know whether the gains of swarm distillation are attained together with more

consistent predictions across different prompts. To this end, we report Fleiss’ kappa, a commonly

used metric for group agreement as detailed in §5.3.3. Results are shown in Table 5.4. Fleiss’

kappa on 8 out of 11 datasets increases after swarm distillation, which boosts the averaged Fleiss’

kappa of T0-3B by 14.6% relatively. This implies that swarm distillation facilitates prompt

consistency, and potentially improves the robustness of PLMs to different wording of prompts.

Does the unsupervised criterion select the best model checkpoint? In §5.3.3, we discussed

using Fleiss’ kappa to select the best model checkpoint for evaluation, here we report the oracle

accuracy numbers obtained by selecting the model checkpoint with the best validation accuracy,

and compare it to the one selected by Fleiss’ kappa. We compare the ensemble accuracy using

T0-3B in the training-time tuning setting, with results in Figure 5.3. On most of the datasets,

Fleiss’ kappa is able to achieve numbers close to the best ones. On all 11 datasets, our oracle

number outperforms the T0-3B baseline. In Table 5.2 we show that swarm distillation hurts the

performance on WSC a lot, while in Figure 5.3 swarm distillation (oracle) in fact outperforms

T0-3B, implying that the issue lies on model selection. Therefore, swarm distillation could

potentially work better if an annotated dev set is available or when it is combined with other

techniques in few-shot learning settings, where good checkpoints may be selected out more easily.

How many prompts do we need? Our approach requires a diverse set of prompts to regularize

prompt consistency. Here we perform ablation experiments to understand the effect of the number

of prompts on the performance. We take COPA and ANLI R2 as example datasets which have 8

and 15 prompts, respectively. We then vary the number of available prompts by randomly sampling

a subset of prompts before training. We report the ensemble accuracy of swarm distillation (train)

in Figure 5.4a. On both COPA and ANLI R2, we observe gains as we increase the number of

prompts from 0 (0 means the baseline), yet the performance saturates very quickly and relatively

stabilizes when we provide 4 prompts. This implies that swarm distillation is not prompt-hungry

and could work well with a small number of prompts. We note the with one prompt here Eq. 5.2

degenerates to a weaker version of self distillation compared to the one in Table 5.2 – self

distillation in Table 5.2 utilizes all prompts during training while we assume access to only one

prompt here.
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Figure 5.4: Ensemble accuracy of swarm distillation on three example datasets, demonstrating the

effect of prompt size and unlabeled data size. The PLM is T0-3B.

How many unlabeled examples do we need? We measure the effect of unlabeled data size.

Specifically, we randomly sample a subset of examples from the train split for training and report

results on the entire validation dataset. Results on WIC and ANLI R2 are shown in Figure 5.4b.

Notably, swarm distillation is able to outperform the baselines (#examples=0) by a large margin

on both datasets with only 10 unlabeled examples, and the performance starts to saturate quickly

afterward. These results suggest that swarm distillation is not data-hungry and works reasonably

well with few unlabeled examples, allowing swarm distillation to remain as a relatively light

approach while typical unsupervised training (e.g. pretraining) often requires a large amount of

data and computation. Also, we argue that the phenomenon demonstrated in the results implies

that swarm distillation may be applied to the online setting of test-time tuning, where the batches

of test data arrive in a stream. Online test-time tuning is a practical setting in real life, and we

leave the study of swarm distillation in this setting as future work.

Ablation on LoRA and Model Selection: We report the ablation results on LoRA and un-

supervised model selection in Table 5.5. Full fine-tuning hurts the T0-3B performance on all

datasets – actually it collapses on almost all the datasets when we check its predictions, which

could partially explain the low accuracies. Using LoRA alone is able to improve full fine-tuning

generally and outperforms the T0-3B baseline sometimes. Moreoever, we find that unsupervised

model selection is very effective to mitigate collapse and greatly improves full fine-tuning results.

Finally, combining LoRA and unsupervised model selection gives the best results overall on
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Table 5.5: Ablation results on LoRA and unsupervised model selection. Numbers are ensemble

accuracy in the training-time tuning setting based on T0-3B. “Full fine-tuning” updates all the

model parameters, while “+LoRA” means that we freeze the T0 parameters and only update the

LoRA parameters.

RTE CB ANLI R1 ANLI R2 ANLI R3 COPA HS Story. Wino. WSC WIC

T0-3B 64.6 46.4 34.6 33.7 34.7 78.0 27.8 86.5 50.9 69.2 50.3

Full fine-tuning 59.6 8.9 33.3 33.5 33.3 54.0 25.7 51.5 50.4 36.5 50.0

+ LoRA 54.0 44.6 33.3 33.3 34.4 82.7 33.6 87.4 52.0 36.5 50.0

+ model selection 75.8 35.7 37.0 33.5 33.3 80.0 32.2 86.5 50.8 71.2 54.6

+ LoRA + model selection 75.2 47.6 38.4 37.9 34.0 82.7 34.2 87.3 52.0 58.3 55.4

these 11 datasets. We clarify that the results in Table 5.5 are only for analysis purpose to better

understand the effect of different components of our method, but were not used by us to make

design decisions in our preliminary experiments– as stated in §5.3.3, we use LoRA because it

collapses less often than full fine-tuning and develop a unsupervised model selection criterion

since LoRA still collapses on some datasets. To judge collapse or not, we simply checked the

model predictions, to see if the predictions for all the examples are almost the same.

5.4.5 Limitations of Our Work

We propose an unsupervised method for better zero-shot learner. There are two limitations

of our work: (1) Because our method is operated in a fully unsupervised manner, there is no

supervised development data for us to either select the best model or tune hyperparameters. Thus,

we propose to use Fleiss’ Kappa as our unsupervised development metric for model selection,

which attains decent performance in most cases. However, we also see on very few datasets that

the proposed metric fails to select the best checkpoints and hurt the model’s performance. As

discussed in §5.4.4, our method can be combined with few-shot learning where a few labeled

data are provided and we believe this can largely alleviate the issues of model selection in the

unsupervised setting. (2) The other limitation and at the same time an advantage of our method

is that the proposed method can work well even with 10 unlabeled data points. This certainly

makes our method a good candidate for the online setting where batches of test data come in a

stream. However, as we discussed in §5.4.4, the performance of our model saturates quickly as

we increase the number of unlabeled data, which means the performance of our method cannot

scale well with tons of unlabeled data like self-supervised pretraining. As discussed in §5.5, we
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expect combining our method with few-shot learning setting / pre-training can lead to further

improvements as the supervised signals may guide the model to a better local optimum.

5.5 Summary

In this chapter, we explore prompt consistency regularization to make PLMs better zero-shot

learners. Our approach utilizes unlabeled examples to attain zero-shot gains. While we use it

in a post-adaptation way to adapt PLMs with the proposed swarm distillation loss alone, our

regularization loss could be potentially combined with the pretraining objectives in the pretraining

stage, with the multi-prompt training loss (Sanh et al., 2022; Wei et al., 2022), or even with

annotated data in few-shot learning settings. Combining the swarm distillation loss with these

other losses may easily bypass the model collapse issue since the other loss typically discourages

the collapsed local optimum. The potential applications of unsupervised swarm distillation on

sequence generation tasks are also worth studying in the future.
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Chapter 6

A Unified View of Parameter-Efficient
Transfer Learning

In previous chapters we explore label-efficiency in NLG to mitigate the requirement of annotated

examples. In this chapter, we study the efficiency of NLG from another aspect: parameter-

efficiency, which focuses on the concerns about the large number of parameters in pretrained

models nowadays. In short, we pursue a large portion of parameter-sharing among different NLG

tasks, but only a small number of tasks-specific parameters are required. This work is presented

in:

• Junxian He*, Chunting Zhou* (equal contribution), Xuezhe Ma, Taylor Berg-Kirkpatrick,

and Graham Neubig. Towards a Unified View of Parameter-Efficient Transfer Learning. In

International Conference on Learning Representations (ICLR), 2022.

6.1 Introduction

Transfer learning from pre-trained language models (PLMs) is now the prevalent paradigm in

natural language processing, yielding strong performance on many tasks (Peters et al., 2018;

Devlin et al., 2019a; Qiu et al., 2020). The most common way to adapt general-purpose PLMs to

downstream tasks is to fine-tune all the model parameters (full fine-tuning). However, this results

in a separate copy of fine-tuned model parameters for each task, which is prohibitively expensive

when serving models that perform a large number of tasks. This issue is particularly salient

with the ever-increasing size of PLMs, which now range from hundreds of millions (Radford

et al., 2019; Lewis et al., 2020a) to hundreds of billions (Brown et al., 2020) or even trillions of
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parameters (Fedus et al., 2021).

To mitigate this issue, a few lightweight alternatives have been proposed to update only a

small number of extra parameters while keeping most pretrained parameters frozen. For example,

adapter tuning (Houlsby et al., 2019) inserts small neural modules called adapters to each layer

of the pretrained network and only the adapters are trained at fine-tuning time. Inspired by the

success of prompting methods that control PLMs through textual prompts (Brown et al., 2020;

Liu et al., 2021a), prefix tuning (Li and Liang, 2021a) and prompt tuning (Lester et al., 2021)

prepend an additional l tunable prefix tokens to the input or hidden layers and only train these soft

prompts when fine-tuning on downstream tasks. More recently, Hu et al. (2022) learn low-rank

matrices to approximate parameter updates. We illustrate these methods in Figure 6.1. These

approaches have all been reported to demonstrate comparable performance to full fine-tuning

on different sets of tasks, often through updating less than 1% of the original model parameters.

Besides parameter savings, parameter-efficient tuning makes it possible to quickly adapt to new

tasks without catastrophic forgetting (Pfeiffer et al., 2021) and often exhibits superior robustness

in out-of-distribution evaluation (Li and Liang, 2021a).

However, we contend that the important ingredients that contribute to the success of these

parameter-efficient tuning methods are poorly understood, and the connections between them

are still unclear. In this chapter, we aim to answer three questions: (1) How are these methods

connected? (2) Do these methods share design elements that are essential for their effectiveness,

and what are they? (3) Can the effective ingredients of each method be transferred to others to

yield more effective variants?

In order to answer these questions, we first derive an alternative form of prefix tuning that

reveals prefix tuning’s close connections with adapters (§6.3.1). Based on this we then devise a

unified framework that frames the aforementioned methods as different ways to modify the hidden

representations of frozen PLMs (§6.3.2). Our unified framework decomposes previous methods

along a shared set of design dimensions, such as the function used to perform the modification,

the position in which to impose this modification, and how to integrate the modification. This

framework allows us to transfer design choices across approaches to propose new variants such

as adapters with multiple heads (§6.3.3). In experiments, we first show that existing parameter-

efficient tuning methods still lag behind full fine-tuning on higher-resource and challenging tasks

(§6.4.2), as exemplified in Figure 6.2. Then we utilize the unified framework to identify critical

design choices and validate the proposed variants empirically (§6.4.3-6.4.6). Our experiments on

four NLP benchmarks covering text summarization, machine translation (MT), text classification,

and general language understanding, demonstrate that the proposed variant uses less parameters
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Figure 6.1: Illustration of the transformer archi-

tecture and several state-of-the-art parameter-

efficient tuning methods. We use blocks with

dashed borderlines to represent the added mod-

ules by those methods.
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than existing methods while being more effective, matching full fine-tuning results on all four

tasks.

6.2 Preliminaries

6.2.1 Recap of the transformer Architecture

The transformer model (Vaswani et al., 2017) is now the workhorse architecture behind most

state-of-the-art PLMs. In this section we recap the equations of this model for completeness.

Transformer models are composed of L stacked blocks, where each block (Figure 6.1) contains

two types of sub-layers: multi-head self-attention and a fully connected feed-forward network

(FFN).1 The conventional attention function maps queries Q ∈ Rn×dk and key-value pairs

K ∈ Rm×dk ,V ∈ Rm×dv :

Attn(Q,K,V ) = softmax(
QKT

√
dk

)V , (6.1)

1In an encoder-decoder architecture, the transformer decoder usually has another multi-head cross-attention

module between the self-attention and FFN, which we omit here for simplicity.
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where n and m are the number of queries and key-value pairs respectively. Multi-head attention

performs the attention function in parallel over Nh heads, where each head is separately param-

eterized by W
(i)
q ,W

(i)
k ,W

(i)
v ∈ Rd×dh to project inputs to queries, keys, and values. Given a

sequence of m vectors C ∈ Rm×d over which we would like to perform attention and a query

vector x ∈ Rd, multi-head attention (MHA) computes the output on each head and concatenates

them:2

MHA(C,x) = Concat(head1, · · · , headh)Wo, headi = Attn(xW (i)
q ,CW

(i)
k ,CW (i)

v ),

(6.2)

where Wo ∈ Rd×d. d is the model dimension, and in MHA dh is typically set to d/Nh to save

parameters, which indicates that each attention head is operating on a lower-dimensional space.

The other important sublayer is the fully connected feed-forward network (FFN) which consists

of two linear transformations with a ReLU activation function in between:

FFN(x) = ReLU(xW1 + b1)W2 + b2, (6.3)

where W1 ∈ Rd×dm , W2 ∈ Rdm×d. Transformers typically use a large dm, e.g. dm = 4d. Finally,

a residual connection is used followed by layer normalization (Ba et al., 2016).

6.2.2 Overview of Previous Parameter-efficient Tuning Methods

Below and in Figure 6.1, we introduce several state-of-the-art parameter-efficient tuning methods.

Unless otherwise specified, they only tune the added parameters while the PLM’s are frozen.

Adapters (Houlsby et al., 2019): The adapter approach inserts small modules (adapters)

between transformer layers. The adapter layer generally uses a down-projection with Wdown ∈
Rd×r to project the input h to a lower-dimensional space specified by bottleneck dimension r,

followed by a nonlinear activation function f(·), and a up-projection with Wup ∈ Rr×d. These

adapters are surrounded by a residual connection, leading to a final form:

h← h+ f(hWdown)Wup. (6.4)

Houlsby et al. (2019) places two adapters sequentially within one layer of the transformer, one

after the multi-head attention and one after the FFN sub-layer. Pfeiffer et al. (2021) have proposed

a more efficient adapter variant that is inserted only after the FFN “add & layer norm" sub-layer.

2Below, we sometimes ignore the head index i to simplify notation when there is no confusion.
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Prefix Tuning (Li and Liang, 2021a): Inspired by the success of textual prompting methods

(Liu et al., 2021a), prefix tuning prepends l tunable prefix vectors to the keys and values of the

multi-head attention at every layer. Specifically, two sets of prefix vectors Pk,Pv ∈ Rl×d are

concatenated with the original key K and value V . Then multi-head attention is performed on

the new prefixed keys and values. The computation of headi in Eq. 6.2 becomes:

headi = Attn(xW (i)
q , concat(P (i)

k ,CW
(i)
k ), concat(P (i)

v ,CW (i))), (6.5)

Pk and Pv are split into Nh head vectors respectively and P
(i)
k ,P

(i)
v ∈ Rl×d/Nh denote the i-th

head vector. Prompt-tuning (Lester et al., 2021) simplifies prefix-tuning by only prepending to the

input word embeddings in the first layer; similar work also includes P-tuning (Liu et al., 2021b).

LoRA (Hu et al., 2022): LoRA injects trainable low-rank matrices into transformer layers to

approximate the weight updates. For a pre-trained weight matrix W ∈ Rd×k, LoRA represents

its update with a low-rank decomposition W + ∆W = W + WdownWup, where Wdown ∈
Rd×r,Wup ∈ Rr×k are tunable parameters. LoRA applies this update to the query and value

projection matrices (Wq,Wv) in the multi-head attention sub-layer, as shown in Figure 6.1. For a

specific input x to the linear projection in multi-head attention, LoRA modifies the projection

output h as:

h← h+ s · xWdownWup, (6.6)

where s ≥ 1 is a tunable scalar hyperparameter.3

Others: Other parameter-efficient tuning methods include BitFit (Ben Zaken et al., 2021), which

only fine-tunes bias vectors in the pre-trained model, and diff-pruning (Guo et al., 2021), which

learns a sparse parameter update vector.

6.3 Bridging the Gap – A Unified View

In this section we first derive an equivalent form of prefix tuning to establish its connection with

adapters. We then propose a unified framework for parameter-efficient tuning that includes several

state-of-the-art methods as instantiations.
3While Hu et al. (2022) did not mention this tunable hyperparameter in the preprint at the time of this submission

(10/05/2021), their latest code at https://github.com/microsoft/LoRA tunes this hyperparameter, and we have verified

that this has a significant effect on results.
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Figure 6.3: Graphical illustration of existing methods and the proposed variants. “PLM module”

represents a certain sublayer of the PLM (e.g. attention or FFN) that is frozen. “Scaled PA”

denotes scaled parallel adapter. We do not include multi-head parallel adapter here to save space.

6.3.1 A Closer Look at Prefix Tuning

Eq. 6.5 describes the mechanism of prefix tuning which changes the attention module through

prepending l learnable vectors to the original attention keys and values. Here, we derive an

equivalent form of Eq. 6.5 and provide an alternative view of prefix tuning:4

head = Attn(xWq, concat(Pk,CWk), concat(Pv,CWv))

= softmax
(
xWqconcat(Pk,CWk)

⊤) [ Pv

CWv

]
= (1− λ(x))softmax(xWqW

⊤
k C⊤)CWv + λ(x)softmax(xWqP

⊤
k )Pv

= (1− λ(x))Attn(xWq,CWk,CWv)︸ ︷︷ ︸
standard attention

+λ(x)Attn(xWq,Pk,Pv)︸ ︷︷ ︸
independent of C

,

(6.7)

where λ(x) is a scalar that represents the sum of normalized attention weights on the prefixes:

λ(x) =

∑
i exp(xWqP

⊤
k )i∑

i exp(xWqP⊤
k )i +

∑
j exp(xWqW⊤

k C⊤)j
. (6.8)

Note that the first term in Eq. 6.7, Attn(xWq,CWk,CWv), is the original attention without

prefixes, whereas the second term is a position-wise modification independent of C. Eq. 6.7 gives

an alternative view of prefix tuning that essentially applies a position-wise modification to the

original head attention output h through linear interpolation:

h← (1− λ(x))h+ λ(x)∆h, ∆h := softmax(xWqP
⊤
k )Pv. (6.9)

The Connection with Adapters: We define W1=WqP
⊤
k , W2=Pv, f=softmax, and rewrite

Eq. 6.9:

h← (1− λ(x))h+ λ(x)f(xW1)W2, (6.10)

4Without loss of generalization, we ignore the softmax scaling factor
√
d for ease of notation.
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which reaches a very similar form to the adapter function in Eq. 6.4, except that prefix tuning is

performing weighted addition while the adapter one is unweighted.5 Figure 6.3b demonstrates

the computation graph of prefix tuning from this view, which allows for abstraction of prefix

tuning as a plug-in module like adapters. Further, we note that W1 ∈ Rdh×l and W2 ∈ Rl×dh are

low-rank matrices when l is small, and thus they function similarly to the Wdown and Wup matrices

in adapters. This view also suggests that the number of prefix vectors, l, plays a similar role to

the bottleneck dimension r in adapters: they both represent the rank limitation of computing the

modification vector ∆h. Thus we also refer l as the bottleneck dimension. Intuitively, the rank

limitation implies that ∆h is a linear combination of the same l (or ≤ l) basis vectors for any x.

The Difference from Adapters: In addition to the gating variable λ, we emphasize three

differences between prefix tuning and adapters. (1) As demonstrated in Figure 6.3, prefix tuning

uses x, the input of the PLM layer, to compute ∆h, while adapters use h, the output of the PLM

layer. Thus, prefix tuning can be thought of as a “parallel” computation to the PLM layer, whereas

the typical adapter is “sequential” computation. (2) Adapters are more flexible with respect to

where they are inserted than prefix tuning: adapters typically modify attention or FFN outputs,

while prefix tuning only modifies the attention output of each head. Empirically, this makes a

large difference as we will show in §6.4.4. (3) Eq. 6.10 applies to each attention head, while

adapters are always single-headed, which makes prefix tuning more expressive: head attention is

of dimension d/Nh – basically we have full rank updates to each attention head if l ≥ d/Nh, but

we only get full-rank updates to the whole attention output with adapters if r ≥ d. Notably, prefix

tuning is not adding more parameters than adapters when l = r.6 We empirically validate such

multi-head influence in §6.4.4.

6.3.2 The Unified Framework

Inspired by the connections between prefix tuning and adapters, we propose a general framework

that aims to unify several state-of-the-art parameter-efficient tuning methods. Specifically, we cast

them as learning a modification vector ∆h, which is applied to various hidden representations.

Formally, we denote the hidden representation to be directly modified as h, and the direct input to

the PLM sub-module that computes h as x (e.g. h and x can be the attention output and input

respectively). To characterize this modification process, we define a set of design dimensions, and

5h in adapters and prefix tuning are usually different, as described more below. However, here we mainly discuss

the functional form as adapters can, in principle, be inserted at any position.
6We will detail in §6.4.1 the number of parameters added of different methods.
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Table 6.1: Parameter-efficient tuning methods decomposed along the defined design dimensions.

Here, for clarity, we directly write the adapter nonlinear function as ReLU which is commonly

used. The bottom part of the table exemplifies new variants by transferring design choices of

existing approaches.

Method ∆h functional form insertion form modified representation composition function

Existing Methods
Prefix Tuning softmax(xWqP

⊤
k )Pv parallel head attn h← (1− λ)h+ λ∆h

Adapter ReLU(hWdown)Wup sequential ffn/attn h← h+∆h

LoRA xWdownWup parallel attn key/val h← h+ s ·∆h

Proposed Variants
Parallel adapter ReLU(hWdown)Wup parallel ffn/attn h← h+∆h

Muti-head parallel adapter ReLU(hWdown)Wup parallel head attn h← h+∆h

Scaled parallel adapter ReLU(hWdown)Wup parallel ffn/attn h← h+ s ·∆h

different methods can be instantiated by varying values along these dimensions. We detail the

design dimensions below, and illustrate how adapters, prefix tuning, and LoRA fall along these

dimensions in Table 6.1:

Functional Form is the specific function that computes ∆h. We have detailed the functional

form for adapters, prefix tuning, and LoRA in Eq. 6.4, 6.6, and 6.10 respectively. The functional

forms of all these methods are similar with a proj_down → nonlinear → proj_up

architecture, while “nonlinear” degenerates to the identity function in LoRA.

Modified Representation indicates which hidden representation is directly modified.7

Insertion Form is how the added module is inserted into the network. As mentioned in the

previous section and shown in Figure 6.3, traditionally adapters are inserted at a position in a

sequential manner, where both the input and output are h. Prefix tuning and LoRA – although not

originally described in this way – turn out to be equivalent to a parallel insertion where x is the

input.

Composition Function is how the modified vector ∆h is composed with the original hidden

representation h to form the new hidden representation. For example, adapters perform simple

additive composition, prefix tuning uses a gated additive composition as shown in Eq. 6.10, and

LoRA scales ∆h by a constant factor and adds it to the original hidden representation as in

Eq. 6.6.

7Strictly speaking, all the hidden representations would be indirectly influenced by modifying the ones before

them. Here we refer to the position being directly modified by the added module.
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We note that many other methods not present in Table 6.1 fit into this framework as well.

For example, prompt tuning modifies the head attention in the first layer in a way similar to

prefix tuning, and various adapter variants (Pfeiffer et al., 2021; Mahabadi et al., 2021) can be

represented in a similar way as adapters. Critically, the unified framework allows us to study

parameter-efficient tuning methods along these design dimensions, identify the critical design

choices, and potentially transfer design elements across approaches, as in the following section.

6.3.3 Transferring Design Elements

Here, and in Figure 6.3, we describe just a few novel methods that can be derived through our

unified view above by transferring design elements across methods: (1) Parallel Adapter is the

variant by transferring the parallel insertion of prefix tuning into adapters. Interestingly, while we

motivate the parallel adapter due to its similarity to prefix tuning, concurrent work (Zhu et al.,

2021) independently proposed this variant and studied it empirically; (2) Multi-head Parallel

Adapter is a further step to make adapters more similar to prefix tuning: we apply parallel adapters

to modify head attention outputs as prefix tuning. This way the variant improves the capacity for

free by utilizing the multi-head projections as we discuss in §6.3.1. (3) Scaled Parallel Adapter is

the variant by transferring the composition and insertion form of LoRA into adapters, as shown in

Figure 6.3e.

Our discussion and formulation so far raise a few questions: Do methods varying the design

elements above exhibit distinct properties? Which design dimensions are particularly important?

Do the novel methods described above yield better performance? We answer these questions

next.

6.4 Experiments

Our experiments below are designed to (1) identify critical design choices through studying

parameter-efficient methods along the design dimensions, and (2) evaluate new method variants.

6.4.1 General Setup

Datasets: We study four downstream tasks: (1) XSum (Narayan et al., 2018) is an English

single-document summarization dataset where models predict a one-sentence summary given

a news article. (2) English to Romanian translation using the WMT 2016 en-ro translation
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Table 6.2: Dataset Statistics of the four tasks.

Dataset #train #dev #test

XSum 204,045 113,332 113,334

WMT16 en-ro 610,320 1,999 1,999

MNLI 392,702 9815 9832

SST-2 67,349 872 1,821

dataset (Bojar et al., 2016); (3) MNLI (Williams et al., 2018) is an English natural language

inference dataset where models predict whether one sentence entails, contradicts, or is neutral to

another. (4) SST2 (Socher et al., 2013) is an English sentiment classification benchmark where

models predict whether a sentence’s sentiment is positive or negative. We obtain the MNLI and

SST2 datasets from the GLUE benchmark (Wang et al., 2019b). The detailed dataset statistics is

present in Table 6.2.

Setup: We use BARTLARGE (Lewis et al., 2020a) and a multilingual version of it, mBARTLARGE (Liu

et al., 2020b), as the underlying pretrained models for XSum and en-ro translation respectively,

and we use RoBERTaBASE (Liu et al., 2019a) for MNLI and SST2. We vary the bottleneck

dimension within {1, 30, 200, 512, 1024} if needed.8 We mainly study adapters, prefix tuning

(prefix), and LoRA which greatly outperform bitfit and prompt tuning in our experiments. In

the analysis sections (§6.4.3-6.4.5) we insert adapters either at the attention or FFN layers for

easier analysis, but include the results of inserting at both places in the final comparison (§6.4.6).

We re-implement these methods based on their respective public code.9 We use the huggingface

transformers library (Wolf et al., 2020) for our implementation. For MT and classifications tasks,

the max token lengths of training data are set to be 150 and 512 respectively. For XSum, we set

the max length of source articles to be 512 and the max length of the target summary to be 128. In

our summarization experiments, we only use 1600 examples for validation to save time. we test

bottleneck dimension 1024 only when the modified representation is FFN, because the training

of prefix tuning does not fit into 48GB GPU memory when l = 1024. While other methods do

not have memory issues, we keep the bottleneck dimension of attention modification at most 512

to have a relatively fair comparison with prefix tuning. For LoRA we always tune its scaling

8In some settings we use other values to match the number of added parameters of different methods.
9We verify that our re-implementation can reproduce adapter and prefix tuning on XSum, and LoRA on MNLI,

by comparing with the results of running the original released code.
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Figure 6.4: Performance of previous state-of-the-art parameter-efficient tuning methods on XSum

(left) and en-ro (right).

hyperparameters s on the dev set.

Evaluation: We report ROUGE 1/2/L scores (R-1/2/L, Lin (2004)) on the XSum test set, BLEU

scores (Papineni et al., 2002) on the en-ro test set, and accuracy on the MNLI and SST2 dev set.

For MNLI and SST2, we take the median of five random runs. We also report the number of tuned

parameters relative to that in full fine-tuning (#params).

Number of Tunable Parameters: BART and mBART have an encoder-decoder structure that

has three types of attention: encoder self-attention, decoder self-attention, and decoder cross-

attention. RoBERTa only has encoder self-attention. For each attention sub-layer, the number of

parameters used of each method is: (1) prefix tuning prepends l vectors to the keys and values and

uses 2× l × d parameters; (2) adapter has Wdown and Wup thus uses 2× r × d parameters; (3)

LoRA employs a pair of Wdown and Wup for query and value projections, hence uses 4× r × d

parameters. For the adapter modification at ffn, it uses 2× r × d parameters which is the same as

adapter at attention. Therefore, for a specific value of r or l, prefix tuning uses the same number

of parameters as adapters, while LoRA uses more parameters.

6.4.2 The Results of Existing Methods

We first overview the results of existing methods on the four tasks. As shown in Figure 6.4

and Table 6.3, while existing methods can achieve competitive (sometimes comparable to full
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Table 6.3: Accuracy on the dev set of MNLI and SST2 . All results are from existing methods

except MAM Adapter which is proposed in §6.4.6.

Method (# params) MNLI SST2

Full-FT (100%) 87.6 94.6

bitfit (0.1 %) 84.7 93.7

Prefix (0.5%) 86.3 94.0

LoRA (0.5%) 87.2 94.2

Adapter (0.9%) 87.3 94.8

MAM Adapter (0.5%) 87.4 94.2

fine-tuning) performance on MNLI and SST2 by tuning fewer than 1% parameters of PLM’s, a

large gap is still present if we add 5% parameters in XSum and en-ro. The gap remains significant

even though we increase the relative parameter size to >10% (1 R-2 points on XSum and 0.7

BLEU points on en-ro). Even larger gaps have been observed in (Raffel et al., 2020) where

adapters are more than 5 absolute points worse than full fine-tuning on SuperGLUE (Wang et al.,

2019a) and high-resource MT tasks when #params >10%. This shows that many methods that

claimed comparable accuracy to full fine-tuning on standard classification-based benchmarks such

as GLUE or lower-resource, relatively simple tasks (Guo et al., 2021; Ben Zaken et al., 2021;

Mahabadi et al., 2021) may not generalize to higher-resource and more challenging tasks. We

thus advocate for future research on this line to report results on more challenging tasks as well

to exhibit a more complete picture of their performance profile. Below, our analysis will mainly

focus on the XSum and en-ro datasets to better distinguish different design choices.

6.4.3 Which Insertion Form – Sequential or Parallel?

We first study the insertion form design dimension, comparing the proposed parallel adapter

(PA) variant to the conventional sequential adapter (SA) over both the attention (att) and FFN

modification. We also include prefix tuning as a reference point. As shown in Table 6.4, prefix

tuning, which uses parallel insertion, outperforms attention sequential adapters. Further, the

parallel adapter is able to beat sequential adapters in all cases,10 with PA (ffn) outperforming

SA (ffn) by 1.7 R-2 points on XSum and 0.8 BLEU points on en-ro respectively. Given the

10More results with different r can be found in Appendix .3, which exhibits similar observations.

92



Table 6.4: Comparison of different insertion forms

for adapters, i.e. sequential adapter (SA) and paral-

lel adapter (PA). We include the results of prefix tuning

as a reference point.

Method # params XSum (R-1/2/L) MT (BLEU)

Prefix, l=200 3.6% 43.40/20.46/35.51 35.6

SA (attn), r=200 3.6% 42.01/19.30/34.40 35.3

SA (ffn), r=200 2.4% 43.21/19.98/35.08 35.6

PA (attn), r=200 3.6% 43.58/20.31/35.34 35.6

PA (ffn), r=200 2.4% 43.93/20.66/35.63 36.4

Table 6.5: Results on en-ro dataset

when using 0.1% parameters.

Method # params MT (BLEU)

PA (attn), r=200 3.6% 35.6

Prefix, l=200 3.6% 35.6

MH PA (attn), r=200 3.6% 35.8

Prefix, l=30 0.1% 35.2

-gating, l=30 0.1% 34.9

PA (ffn), r=30 0.1% 33.0

PA (attn), r=30 0.1% 33.7

MH PA (attn), r=30 0.1% 35.3

superior results of parallel adapters over sequential adapters, we focus on parallel adapter results

in following sections.

6.4.4 Which Modified Representation – Attention or FFN?

Setup: We now study the effect of modifying different representations. We mainly compare

attention and FFN modification. For easier analysis we categorize methods that modifies any

hidden representations in the attention sub-layer (e.g. the head output, query, etc) as modifying

the attention module. We compare parallel adapters at attention and FFN and prefix tuning.

We also transfer the FFN modification to LoRA to have a LoRA (ffn) variant for a complete

comparison. Specifically, we use LoRA to approximate the parameter updates for the FFN weights

W1 ∈ Rd×dm and W2 ∈ Rdm×d. In this case Wup in LoRA for W1 (similar for Wdown of W2)

would have dimensions of r × dm, where dm = 4d as described in §6.2.1. Thus we typically

use smaller r for LoRA (ffn) than other methods to match their overall parameter size in later

experiments.

Results: As shown in Figure 6.5, any method with FFN modification outperforms all the

methods with attention modification in all cases (the red markers are generally above all the blue

ones, the only exception is ffn-PA with 2.4% params), often with fewer parameters. Second, the

same method applied at FFN always improves over its counterpart at attention. For example,

LoRA (ffn) improves LoRA (attn) by 1 R-2 points on XSum. We also highlight that prefix tuning

does not keep improving when we further increase the capacity, which is also observed in (Li
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Figure 6.5: Results on XSum (left) and en-ro (right). PA represents parallel adapter. Red and blue

markers apply modifications at attention and FFN sub-layers respectively (best viewed in color).

and Liang, 2021a). These results suggest that FFN modification can utilize the added parameters

more effectively than attention, no matter what the functional form or composition function is. We

hypothesize that this is because the FFN learns task-specific textual patterns (Geva et al., 2021),

while attention learns pairwise positional interactions which do not require large capacity for

adapting to new tasks.

Is the story different when we use 0.1% parameters? In §6.3.1 we reason that prefix tuning is

more expressive than adapters (attn), which, however, is not reflected in Figure 6.5. We conjecture

that this is because multi-head attention is only superior when the parameter budget is small. To

validate this hypothesis, we compare prefix tuning to parallel adapters when they add 0.1% of the

pretrained parameters. To ablate the impact of the composition function, we also report the results

of removing the gating in prefix tuning as h + ∆h. We include the results of the multi-head

parallel adapter variant (MH PA) described in §6.3.3. As shown in Table 6.5, the multi-head

methods – prefix tuning and MH PA (attn) – outperform all others by at least 1.6 BLEU points

when using 0.1% of the parameters. Surprisingly, reducing l from 200 to 30 only causes 0.4 BLEU

loss for prefix tuning while PA (attn) loses 1.9 points. The gating composition function in prefix

tuning slightly helps the results by 0.3 points. We highlight that the MH parallel adapter improves

the single-headed version by 1.6 points, which again verifies the effectiveness of the multi-head

formulation. Comparing at r = 200, however, MH PA does not improve much, similarly to prefix

tuning.

Combining the results in Figure 6.5 and Table 6.5, we conclude that modifying head attention

shows the best results when the parameter budget is very small, while the FFN can better

utilize modification at larger capacities. This suggests that it may be effective to allocate a larger

parameter budget to FFN modification instead of treating attention and FFN equally as in (Houlsby
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Table 6.6: Results on XSum when using different composition functions. The modified represen-

tation is FFN. The bottleneck dimension r = 512 for (Scaled) PA and r = 102 for LoRA.

Method (# params) XSum (R-1/2/LSum)

LoRA (6.1%), s=4 44.59/21.31/36.25

LoRA (6.1%), s=1 44.17/20.83/35.74

PA (6.1%) 44.35/20.98/35.98

Scaled PA (6.1%), s=4 44.85/21.54/36.58
Scaled PA (6.1%), trainable s 44.56/21.31/36.29

et al., 2019).

6.4.5 Which Composition Function?

We have presented three composition functions in §6.3.2: simple addition (adapter), gated

addition (prefix tuning) and scaled addition (LoRA). As it is unnatural to incorporate the exact

gated addition into methods whose functional form does not use softmax, we examine the other

two by ablating on LoRA and comparing with the proposed scaled parallel adapter (Scaled PA),

we constrain modified representation to be FFN since it is generally more effective as shown in

§6.4.4. Table 6.6 reports the results on XSum. We set r as 512 for adapters and 102 for LoRA so

that their tuned parameter sizes are the same. We tune s on the dev set. We observe that LoRA

with a tuned scaling factor (s = 4) performs better than parallel adapter. However, the advantage

disappears if we remove the scaling by setting s = 1. Through plugging the composition function

of LoRA into parallel adapter, the resulted Scaled PA improves the vanilla parallel adapter by 0.56

ROUGE-2 points. We also experiment with a learned scalar which does not give better results.

Therefore, we conclude that the scaling composition function is better than the vanilla additive

one while being easily applicable.

6.4.6 An Effective Integration by Transferring Favorable Design Elements

We first highlight three findings in previous sections: (1) Scaled parallel adapter is the best variant

to modify FFN; (2) FFN can better utilize modification at larger capacities; and (3) modifying

head attentions like prefix tuning can achieve strong performance with only 0.1% parameters.

Inspired by them, we mix and match the favorable designs behind these findings: specifically,
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Table 6.7: Comparison of various parameter-efficient tuning methods and the proposed variants.

“†” are results copied from (Lewis et al., 2020a) and (Liu et al., 2020b). We could not reproduce

exactly the same full fine-tuning numbers with the same hyperparameters or even searching them.

The reason may be the different libraries which the training code is based on – full fine-tuning is

very sensitive to training hyperparameters.

Method # params XSum (R-1/2/L) MT (BLEU)

Full fine-tuning† 100% 45.14/22.27/37.25 37.7

Full fine-tuning (our run) 100% 44.81/21.94/36.83 37.3

Bitfit (Ben Zaken et al., 2021) 0.1% 40.64/17.32/32.19 26.4

Prompt tuning (Lester et al., 2021) 0.1% 38.91/15.98/30.83 21.0

Prefix tuning (Li and Liang, 2021a), l=200 3.6% 43.40/20.46/35.51 35.6

Pfeiffer adapter (Pfeiffer et al., 2021), r=600 7.2% 43.92/20.80/35.82 36.8

LoRA (ffn), r=102 7.2% 44.59/21.31/36.25 36.5

Parallel adapter (PA, ffn), r=1024 12.3% 44.53/21.24/36.23 37.3

PA (attn, r=30) + PA (ffn, r=512) 6.7% 43.95/20.86/35.93 37.1

Prefix tuning (attn, l=30) + LoRA (ffn, r=102) 6.7% 44.88/21.75/36.71 36.9

MAM Adapter (our variant, l=30, r=512) 6.7% 45.12/21.90/36.91 37.5

we use prefix tuning with a small bottleneck dimension (l = 30) at the attention sub-layers and

allocate more parameter budgets to modify FFN representation using the scaled parallel adapter

(r = 512). Since prefix tuning can be viewed as a form of adapter in our unified framework, we

name this variant as Mix-And-Match adapter (MAM Adapter). In Table 6.7, we compare MAM

adapter with various parameter-efficient tuning methods. For completeness, we also present results

of other combination versions in Table 6.7: using parallel adapters at both attention and FFN

layers and combining prefix tuning (attn) with LoRA (ffn) – both of these combined versions can

improve over their respective prototypes. However, MAM Adapter achieves the best performance

on both tasks and is able to match the results of our full fine-tuning by only updating 6.7% of the

pre-trained parameters. In Table 6.3, we present the results of MAM Adapter on MNLI and SST2

as well, where MAM Adapter achieves comparable results to full fine-tuning by adding only 0.5%

of pretrained parameters.
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6.5 Summary

We provide a unified framework for several performant parameter-tuning methods, which enables

us to instantiate a more effective model that matches the performance of full fine-tuning method

through transferring techniques across approaches. We hope our work can provide insights and

guidance for future research on parameter-efficient tuning and we also suggest these methods

to perform experiments on tasks of varying resources and properties to exhibit a more complete

view.
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Part III

Efficient Retrieval-Augmented Natural
Language Generation
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Chapter 7

Learning Sparse Prototypes for Text
Generation

In addition to label-efficiency and parameter-efficiency explored in previous chapters, in this

chapter, we study compute-efficiency in a specific model class, retrieval-augmented language

models. Retrieval-augmented language models retrieves from an external datastore such as

Wikipedia or simply the training dataset, and utilize the retrieved information to assist in prediction.

One main limitation of this model class is the space and time overhead at inference time due to

the potentially big datastore and the retrieval process. This chapter focuses on a specific model in

this class, the latent prototype language model (Guu et al., 2018), and we propose a new latent

prototype model to automatically learn a sparse distribution on the datastore to prune the datastore,

and thus reduce the space and retrieval time cost. This work is presented in:

• Junxian He, Taylor Berg-Kirkpatrick, Graham Neubig. In Proceedings of the Thirty-fourth

Conference on Neural Information Processing Systems (NeurIPS), 2020

7.1 Introduction

Language models (LMs) predict a probability distribution over text, and are a fundamental

technology widely studied in the natural language processing (NLP) community (Bengio et al.,

2003; Merity et al., 2018; Dai et al., 2019). Modern LMs are almost exclusively based on

parametric recurrent (Mikolov et al., 2010; Sundermeyer et al., 2012) or self-attentional (Vaswani

et al., 2017; Al-Rfou et al., 2019) neural networks. These models are of interest scientifically as

one of the purest tests of our ability to capture the intricacies of human language mathematically
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(Linzen et al., 2016; Kuncoro et al., 2017; Petroni et al., 2019). They also have broad downstream

applications in generating text in systems such as machine translation (Bahdanau et al., 2015),

summarization (Rush et al., 2015), or dialog generation (Sordoni et al., 2015b), as well as in the

unsupervised representation learners that now power many applications in NLP (Devlin et al.,

2018; Liu et al., 2019a; Yang et al., 2019).

However, there has been a recent move towards non-parametric neural LMs (Guu et al., 2018;

Khandelwal et al., 2020) that generate sentences by first selecting examples from an external

datastore. For instance, Khandelwal et al. (2020) model the token-level probability at test time

by interpolating the language model with a kNN distribution from the nearest context-token

pairs in the datastore, while Guu et al. (2018) store external memories on sentence level and

feature a prototype-then-edit process of (1) selecting a prototype sentence from a the prototype

datastore, and (2) editing this prototype to the final desired output. In this chapter, we focus on

the prototype-then-edit model family which is a lot lighter relatively in terms of memory and time

cost at test time.

Intuitively, these non-parametric LMs are attractive because they help remove some of the

pressure on the parametric model to memorize the entirety of the language it must model. These

intuitive advantages are also borne out in superior performance on language modeling tasks (Guu

et al., 2018; Khandelwal et al., 2020), as well as down-stream applications such as dialogue

response generation (Weston et al., 2018; Wu et al., 2019), machine translation (Gu et al., 2018b;

Bapna and Firat, 2019; Khandelwal et al., 2021), and code generation (Hashimoto et al., 2018;

Hayati et al., 2018). In addition, the prototypes and continuous representations of the edits in

prototype-based models lend an element of interpretability to the modeling process. On the

downside, however, previous prototype-driven generation methods usually need to store and index

a large prototype candidate pool (in general the whole training dataset), leading to significant

issues with memory and speed efficiency at test time.

In this chapter, we hypothesize that, in fact, a small set of prototypes is sufficient to achieve the

great majority of the gains afforded by such non-parametric models. Intuitively, in a large corpus

many sentences look very similar and may be represented by minor transformations of a single

prototype sentence. For example, the sentence “I ordered a burger with fries” can serve as the

prototype for data samples with the form “I ordered [NOUN PHRASE] with [NOUN PHRASE]”.

This is evidenced by Guu et al. (2018)’s observation that 70% of the test set in the Yelp restaurant

review corpus (Yelp, 2017) is within word-token Jaccard distance 0.5 of one training sentence.

To take advantage of this intuition, we propose a novel generative model that samples pro-

totypes from a latent prototype distribution, which itself is sampled from a symmetric Dirichlet
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Figure 7.1: Left: the proposed generative model to generate data by editing prototypes. Shaded

circles denote the observed variables and unshaded denote the latents. Prototypes are sampled

from a sparse prototype distribution which itself is a random variable sampled from a Dirichlet

prior distribution. Right: the inference diagram of the model, with q(tn|xn) being the prototype

retriever and q(zn|tn,xn) being the inverse editor.

prior, as shown in Figure 7.1 (Section 7.3.1). The Dirichlet prior with appropriate hyperparam-

eters is able to encourage a sparse prototype selection distribution, allowing us to reduce the

prototype support set at test time to greatly improve efficiency. Moreover, we utilize amortized

variational inference (Kingma and Welling, 2014) to train our model, which introduces a learnable

prototype retriever to identify prototypes useful for generating each sentence (Section 7.3.2). This

is different from (Guu et al., 2018) where prototypes for each sentence are fixed before training

through edit distance heuristics.

We evaluate our approach on the MSCOCO (Lin et al., 2014) and Yelp restaurant review (Yelp,

2017) corpora. Our method is able to improve perplexity over the neural language model baseline

by up to 14 points and previous neural editor model by 6 points while achieving over 1000x

memory savings and a 1000x speedup at test time (Section 7.4.2). Interestingly, we find that

the learned prototypes are able to represent different features when varying sparsity levels – a

strong sparsity prior forces the model to share prototypes and the induced prototypes turn out

to represent more generic features (e.g. syntactic form of the sentence). On the text generation

side, our model is able to generate sentences that resemble the given prototype while allowing for

smooth interpolation on the edit space as well (Section 7.4.3).
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7.2 Background

The prototype-then-edit framework defines a non-parametric way to augment text generation

models. Formally, given a corpus X = {xn}Nn=1,1 the model generates each observed example xn

by: (1) retrieving a prototype sequence tn, (2) generating a continuous edit representation zn, and

(3) generating xn conditioned on tn and zn. These intermediate prototype and edit representation

variables can depend on extra context in conditional generation tasks (Hodosh et al., 2013; Gu

et al., 2018b), or are randomly sampled in unconditioned language modeling. In this chapter, we

focus on the latter, but our methods could likely be applied to the former as well.

For unconditioned language modeling, Guu et al. (2018) define the data likelihood as:

p(X) =
∏
n

∑
tn

∫
zn

p(zn)p(tn)pγ(xn|tn, zn)dzn, (7.1)

where p(tn) is the prior distribution over prototypes and defined as a uniform distribution over

all training examples, p(zn) is a continuous distribution over the edit vector, and pγ(xn|tn, zn)
represents a sequence-to-sequence model parameterized by γ. This model is referred to as the

neural editor. Guu et al. (2018)’s stated goal of the neural editor is to take direct advantage

of training examples to improve language modeling performance while capturing interpretable

semantic or syntactic properties in the latent prototype and edit vector variables. However, because

the prototypes are selected from the entire training dataset, such a formulation sacrifices memory

and speed efficiency due to the necessity of indexing and searching every training example at test

time. In the following section, we detail our approach to mitigate this issue through the learning

of sparse prototypes.

7.3 Method

First we present our our proposed generative model, then we describe the learning and inference

techniques for this model class.

7.3.1 Model Structure

In the previous formulation, Eq. 7.1, maintaining the entire training dataset at test time is necessary

due to assuming a uniform prior over prototypes p(t). Motivated by the hypothesis that a much

1Below, we sometimes ignore the subscript to simplify notation when there is no confusion.
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smaller prototype set would suffice to achieve comparable performance, however, we believe

that p(t) can be a sparse distribution where the probability mass concentrates on only a few

representative prototypes. Since which training examples are representative as prototypes is

unknown in advance, we propose to model the prototype distribution p(t) as a latent variable,

endowing the model with freedom to infer a sparse prototype posterior automatically. We define

θ ≡ p(t) and further assume that the latent prototype distribution θ is sampled from a prior

distribution pα(θ) (detailed below) which is able to encourage a sparse probability distribution,

given appropriate hyperparameters. The graphical model is depicted in Figure 7.1, which gives

the following joint likelihood:

p({xn, tn, zn}Nn=1, θ;α,γ) = pα(θ)
∏
n

p(tn|θ)p(zn)pγ(xn|tn, zn). (7.2)

The log marginal likelihood of the data, which we will approximate during training is:

log p(X;γ, α) = log

∫
θ

pα(θ)
[∏

n

∑
tn

∫
zn

p(tn|θ)p(zn)pγ(xn|tn, zn)dzn
]
dθ. (7.3)

This is a general framework for learning sparse prototypes that we refer to as the sparse neural

editor, and in this work we specifically experiment with the following parameterization to

instantiate this model class:

Prior over prototype distribution pα(θ): We employ the Dirichlet distribution as pα(θ):

pα(θ) ∝
∏N

k=1 θ
αk−1
k . The support of Dirichlet distribution is the standard N − 1 probabil-

ity simplex. Here we use the symmetric Dirichlet distribution which has the same α value for all

components since we have no prior knowledge favoring one component over another. α is positive

and also referred to as the concentration parameter, where smaller α prefers a sparser prototype

distribution θ, with α = 1 equivalent to a uniform distribution over the probability simplex. In our

experiments, we often choose α < 1 to encourage sparsity.

Prior over edit vector p(z): We follow Guu et al. (2018) and utilize a von-Mises Fisher

(vMF) distribution to model p(z). The vMF distribution places mass on the surface of the unit

sphere, and is parameterized by the mean direction vector µ and concentration parameter κ as

vMF(·|µ, κ). Thus, information about the edit is captured through the directions of different

unit vector samples. Xu and Durrett (2018) empirically show that the vMF distribution has the

advantage of overcoming posterior collapse that plagues a large amount of previous work in

latent variable models of text (Bowman et al., 2016; He et al., 2019). While Guu et al. (2018)
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add additional randomness on the norm of edit vectors by multiplying the vMF distribution with

another uniform distribution, we sample edit vectors from a uniform vMF distribution directly,

which simplifies the model but we nonetheless found sufficient to obtain competitive results.

Formally, we define p(z) = vMF(z|·, 0).

The editor pγ(x|t, z): Generally pγ(x|t, z) can be parameterized by any standard Seq2Seq

model with the edit vector z incorporated. To compare with Guu et al. (2018) directly in the

experiments, in this work we adopt the same attentional LSTM architecture (Hochreiter and

Schmidhuber, 1997). z is utilized to predict the initial hidden state of the decoder and concatenated

to the input for the decoder.

7.3.2 Learning and Inference

Ideally the log marginal likelihood in Eq. 7.3 should be optimized during training. However,

computation is intractable due to marginalization of latent variables, and we resort to amortized

variational inference (Kingma and Welling, 2014), optimizing its evidence lower bound (ELBO)

instead:

log p(X;γ, α) ≥ LELBO(X;γ, α,ϕt|x,ϕz|t,x,λ)

=
∑
n

{
Eqϕt|x (tn|xn)qϕz|t,x (zn|tn,xn)[log pγ(xn|tn, zn)]︸ ︷︷ ︸

reconstruction log likelihood Lrec

− Eqϕt|x (tn|xn)[DKL(qϕz|t,x(zn|tn,xn)||p(zn))]

− Eqλ(θ)[DKL(qϕt|x(tn|xn)||p(tn|θ))]
}
−DKL(qλ(θ)||pα(θ)),

(7.4)

where q represents the variational distribution to approximate the model posterior distribution and

admits the following factorization form:

q(θ, {tn, zn}Nn=1|X;λ,ϕt|x,ϕz|t,x) = qλ(θ)
∏
n

qϕt|x(tn|xn)qϕz|t,x(zn|tn,xn). (7.5)

Note that we make conditional independence assumption between θ and other latent vari-

ables in q to simplify the approximate posterior, following common practice in traditional

mean field variational inference. The inference diagram is depicted in Figure 7.1. The opti-

mal qλ(θ) to maximize Eq. 7.4 is a Dirichlet distribution parameterized by λ ∈ RN
+ (proof

is in Appendix .1), i.e., qλ(θ) = Dir(θ;λ).2 And qϕt|x(t|x) = Cat(t; fϕt|x(x)), the proto-

type retriever, is a categorical distribution over training examples parameterized by a neural
2qλ(θ) is not symmetric and λ is a vector.
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network fϕt|x(x). We assume qϕz|t,x(z|t,x), the inverse neural editor, is a vMF distribution

qϕz|t,x(z|t,x) = vMF(gϕz|t,x(t,x), κ) where the mean direction parameter is from an encoder

g that encodes t and x parameterized by ϕz|t,x, and the scalar concentration parameter κ is a

hyperparameter. Pre-fixing κ results in a constant KL divergence term associated with z and

proves to be effective to mitigate the posterior collapse issue (Xu and Durrett, 2018) where x and

z become independent. Yet there might be still posterior collapse on t where, for example, the

prototype retriever always predicts a uniform distribution or a degenerate distribution concentrated

on a certain prototype regardless of x. To overcome this issue, we follow (Li et al., 2019) to

combine annealing (Bowman et al., 2016) and free-bits techniques (Kingma et al., 2016) and

apply them to the term Eqλ(θ)[DKL(qϕt|x(tn|xn)||p(tn|θ))].
Notably, the variational distribution family defined in Eq. 7.5 admits tractable closed-form

expressions of all three KL divergence terms in Eq. 7.4 (detailed derivations and expressions

are in Appendix .1). To compute the reconstruction log likelihood Lrec, expectations over z

can be efficiently approximated by the reparameterization trick for the vMF distribution (Guu

et al., 2018). However, the prototype t is discrete and non-differentiable, and summing over all

prototypes t to compute Lrec is infeasible due to the evaluation burden of log pγ(x|t, z). Thus, we

use the REINFORCE algorithm (Williams, 1992) to compute the gradients of ϕt|x contributed

from Lrec as:

∂Lrec

∂ϕt|x
=

1

L

L∑
l=1

(
Eqϕz|t,x (z|t

(l),x)

[
log pγ(x|t(l), z)

]
− b
)∂ log qϕt|x(t

(l)|x)
∂ϕt|x

, (7.6)

where t(l) are samples from qϕt|x(t|x). We use an average reward from L samples as the baseline

b. The neural parameters γ,ϕt|x,ϕz|t,x are updated with stochastic gradient descent to maximize

Eq. 7.4. With respect to the posterior Dirichlet parameter λ, we found in preliminary experiments

that classic gradient descent was unable to update it effectively – λ was updated too slowly and

the Dirichlet prior became decoupled with the model. Thus, we instead update λ with stochastic

variational inference (SVI, Hoffman et al. (2013)) based on the formula of the optimal λ∗ given

qϕt|x(t|x) (derivations can be found in Appendix .1):

λ∗
k = α +

∑N

n=1
qϕt|x(tn = xk|xn). (7.7)

It is infeasibly expensive to keep λ optimal under current qϕt|x(t|x) at each training step, as it

would involve summing over all training examples. Thus we perform SVI, which uses a batch of

examples to approximate Eq. 7.7, leading to the following update form:

λ
(t)
k = (1− ρt)λ

(t−1)
k + ρt

(
α +

N

B

∑B

i=1
qϕt|x(ti = xk|xi)

)
, ρt = (t+ σ)−τ , (7.8)
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where B is the batch size, ρt is the step-size at iteration t, τ ∈ (0.5, 1] is the forgetting rate, and

σ ≥ 0 is the delay parameter to down-weight early iterations.

We note that our training algorithm is different from Guu et al. (2018) in that we use a learnable

prototype retriever qϕt|x(t|x) to derive a lower bound as the objective while Guu et al. (2018)

directly approximate marginalization over t. They use heuristics to fix the prototype set for each x

to be examples similar to x in terms of edit distance, which might produce suboptimal prototypes

for the generative model and also does not permit the learning of sparse prototype support.

Sparsity and scalability: After training we expect to be able to infer a sparse prototype

distribution θ with most components being almost zero, based on which we can prune and store the

entries over a particular probability threshold only, improving memory- and time-efficiency at test

time. Specifically, we compute mean of θ under the Dirichlet posterior: Eqλ(θ)[θk] = λk/
∑

i λi,

and then take the largest M entries that occupy 90% of the probability mass. At test time, we only

maintain these M prototypes and the prototype retriever qϕt|x(t|x) is re-normalized accordingly.

One issue present during training is that qϕt|x(t|x) cannot fit into memory when dealing with large

datasets since it is a categorical distribution over all training examples. In this work, we randomly

downsample a subset of training data as our prototype library before training if memory is unable

to fit all training examples, and learn the sparse prototypes on top of this subsampled corpus. This

acts like a rough pre-filtering and in Section 7.4 we show that it suffices to learn good prototypes

and achieve competitive language modeling performance. We leave more advanced techniques to

address this issue (e.g. dynamically updating the prototype library) as future work.

Architectures: We now describe the neural architectures we use for the prototype retriever

q(t|x) and inverse neural editor q(z|t,x). q(t|x) is defined as:

q(t = xk|x) ∝

exp
(
h(xk,x)/µ

)
if xk ̸= x

0 if xk = x,
h(xk,x) = Embed(xk)

⊤WEmbed(x),

(7.9)
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Figure 7.2: Example of aligned sequences.

where we prevent selecting the data exam-

ple itself as the prototype during training to

avoid overfitting. Embed(·) is a pretrained

sentence encoder, W is a linear transformation

matrix, and µ is a temperature hyperparameter

108



to control the entropy of qϕt|x(t|x), which is critical to stabilize the Reinforce algorithm at the

initial training stage. To ease the computation of encoding all training examples at each update

step, we fix the parameters of Embed(·) and update W only, which proves to be sufficient in our

experiments. We use the average embeddings of the last layer in pretrained BERT (Devlin et al.,

2018)3 as our sentence encoder.

While Guu et al. (2018) uses sum of inserted/deleted word vectors as the mean direction

parameter of vMF distribution q(z|t,x), we choose a more powerful encoder following recent

advances on representing edits (Yin et al., 2019). Specifically, a standard diffing algorithm is run

to compute an alignment of tokens in t and x, and produces two aligned sequences t′,x′ and an

additional edit sequence that indicates edit operation + (insertion), − (deletion),↔ (substitution),

and = (equal) at each position. We use ∅ to denote padding. This is illustrated in Figure 7.2.

Word embeddings of all three sequences are concatenated and fed into a single-layer LSTM to

obtain the edit representation.

7.4 Experiments

Our experiments below are designed to (1) examine the efficacy of the proposed sparse neural

editor on language modeling, (2) examine the efficiency of sparse neural editor on memory savings

and speed-up at test time, and (3) demonstrate the interpretable semantics/syntax captured by

prototypes and edit vectors.

7.4.1 Setup

We perform experiments on three different-scale datasets to test our method in different scenarios:

• MSCOCO (Lin et al., 2014): MSCOCO is an image caption dataset and we only focus on

its captions as our data. The average length of captions is 12.6. The sentences do not have

complex variations and are easy to find similar sentences as prototypes. We randomly sample

40K sentences as our training data and 4K as validation and test set respectively. This dataset

represents a simple and small-scale setting to test our approach.

• Yelp Medium/Yelp Large: These datasets consist of sentences from Yelp restaurant reviews (Yelp,

2017) preprocessed by Guu et al. (2018), allowing us to perform a direct comparison with

their method. The medium and large datasets consist of 1.5M and 17M sentences respectfully,

3We use pretrained uncased BERT base from the transformers library (Wolf et al., 2019).
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allowing us to test in moderate and relatively large data settings respectively. Note that Yelp

Medium is obtained by further filtering Yelp Large to keep sentences that are generally shorter

and have less variations, but the test sets for these two are the same.

Baselines: We mainly consider neural language models (NLM) and the neural editor (Guu et al.,

2018) as our baseline. It is worth noting that the neural editor model does not have likelihood

defined on test sentences that are not similar to any example in the prototype library, thus it is

necessary to interpolate with another NLM at test time for smoothing purposes, while our model

is able to be used on its own. Note that we only report the neural editor baseline on Yelp Large

since their public code is not ready to run on other datasets due to the required pre-built index to

retrieve prototypes.

Evaluations: We evaluate language modeling performance with perplexity (PPL). For our

model, we approximate the log marginal data likelihood through 1000 importance-weighted latent

variable samples (Burda et al., 2015) and compute PPL based on this likelihood. At test time our

approach prunes and has access to only M prototypes that occupy 90% probability mass of the

posterior prototype distribution as described in Section 7.3.2. We report M as “#prototypes”.

To have an intuitive notion about how similar the prototype and data examples are, we compute

average of smoothed sentence-level BLEU scores (Lin and Och, 2004) of the data examples on

the validation set with their most likely prototype as the reference. We also report BLEU scores

based on part-of-speech sequences (POS-BLEU)4 to view the similarity from a more syntactic

perspective. Test speed is evaluated on a single Nvidia 1080 Ti GPU.

Hyperparameters: We try different Dirichlet prior parameters α to control the sparsity and

report different sparsity settings for all the datasets. The temperature parameter µ in the prototype

retriever q(t|x) is tuned on the MSCOCO validation data and set as 0.3 for all datasets. The

concentration parameter κ of the vMF distribution is tuned and set as 30 for MSCOCO and Yelp

Medium and 40 for Yelp Large. The number of Reinforce samples L is set as 10 across all datasets.

We sample 50K examples for Yelp Medium and 100K examples for Yelp Large as our training

prototype library to address the training memory issue discussed in Section 7.3.2. We employ

the same attentional LSTM Seq2Seq model as in Guu et al. (2018) to parameterize pγ(x|t, z) for

a direct comparison. Our implementation is based on the fairseq toolkit (Ott et al., 2019) and

complete hyperparameter settings can be found in Appendix .2.

4POS tagging is performed using the Stanza library (Qi et al., 2020).
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Table 7.1: Results on three datasets. Numbers in the parentheses indicate the percentage of

prototypes over all training examples. BLEU score is computed by comparing validation examples

against their most likely prototypes. POS-BLEU represents the BLEU score on part-of-speech

sequences. We also list BLEU scores from random prototype retrieval as a reference point. Results

in the starred entry (∗) are obtained by running the public code of the neural editor.

Dataset Model PPL↓ #prototypes test speed (sent/s)↑ BLEU POS-BLEU

MSCOCO

random retrieval – – – 10.9 31.6

NLM 20.0 – 3714 – –

Sparse Neural Editor (α = 10−3) 18.9 25 (0%) 388 13.2 38.8

Sparse Neural Editor (α = 0.1) 18.6 778 (2%) 313 17.2 42.5

Sparse Neural Editor (α = 0.2) 19.0 16K (40%) 250 20.9 46.7

Sparse Neural Editor (α = 0.3) 19.2 22K (56%) 217 22.2 47.9

Yelp Medium

random retrieval – – – 8.1 17.8

NLM 74.7 – 236 – –

Sparse Neural Editor (α = 10−3) 63.6 77 (0%) 157 12.3 24.7

Sparse Neural Editor (α = 0.5) 61.9 1.5K (0.1%) 107 21.6 38.4

Sparse Neural Editor (α = 10) 63.2 31K (2.1%) 95 29.9 48.3

Yelp Large

random retrieval – – – 6.6 16.0

NLM 34.2 – 272 – –

Sparse Neural Editor (α = 0.7) 30.2 2K (0.01%) 108 10.5 24.8

Sparse Neural Editor (α = 10) 30.3 5.5K (0.03%) 98 10.8 25.3

Interpolated w/ NLM

Neural Editor (Guu et al., 2018) 26.9 17M (100%) – – –

Neural Editor (our runs)∗ 31.2 17M (100%) 0.1 – –

Sparse Neural Editor (α = 0.7) 20.2 2K (0.01%) 108 10.5 24.8

7.4.2 Results

Results are shown in Table 7.1. Our sparse neural editor outperforms the NLM baseline across all

datasets in terms of PPL, often by a large margin. When interpolated with an NLM at test time,

our method outperforms the NLM baseline by 14 PPL points and neural editor by 6.7 PPL points.5

This effect is also observed in (Guu et al., 2018) – prototype-driven language models are especially

strong at modeling test sentences that have similar prototypes but relatively weak at modeling

others, thus interpolation with a normal NLM is likely to help. Furthermore, in line with the

5For a fair comparison, we interpolate with the same pretrained NLM from (Guu et al., 2018).
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goal of this work to learn a sparse prototype set, our method is able to achieve superior language

modeling performance while utilizing only a small fraction of training examples as prototypes.

This verifies our hypothesis that a sparse prototype set suffices for such non-parametric language

modeling. Also, sparsity learned in our model allows for over a 1000x memory savings and 1000x

speed-up6 at test time on Yelp Large compared with a previous neural editor that memorizes all

training examples.

Table 7.1 demonstrates the trend that a smaller Dirichlet hyperparameter α leads to a sparser

prototype set, which agrees with our expectation. BLEU scores are also improved as α increases,

implying that the less sparse the prototype set the closer the match between the sentence and

its prototype. Interestingly, the BLEU score on Yelp Large is a bit low and the model tends to

generally favor sparse prototypes. We suspect that this is because it is difficult to learn prototypes

that capture fine-grained semantic features and large sentence variations among 17M examples

with a limited prototype memory budget, thus the model has to learn prototypes that represent

more generic shared features among examples to reach an optimum – for example, the syntactic

feature as somewhat reflected by the decent POS-BLEU scores.

We want to emphasize that different sparsity may lead to different notions of prototypes and

it is hard to judge which one should be preferred – memorizing more prototypes pays cost on

language modeling performance and does not necessarily produce better PPL. Also, prototypes

that are “less similar” to the examples on the superficial level but capture coarse-grained features

may have potentially interesting application on sentence generation since the model is able to

generate more diverse output conditioned on prototypes.

7.4.3 Analysis

How do prototypes change when they grow sparser? In Table 7.1 we notice the BLEU scores

usually drop when the prototype set is sparser, implying the learned prototypes change in some

way under different sparsity settings. Here we take the Yelp Medium dataset as an example to

analyze how prototypes are trained to capture sentence attributes differently in the sparse (α = 0.5)

and relatively dense (α = 10) situations. Specifically, we align prototype and example sequences

to minimize edit distance, and focus on words that were aligned between the two sequences. This

6We include the time to retrieve prototypes for new test sentences when computing test speed. We use Guu et al.

(2018)’s public implementation of the neural editor, where the computation of edit distance between all training

examples and test sentences to find nearest neighbors accounts for much of the runtime. More efficient implementation

of this operation, for example through tries, may speed this to some extent.
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Table 7.2: Number of matching tokens between examples and their prototypes on the Yelp Medium

validation set. Results are reported in cluster of POS tags. Relative changes that are larger than

the overall change are bolded.

Model Overall NOUN DET AUX PRON ADJ VERB CCONJ

Sparse Neural Editor (31K prototypes) 91.2K 14.4K 9.6K 9.3K 9.0K 7.2K 6.4K 5.5K

Sparse Neural Editor (1.5K prototypes) 74.7K 9.9K 8.5K 8.2K 7.3K 5.6K 4.4K 5.0K

Relative Change -18.1% -31.3% -11.5% -11.8% -18.9% -22.2% -31.3% -9.1%

Table 7.3: Qualitative examples of prototypes when using denser and sparser prototype supports.

Data Examples Prototypes

the best corned beef hash i ’ve ever had !
(dense) the best real corned beef hash i ’ve had .

(sparse) the chicken satay is the best i ’ve ever had .

the grilled chicken was flavorful , but too flavorful .
(dense) the chicken was moist but it lacked flavor .

(sparse) my sandwich was good but the chicken was a little plain .

i asked her what time they close and she said

(dense) i asked what time they closed <date> , and was told <cardinal> .

(sparse) we asked how long the wait was and we were informed it

<cardinal> o’clock . would be <time> .

Table 7.4: Qualitative examples from the MSCOCO dataset on interpolated sentence generation

given the prototype. The first row is the given prototype, the second-row and the last-row sentences

are obtained by sampling edit vectors from the prior, the rest three sentences are generated by

interpolating between the two edit vectors.

Prototype: A man is using a small laptop computer Prototype: A cat sitting on a sidewalk behind a bush

A man is using his laptop computer with his hands on the keyboard A cat laying on top of a wooden bench

A man is using a laptop computer with his hands on the keyboard A cat standing next to a tree in a park

A man is using a laptop computer while sitting on a bench Two cats sitting on a bench near a park bench

A man is using a laptop computer in the middle of a room A dog sitting on a bench near a park bench

A young man is using a laptop computer in the middle of a room A dog sitting on a bench near a park bench

allows us to obtain a notion of what kind of words are more likely to be kept the same as the

prototype during the model’s editing process and how this pattern changes in different sparsity

settings. We cluster these matched words in terms of POS tag and report the most common ones.7

Results are shown in Table 7.2. While the overall number of matching tokens decreases as the

7Note that alignment is performed on word sequences instead of POS sequences.
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Table 7.5: Comparison with Neural Editor that uses heuristic pre-clustering to select a sparse

prototype support. The results are on MSCOCO dataset.

Model PPL↓ #prototypes BLEU POS-BLEU

NLM 20.0 – – –

Neural Editor (pre-cluster) 19.5 778 17.9 40.4

Sparse Neural Editor 18.6 778 17.2 42.5

prototype set becomes sparser, the content words exhibit a more drastic change (e.g. the nouns,

adjectives, and verbs). In contrast, the function words experience a moderate decrease only (e.g.

the determiners, auxiliaries, and coordinating conjunctions). This shows that the model tends to

learn prototypes that drop fine-grained semantic distinctions but keep the same general syntax

when a sparsity constraint is enforced, which is not surprising since it is difficult for a limited

number of prototypes to capture large semantic variations in a large dataset. We list qualitative

examples in Table 7.3 to demonstrate this phenomenon, where some content words such as “beef”

or “chicken” differ between data examples and prototypes in the sparser setting, yet these words

do not change in the dense setting.

Ablation Study on Pre-clustering Prototypes: There is a simple method that is able to endow

the neural editor baseline with sparse prototypes – pre-clustering the training examples and

using only a subset of the them as the prototype pool during training and test. To compare the

effectiveness of this heuristic sparse prototypes and our learned sparse prototypes, we experiment

this baseline on MSCOCO dataset and pre-cluster 778 prototypes that correspond to our setting

α = 0.1. Concretely, we run k-means to obtain 778 clusters of training sentences embedded

by Sentence-BERT (Reimers and Gurevych, 2019b) which produces state-of-the-art semantic

sentence embeddings.Then for each cluster we identify one prototype whose embedding is the

closest to the cluster centroid. We use these 778 prototypes in the neural editor model (Guu et al.,

2018) and train with the same objective as Guu et al. (2018).8 Results are shown in Table 7.5. Our

method outperforms the neural editor with the same number of prototypes and presents similar

BLEU scores, which demonstrates the superiority of learned prototypes over the heuristically

selected prototypes.

8The prior over edit vector p(z) and the inverse neural editor q(z|t,x) in sparse neural editor is different from the

original neural editor model. For a fair comparison we use p(z) and q(z|t,x) described in this paper for the neural

editor baseline here.

114



Interpolation on the edit vector space: We take our model with 1.5K prototypes on the

MSCOCO dataset (i.e. α = 0.1) and perform sentence interpolation in edit vector space. Specifi-

cally, we sample two edit vectors from the uniform vMF prior to produce two sentences for each

prototype with beam search decoding, then we perform spherical linear interpolation of the two

edit vectors to generate interpolated sentences in-between. Qualitative examples in Table 7.4

(more examples in Appendix .3) show that the edit vectors are able to smoothly capture minor

edits over the given prototypes.

7.5 Summary

In this work, we propose a novel generative model that discovers a sparse prototype set au-

tomatically by optimizing a variational lower bound of the log marginal data likelihood. We

demonstrate its effectiveness on language modeling and its efficiency advantages over previous

prototype-driven generative models. The framework proposed here might be generalized to

automatically discover salient prototypes from a large corpus. New kinds of prototype structure

in text might be discovered through either injecting different biases into the model (e.g. sparsity

biases in this paper), or incorporating prior knowledge into the prototype library before training.

Finally, the approach might be easily extended to conditional generation (e.g. with the edit vectors

depending on other data input), and we envision that inducing a sparse prototype set in this case

may potentially facilitate controlling text generation through prototypes. We leave exploration in

this direction as our future work.
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Chapter 8

Efficient Nearest Neighbor Language
Models

The previous chapter focuses on the retrieval efficiency of latent prototype models, where the

retrieval happens on the sentence level. In this chapter, we aim to optimize the retrieval efficiency

of another token-level, retrieval-augmented language model – the nearest neighbor language

model (Khandelwal et al., 2020), where the model retrieves multiple tokens for each token to be

predicted. We propose and explore three different techniques to reduce the datastore size and

speed-up the evaluation of the token-level retrieval. This work is presented in:

• Junxian He, Graham Neubig, Taylor Berg-Kirkpatrick. Efficient Nearest Neighbor Lan-

guage Models. In Proceedings of the 2021 Conference on Empirical Methods in Natural

Language Processing (EMNLP), 2021

8.1 Introduction

Language models (LMs) are one of the most fundamental technologies in NLP, with applications

spanning text generation (Bahdanau et al., 2015; Rush et al., 2015), representation learning (Peters

et al., 2018; Devlin et al., 2019a; Yang et al., 2019), and few-shot learning (Radford et al., 2019;

Brown et al., 2020). Modern neural language models (NLMs) based on recurrent (Mikolov et al.,

2010; Sundermeyer et al., 2012) or self-attentional (Vaswani et al., 2017; Al-Rfou et al., 2019)

neural networks are mostly parametric, where the predictions are solely dependent on the model

parameters given the input data.

In contrast, recent non-parametric LMs (Guu et al., 2018; Khandelwal et al., 2020; He et al.,
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Figure 8.1: Perplexity (ppl) and evaluation speed for different models. Circled points represent

the neural language model (NLM) and k-nearest neighbors language model (kNN-LM ) baselines

respectively, while others are the methods that we propose and explore in this chapter.

2020a) model text distributions by referencing both the parameters of the underlying model and

examples from an external datastore. Non-parametric LMs are appealing since they allow for

effective language modeling – particularly for rarer patterns – through explicit memorization via

a datastore, which mitigates the burden on model parameters to learn to encode all information

from a large dataset. One effective and representative example is the k-nearest neighbors LM

(kNN-LM, Khandelwal et al. (2020)). The kNN-LM computes the probability of the next token

by interpolating a parametric LM with a distribution calculated from the k nearest context-token

pairs in the datastore, as demonstrated in Figure 8.2. This model is particularly notable for its

large improvements in performance – it outperforms the previous best parametric LMs by a large

margin in standard language modeling benchmarks, in domain adaptation settings, and on other

conditional generation tasks such as machine translation (Khandelwal et al., 2021).

However, one downside to the kNN-LM is that the datastore stores high-dimensional dense

vectors for each token in the training data; this can easily scale to hundreds of millions or even

billions of records. As a result, the extra retrieval step from such datastores greatly decreases

model efficiency at test time. For example, a 100M-entry datastore can lead to an over 10x

slow-down compared to parametric models (§8.3.3) as shown in Figure 8.1. This issue poses a

serious hurdle for the practical deployment of non-parametric LMs, despite their effectiveness.

In this work, we attempt to address this issue of test-time inefficiency and make non-parametric

LMs more applicable in real-world settings. We take kNN-LM as an example, first analyzing the

evaluation overhead, and raise three questions that we aim to answer in this chapter: (1) Do we
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query

Figure 8.2: Illustration of kNN-LM . The datastore consists of paired context representations

and the corresponding next tokens. The index represents a method that performs approximate

k-nearest neighbors search over the datastore. Red and bolded text represent three dimensions

that we explore in this chapter to improve the efficiency. In adaptive retrieval, we use a predictive

model to decide whether or not to query the datastore.

really need to perform retrieval on the prediction of every single token? (2) Can we identify and

prune redundant records from the datastore? (3) Is it possible to further compress the datastore by

reducing the vector dimensionality without losing performance? We propose and explore potential

solutions for each question to aid efficiency. Specifically, we (1) show that a lightweight network

can be learned to automatically prune unnecessary retrieval operations (adaptive retrieval, §8.4.1),

(2) explore several different methods for datastore pruning based on clustering, importance-guided

filtering, or greedy merging (§8.4.2), and (3) empirically demonstrate that simple dimension

reduction techniques are able to improve both the performance and speed (§8.4.3). Figure 8.1

illustrate the overall performance of these methods. Our experiments on the WikiText-103

language modeling benchmark (Merity et al., 2017) and a training-free domain-adaptation setting

demonstrate speed improvements of up to 6x with comparable perplexity to the kNN-LM. On a

higher level, we expect the empirical results and analysis in the chapter to help researchers better

understand the speed-performance tradeoff in non-parametric NLMs, and provide a springboard

for future research on more efficient non-parametric LMs.

8.2 Nearest Neighbors Language Model

In this section, we overview kNN-LM (Khandelwal et al., 2020) and its implementation details.
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Formulation. kNN-LM (Khandelwal et al., 2020) is an LM that estimates token distributions by

interpolating a pre-trained autoregressive NLM’s distribution with another distribution computed

using an external datastore. Specifically, given a sequence of context tokens ct = (w1, · · · , wt−1),

the kNN-LM’s next token probability p(wt|ct) is calculated through the interpolation of the

probability estimated by a standard parametric NLM pNLM(wt|ct) and a probability computed

using an external datastore pkNN(wt|ct) (detailed later):1

p(wt|ct)

= λpkNN(wt|ct) + (1− λ)pNLM(wt|ct),
(8.1)

where λ is the interpolation hyperparameter. Note that the application of kNN-LM requires no

additional training; the parameters of the NLM remain as-is, and Eq. 8.1 is only applied at test

time. The workflow of kNN-LM is shown in Figure 8.2

Datastore. The datastore in kNN-LM stores context vectors from the pretrained NLM as keys,

and their corresponding next tokens as values. Formally, let f be the key function that maps

context sequence c to a fixed-size vector, then the datastore (K,V) contains all the key-value pairs

constructed from the entire training examples D:

(K,V) = {(f(ct), wt)|(ct, wt) ∈ D}. (8.2)

The size of such a datastore is almost equal to the number of training tokens because the context

ct is (nearly) unique due to the large context window size in modern recurrent (Sundermeyer et al.,

2012) or self-attentional (Vaswani et al., 2017) NLMs. This suggests that the datastore can easily

scale to hundreds of millions or even billions of records. Also, each f(ct) is a high-dimensional

dense vector, which makes the datastore difficult to fit in memory. For example, a datastore from

a 100M-token training dataset, using 1024-dimension context vectors at 16-bit precision, could

require 200GB of memory.2

The Nearest Neighbor Distribution pkNN(wt|ct). At inference time, the kNN-LM (1) computes

the context vector f(c) from the current sequence using the pretrained NLM, (2) uses f(c) as

1Below, we sometimes ignore the subscript to simplify notation when there is no confusion.
2Note that the dataset to contruct the datastore may not necessarily be the training data that trains the parametric

NLM in Eq. 8.1 – a separate dataset may be used for the datastore construction which would lead to potential

applications such as training-free domain adaptation or a gradient-free way to utilize extra training data (Khandelwal

et al., 2020).
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the query to retrieve k nearest neighbors N = {(qi, vi)|i = 1, · · · , k} from the datastore, and (3)

aggregates the retrieved tokens to form the distribution pkNN(w|c) to be used in Eq. 8.1 as:

pkNN(w = y|c)

∝
∑

(qi,vi)∈N

Ivi=y exp(−d(qi, f(c))). (8.3)

d(·, ·) is a distance function between the two vectors, and L2 was shown to be more effective

than other alternatives (Khandelwal et al., 2020). Intuitively, kNN-LM finds context sequences in

the datastore that are similar to the test context, and then utilizes the next tokens observed after

these contexts to help prediction. Such a mechanism allows language modeling through explicit

memorization from the datastore, and may be particularly helpful for patterns rarely seen by the

pretrained NLM (Khandelwal et al., 2020, 2021).

Sources of Inference Overhead. The extra inference overhead stems from the kNN search

process in pkNN(wt|ct) computation. We denote the inference time per token as t = tNLM + tkNN.

While tNLM remains constant with different datasets, tkNN unfortunately grows as the datastore

scales.

In practice, the kNN search process is often performed only approximately (ANN, Gionis

et al. (1999); Muja and Lowe (2009)) to reduce computational cost. Khandelwal et al. (2020)

implemented ANN search in kNN-LM3 using FAISS (Johnson et al., 2021), which combines

inverted file systems (Sivic and Zisserman, 2003) and product vector quantization (Jégou et al.,

2011). This type of index reduces memory usage by only storing quantized vectors and accelerates

kNN search by pre-clustering the datastore vectors; interested readers can refer to (Jégou et al.,

2011) for more details. For the purpose of this work we study kNN-LM using this indexing

method as a black box, aiming to improve efficiency in an index-agnostic way. At the same time,

we note that building fast and accurate indexing methods remains an active area of research (André

et al., 2019; Guo et al., 2020b), and selection or improvement of the index itself (possibly in

concert with the methods proposed in this work) is an interesting avenue for future work.

Distance Recomputation. The distances to the nearest neighbors are required to compute

pkNN(wt|ct) as shown in Eq. 8.3. However, as described above, kNN-LM’s nearest neighbor search

process performs search over quantized vectors, and as a result it can only return approximate

distances. While it is possible to compute the accurate distances by reading the full-precision

3https://github.com/urvashik/knnlm.
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vectors from the datastore after retrieval, this presents challenges as well: (1) storing the entire

datastore in memory is not scalable for large datastores, (2) reading the vectors from a large

datastore on disk on-the-fly is too slow to be practical (< 1 token per second).4 Therefore, in this

work we use the approximate distances directly to compute pkNN. This comes at the cost of a

minor performance loss, as we will show in §8.3.3. Similar approximations were adopted to apply

kNN-LM to machine translation tasks (Khandelwal et al., 2021).

8.3 The Efficiency of NNLM

In this section, we first introduce the datasets and setup that we will use throughout the chapter,

and then compare the inference speed of kNN-LM to parametric NLMs.

8.3.1 Datasets

We study kNN-LM in two different settings: (1) the standard setting where the datastore is

constructed from the same data used to train the NLM, and (2) a domain adaptation setting where

the datastore is based on the training data in the test domain, in which case the NLM never sees

the examples included in the datastore. The following two datasets are used for the two settings

respectively:

WikiText-103 (Merity et al., 2017) is a standard language modeling benchmark from Wikipedia

that has 250K word-level vocabulary. It consists of 103M training tokens, and thus leads to a

datastore that has 103M records and takes 200G space. Following (Khandelwal et al., 2020), we

use the transformer-based (Vaswani et al., 2017) language model checkpoint released by (Baevski

and Auli, 2019) as the underlying pretrained NLM, which is trained on the WikiText-103 training

split.

Law-MT is an English-German machine translation dataset in the law domain originally re-

leased by (Koehn and Knowles, 2017) and resplit by (Aharoni and Goldberg, 2020). We only use

the English text for language modeling. The training set consists of 19M tokens which we use to

build the datastore that occupies 55G space. To inspect the domain-adaptation performance, our

pretrained NLM is a 12-layer transformer model trained on WMT News Crawl5 released by (Ng
4Disk random I/O is another aspect that may be improved by further engineering effort, which is also interesting

future work.
5http://data.statmt.org/news-crawl/
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et al., 2019).

8.3.2 Setup

Throughout the rest of the chapter, we adopt the same hyperparameters and index as (Khandelwal

et al., 2020) for kNN-LM.6 Specifically, the number of nearest neighbors is set to 1024 during

evaluation.7 Our pretrained NLMs are the state-of-the-art decoder-only transformers as mentioned

above, and the key function f(c) to obtain context vectors is the input to the final layer’s feedfor-

ward network. The context vectors are 1024-dimensional and 1536-dimensional for WikiText-103

and Law-MT respectively. Given a dataset, we tune the interpolation weight λ on validation set

in terms of the vanilla kNN-LM performance, and fix it unless otherwise specified. The tuning

range of λ is [0,1, 0.9] with interval 0.05. As a result, λ = 0.25 in WikiText-103 and λ = 0.9 in

Law-MT.

Hardware: Evaluation efficiency is benchmarked on 32 CPU cores (1.5 GHz AMD EPYC

7282) and 1 NVIDIA RTX 3090 GPU which represents a normalized environment – the index

searching uses all the CPU cores while neural network computation is based on the GPU. Running

retrieval on 32 CPU cores is also used by the FAISS repo8 as a standard setting to benchmark

large-scale retrieval.

8.3.3 Baseline Speed

We measure the perplexity (ppl) and speed of evaluation in term of tested tokens per second,

and Table 8.1 reports the results on the test set of the two datasets. We also include “kNN-LM

(exact)” for reference, which represents the kNN-LM variant that re-computes accurate distances

as explained in §8.2. While very effective with 2 ppl points gains on WikiText-103 and over

90 points gains on Law-MT in a domain-adaptation setting, kNN-LM is 10x – 30x slower to

evaluate on these datasets because of the extra retrieval step. When exact distances are computed

by reading vectors from the disk on-the-fly, kNN-LM (exact) takes over 1 second to evaluate a

single token.

6We directly base our experiments on the original kNN-LM implementation.
7The perplexity continues improving as k grows as shown in (Khandelwal et al., 2020) and confirmed by us. Yet

k does not have an effect on the evaluation speed in the range [8, 1024] from our observation.
8https://github.com/facebookresearch/faiss/wiki/Indexing-1G-vectors
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Table 8.1: Evaluation performance and speed of baseline models. The ppl numbers of kNN-LM ∗

(exact) are from (Khandelwal et al., 2020), which recomputes accurate distances.

Model
WikiText-103 Law-MT

ppl tokens/s ppl tokens/s

kNN-LM ∗ (exact) 16.12 <1 – –

NLM 18.66 3847 106.25 28K

kNN-LM 16.65 277 12.32 1052

Table 8.2: The features used to train the retrieval adaptor.

Feature Description

f(c) the context embeddings from pretrained NLM

conf(c) the maximal value (confidence) of pNLM

ent(c) the entropy of the distribution pNLM

log freq(c[−n :])
log of frequency of the immediate n context tokens computed from the training data. n = 1, 2, 3, 4

which leads to four scalar features.

log fert(c[−n :])
fert(c[−n :]) is the number of unique word (fertility) that succeeds the immediate n context tokens

computed from the training data. n = 1, 2, 3, 4 which leads to four scalar features.

8.4 The Remedies

In this section we propose and explore several different methods that may potentially improve

the efficiency of kNN-LM along three axes: (1) adaptive retrieval, (2) datastore pruning, and (3)

dimension reduction. We analyze the performance of each method on WikiText-103, trying to

conclude the best practices that we will evaluate in §8.5.

8.4.1 Adaptive Retrieval

Just as humans refer to books only when they are uncertain in an open-book quiz, the parametric

NLMs may not always need help from the external datastore. To inspect this hypothesis, we

compare pkNN(w|c) and pNLM(w|c) for every token in the WikiText-103 validate set. Interestingly,

pkNN(w|c) ≥ pNLM(w|c) only 39% of the time – the likelihood of 61% of the tokens becomes

worse after interpolation despite the overall improvement. This indicates that if we were able to

identify these locations perfectly, 61% of the retrieval operations could be removed completely

and we would achieve even better perplexity. Inspired by this observation, we aim to automatically
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identify and prune unnecessary retrieval operations to speed up inference.

Methods: We propose to train a light neural network, the retrieval adaptor, to identify when

we should remove the retrieval operation. Specifically, given the context c as the input, the

retrieval adaptor may be trained with either (1) a classification objective to predict whether

pkNN(w|c) ≥ pNLM(w|c), or (2) a likelihood maximization objective to predict the interpolation

weight λ(c) and maximize the overall likelihood of kNN-LM as in Eq. 8.1. In our preliminary

results the classification method performs only on par with a random removal baseline, partially

due to the discretized noisy supervision. Therefore, we directly maximize the kNN-LM log

likelihood by modeling λ as a function of the context:

L =
1

T

∑
t

[
log p(wt|ct;λθ(ct))− a · λθ(ct)

]
, (8.4)

where only θ – the parameters of the retrieval adaptor – are updated. The second term is an L1

regularizer that encourages learning sparse weights for pkNN, which we find helpful to prune

unnecessary retrievals. At inference time, we prune a given fraction of retrievals with the smallest

kNN weight λ(c) by resetting λ(c) to zero. The hyperparameters of the retrieval adaptor network

including the regularizer coefficient, a, are tuned on the validation set in terms of perplexity at

50% retrieval pruning. Learning the interpolation weights to prune is related to (Johansen and

Socher, 2017) where they learn to skip text for classification tasks. Optimizing the interpolation

weights in kNN-LM has also been applied at training time to train the NLM jointly (Yogatama

et al., 2021).

Input Features: We concatenate several neural and count-based features as input to the retrieval

adaptor as shown in Table 8.2. For the scalar features (basically all the features excluding f(c)),

we found it helpful to map them to a vector with a small network before concatenation. We note

that all the features are trivial to obtain at test time – the neural features are from intermediate

computation of pNLM(w|c) and count-based features are looked-up values.

Architecture and Hyperparameters: The retrieval adaptor is a light MLP network with linear

transformation followed by ReLU activation at each layer. The output layer maps the hidden

representation to a 2-dimensional vector followed by a LogSoftmax layer to yield log(λ)

and log(1− λ) respectively. We use the same adaptive retrieval configuration hyperparameters

for different datasets, which are validated on the WikiText-103 dev set: the retrieval adaptor

is an MLP network with 4 hidden layers, 1 input layer and 1 output layer. Each layer is a
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linear transformation followed by the ReLU non-linear activation, and a dropout layer with 0.2

dropout probability, except for the output layer where the hidden unites are transformed to 2

dimensions followed by a log softmax to produce log λ and log(1− λ). The number of hidden

units in each layer is 128. Before passing the input features to MLP, we transform each of the

scalar features (all the features except for f(c)) into an m-dim vector, where m = dim(f(c))/n

and n is the number of scalar feature types. This is to balance the context vector feature and

other features. The scalar-feature transformation is performed with a one-layer Linear(in,

out)-ReLU-Linear(out, out) network. We also tried using LSTM (Hochreiter and

Schmidhuber, 1997) network to capture the temporal relations yet found it leads to very unstable

training and fails to converge, though we note that MLP is faster at test time and the f(c) feature

already captures the temporal correlations between tokens. The coefficient of the L1 regularizer a

is tuned on WikiText-103 validation set among {0.01, 0.05, 0.1, 0.2, 0.5, 1} and fixed as 0.05 for

both WikiText-103 and Law-MT. The model is trained using the Adam optimizer (Kingma and

Ba, 2015) with learning rate 0.0005. The checkpoint with the best validation perplexity at 50%

pruning is saved.

Training: During training, only the retrieval adaptor is updated while the pretrained NLM is

fixed. Note that it is inappropriate to train the retrieval adaptor on the training dataset, which

would lead to biased solutions since pNLM may have already overfit on the training data and the

datastore includes the training example itself. To generalize to the test data, we hold out 10% of

the validation data for validation and use the remaining 90% to train the retrieval adaptor. The

retrieval adaptor is light and converges quickly; it took several minutes to train it on WikiText-103

with a single GPU.

Results: Figure 8.4a shows the perplexity and evaluation speed of adaptive retrieval on the test

set of WikiText-103, varying the percent of removed retrieval operations. The different threshold

values of λ used to cut off retrieval is selected based on the synthetic validation set mentioned

above. We also add a random retrieval baseline which uniformly selects a certain fraction of

retrieval operations to discard. We observe that adaptive retrieval (AR) exhibits a much flatter

increase of perplexity than the random baseline when the number of removed retrievals grows.

Notably, AR is able to achieve comparable perplexity to the original kNN-LM model (16.67

vs. 16.65) while being nearly 2x faster (530 vs. 277 tokens/s) through removing 50% of the

operations.
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Table 8.3: Results of kNN-LM + adaptive retrieval using different input features. The perplexities

are based on removing 50% of the retrieval operations after training retrieval adaptor.

Features ppl

f(c) + conf + ent + log freq + log fert 16.63

-log freq 16.67

-log fert 16.72

-ent, conf 16.77

-f(c) 16.71

-conf, ent, log freq, log fert 17.03
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Figure 8.3: Perplexity and speed results of adaptive retrieval on WikiText-103 test set. This figure includes

different variants of adaptive retrieval for ablation analysis.

Ablation on Input Features: We analyze the effect of different input features to the retrieval

adaptor by removing a subset of features. We report the perplexities at 50% retrieval pruning,

because using different features only has a marginal effect on the evaluation speed. Results on

the WikiText-103 test set are shown in Table 8.3. All features together produce the best results,

while the perplexity is relatively robust to removal of a single feature. In our experiments (§8.4

and §8.5) we drop off the log freq feature and use the others to save memory while achieving

comparable perplexities to using all features.

Effect of Learnable Interpolation Weights: In the adaptive retrieval analysis, we observed

gains of a learned retrieval adaptor over a random baseline at different fractions of retrieval pruning.

However, the advantages may come from two sources: (1) the automatically identified pruning
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Figure 8.4: Perplexity and speed results on WikiText-103. For datastore pruning and dimension

reduction we show the results on validation data while results on the test set is reported for adaptive

retrieval. We annotate the coordinates of some points, and the third number in the annotation

is: (a) the fraction of retrieval operations that are removed; (b) the compression rate (fraction of

records remained); (c) the PCA dimensions.

masks against the random masks, and (2) the learned interpolation weights on the remaining

retrievals against the constant weights that random baseline uses. To separate the two effects,

we perform an ablation study to analyze the results of (1) random mask, constant weight, (2)

random mask, learned weight – the weights are from the trained retrieval adaptor, (3) learned

mask, constant weight, and (4) learned mask, learned weight. The results are shown in Figure 8.3,

“learned mask, learned weight” performs the best. While minor gains are from the automatically

learned weights (“Random mask, learned weights”), most of the superiority can be attained with

the smart pruning strategy even with constant weights (“Learned mask, constant weights”).

8.4.2 Datastore Pruning

The information present in a large training dataset is often redundant, which suggests that a

datastore constructed from training tokens may be pruned with no or only minor performance

cost. To validate this hypothesis, we propose several different methods to prune the number of

entries and reduce the datastore size:

Random Pruning: As a simple baseline, a certain fraction of the datastore entries are randomly

selected. Random pruning has been shown to work well with a billion-scale datastore in machine

translation tasks (Khandelwal et al., 2021).
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k-Means Pruning: Clustering is a common technique to prune redundant vectors by only

keeping the centroids of the clusters. Yet in our task specifically, we note that a general clustering

on the context vectors is not directly applicable since the vectors in the same cluster may still

correspond to various target tokens, as language use in context is not deterministic. Therefore,

we propose to perform target-aware k-means clustering – for a word wi in the vocabulary, we

perform a separate k-means clustering for all the context vectors that have wi as the target token,

then we only keep centroids of each cluster as well as saving the cluster size s. The (centroid

vector, cluster size, target token) triples form a new compressed datastore.

Since we approximate multiple vectors in the same cluster with the centroid and only save the

centroid vector once in the new datastore, the computation of the kNN distribution pkNN needs to

be rectified as:

pkNN(w = y|c)

∝
∑

(qi,vi)∈N

Ivi=y si · exp(−d(qi, f(c))), (8.5)

the cluster size si acts like weights for each datastore entry. Eq. 8.5 recovers Eq. 8.1 when

every cluster is of size 1.9 In practice, we perform 5000 separate k-means clustering passes

only for the most frequent 5000 words due to high computational cost, which accounts for

84% of all the training tokens. For other vectors we treat each of them as a separate clusters

with size 1. The number of clusters in k-means are set to 1/20 of the number of vectors to be

clustered, which produces a 5x smaller datastore overall. We did not intensively tune the k-means

hyperparameters due to the computational burden. We note that the clustering here is different

from the pre-clustering in the ANN index with inverted file systems mentioned in §8.2– the index’s

pre-clustering does not actually reduce size and is just for lookup.

Greedy Merging: Generally we aim to merge records that share the same target token while

being close to each other in vector space. Token-aware clustering is an attempt to achieve this

goal, but forcing all points to participate in clustering – and the resulting large clusters – causes

some points within the same cluster to be distant in some clusters with high variance. Thus

approximating all the vectors with the cluster centroids may lead to large errors. To address this

issue, we propose a simple approach, greedy merging (GM), which inspects every record in the

datastore and greedily merges their nearest neighbors if a merging condition is satisfied. The

9In addition, the centroid formulation is roughly equivalent to saving vectors within the same cluster as the

centroids multiple times without pruning in the original formulation.
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Algorithm 2 Greedy Merging

1: (K,V) = {(qi, vi)}Ni=1 ← the old datastore

2: s← 1 ▷ weight vector with size N

3: for (qi, vi) ∈ (K,V) do
4: retrieve K neighbors of (qi, vi) as {qtk , vtk}Kk=1

5: for k = 1, 2, · · · ,K do
6: if stk = 1 & vi = vtk & tk ̸= i then ▷ merge condition

7: si ← si + 1 ▷ merge (qtk , vtk) into (qi, vi)

8: stk ← stk − 1 ▷ Remove record tk

9: end if
10: end for
11: end for
12: Save datastore {(qi, vi, si)|si > 0, i = 1, · · · , N}

detailed algorithm is shown in Algorithm 2. Intuitively, GM is density-based to group points

with nearest neighbors, but the merging operation only happens locally between a point and its

nearest neighbors – it never propagates to merge the nearest neighbors of nearest neighbors unlike

typical density-based clustering methods (Ester et al., 1996) which may amplify errors. Similar to

k-means pruning, we also compute the weights si of each entry in the compressed datastore to

correct pkNN computation using Eq. 8.5. Without a global clustering mechanism, this approach

ensures that the merging vectors are close enough by inspecting only a small number of nearest

neighbors. In the following analysis we vary the number of nearest neighbors K within range

[2,100] to achieve different compression rates.

Rank-based Pruning: It is well known that embedding spaces contain “hubs” which are nearest

neighbors of many other embeddings (Tomasev et al., 2014), and other points that are not nearest

neighbors of any other points. We hypothesize that these entries which are rarely nearest neighbors

may be removed without significant impact on the performance. To verify this assumption, we

iterate every (ci, wi) pair in the training data as queries to search their k nearest neighbors from

the datastore (k is set to a large number as 1024 here). In this process we compute an “importance

score” for every entry in the datastore as g =
∑

i 1/ranki, where ranki is the rank of this entry

among the nearest neighbors of the query f(ci). rank= +∞ if it is not in the retrieval results.

Intutively, the “importance score” up-weights the datastore records that appear more often with

lower ranks in the retrieval results. Then we sort all the datastore records in terms of g and
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remove the ones with small scores, varying the compression rate. This method shares spirit

with the technique in (Min et al., 2021) which filters out the articles that are never retrieved in

memory-constrained open-domain question answering tasks.

Results: Figure 8.4b demonstrates the perplexity v.s. speed results on Wikitext-103 validation

set of different datastore pruning methods described above. Only one solution point is reported

for k-means since we do not vary the hyperparameters of k-means for different compression

rate, given that its computational cost is much higher than other methods. Using 20% of the

original datstore, k-means even underperforms the vanilla NLM baseline, suggesting that the

cluster centroids approximation may lead to large distance errors which reduce the accuracy

of the kNN distribution. Surprisingly, the simple random pruning method outperforms more

complicated ones such as k-means and rank-based pruning. The best approach is greedy merging,

which demonstrates a relatively flat curve compared with others.

8.4.3 Dimension Reduction

The context vectors f(c) from large NLMs are often high-dimensional. For example, the pretrained

NLMs that we use produce vectors of 1024 and 1536 dimensions in WikiText-103 and Law-MT

respectively, which incurs significant datastore space and distance computation cost. To mitigate

this issue, we empirically explore the effect of dimension reduction in kNN-LM . Specifically, we

use principal component analysis (PCA), an efficient and scalable dimension reduction algorithm,

to reduce the dimensions and generate a new compressed datastore. We vary the new PCA

dimensions as the hyperparameter and report the results.

Results: As shown in Figure 8.4c, the evaluation becomes faster as expected with smaller

dimensions, yet a too aggressive compression (dimension < 256) incurs large perplexity cost and

even loses advantages over NLM when the dimension is smaller than 128. However, at 256 and

512 dimensions PCA is able to achieve comparable or even better performance than the original

1024-dim vectors, while attaining 3x-4x speed-up.10

10The tool we use for PCA, the FAISS PCA implementation, applies random rotation to the PCA output vectors by

default to re-balance variances of components of a vector (Gong et al., 2013), which may provide additional benefits

over vanilla PCA on product vector quantization inside the index.
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Table 8.4: Perplexity and speed results on the test set of WikiText-103 and Law-MT. AR, GM, DR

denote adaptive retrieval, datastore pruning, and dimension reduction respectively, “+All” denotes

the combination of all the three technique.

Methods ppl tokens/s speedup

WikiText-103

NLM 18.66 3847 13.9x

kNN-LM 16.65 277 1x

+AR (r = 0.5) 16.67 530 1.9x

+GM (n = 0.6) 16.86 446 1.6x

+DR (d = 512) 16.40 991 3.6x

+All 16.67 1835 6.6x

Law-MT

NLM 106.56 27.8K 264.3x

NLM (fine-tuned) 8.61 27.8K 264.3x

kNN-LM 12.64 1052 1x

+AR (r = 0.1) 12.74 1290 1.2x

+GM (n = 0.6) 13.33 1451 1.4x

+DR (d = 512) 11.59 3420 3.3x

+All 12.29 5708 5.4x

8.5 Putting it All Together

Based on the analysis results in §8.4, in this section we combine best practices in adaptive retrieval,

datastore pruning, and dimension reduction to assess the performance. We select the retrieval

pruning rate r, datastore pruning rate n, and the reduced dimensions d on the validation set,11

so that they achieve the largest speed-up at the cost of <= 0.1 perplexity compared to vanilla

kNN-LM . We report the results on the test set.

Results: Table 8.4 shows the results on the test set of WikiText-103 and Law-MT, where we

assess the combination of all three different strategies. Separate performance for each strategy is

also included for reference points. On WikiText-103, adaptive retrieval is able to remove 50% of

11Adaptive retrieval uses part of the validation data to training the retrieval adaptor network, thus we select r

separately on its own held-out validation and then combine it to others.
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the retrieval and achieve nearly 2x speed-up, greedy merging prunes 40% of the datastore at the

cost of 0.2 perplexity points. The dimension reduction method PCA leads to a minor improvement

of perplexity over kNN-LM while being 3.6x faster. Combination of all the three techniques

yields comparable perplexity to vanilla kNN-LM (16.67 v.s. 16.65) and a 6.6x speed-up (1835 v.s.

277).

Different from WikiText-103 where the datastore is contructed from the data that trains the

pretrained NLM, in the Law-MT domain adaptation setting the datastore represents the domain-

specific knowledge that the pretrained NLM never sees during training and thus is critical to

produce good perplexity. This may be inferred from by the large ppl gains that the datastore offers

(94 points). From another perspective though, the big improvement from the datastore retrieval

leads to difficulties removing retrieval operations adaptively12 – our learned retrieval adaptor is

able to remove only 10% of the retrieval operations costing 0.1 ppl points. Greedy merging is able

to prune 40% of the datastore losing 0.7 ppl points. We suspect that the Law-MT datastore is more

vulnerable to pruning than the WikiText-103 one because of its smaller size (19M v.s. 103M)

and corresponding lack of redundancy. Interestingly, the PCA dimension reduction yields 1 point

ppl gain over the vanilla kNN-LM while achieving 3.3x speed-up, consistent with WikiText-103.

This implies that a PCA transformation may be able to produce a new vector space that is more

appropriate for defining pkNN with L2 distances, we leave the underlying reasons for future work

to discuss. Finally, a combination of the three allows kNN-LM to be evaluated 5.4x faster and

even obtain superior perplexity.

8.6 Summary

In this chapter, we explore several different ways to improve efficiencies of the k-nearest neighbors

language model, achieving up to 6x speed-up while attaining comparable performance. As for

future work, it is interesting to explore features from the datastore side to better know when to

retrieve, and the gap between retrieval-based NLMs and parametric NLMs may be further reduced

by combining more optimized indexing methods and the approaches in this chapter.

12This can be reflected from the oracle comparison: pkNN(w|c) ≥ pNLM(w|c) 76% of the time compared to 39% in

WikiText-103.
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Chapter 9

Conclusions and Future Directions

As natural language generation is driven by big data and large models nowadays, we raise three

different types of efficiency concerns that limit a broad usage of many techniques. They are

label-efficiency on the number of annotated examples, parameter-efficiency on the number of

tunable model parameters, and compute-efficiency in retrieval augmented models. This thesis

presents our work to provide a deeper understanding of research problems, and utilize the insights

to design better and more efficient approaches.

Part I focuses on improving NLG with unlabeled data. In Chapter 3, we propose a probabilistic

framework for unsupervised sequence to sequence transduction, which unifies existing techniques

and the probabilistic view naturally leads to better performance on a wide variety of sequence

to sequence tasks without using any annotations; In Chapter 4 we try to analyze and understand

the principle behind classic self-training techniques in the context of semi-supervised NLG,

after concluding that noise plays an important role in self-training as a form of consistency

regularization, we naturally propose noisy self-training to corrupt part of the input, which yields

significant gains; In Chapter 5 we extend this consistency training from example-level to prompt-

level to encourage consistency between different prompts. By formatting all NLP tasks as

generation tasks through prompts, our method achieves the state-of-the-art zero-task generalization

on multiple NLP datasets.

Part II studies parameter-efficient transfer learning (PETL) and proposes a unified framework

for previous competitive approaches. Our method connects existing approaches and views them

from a unified perspective, which helps us further obtain a deep understanding of the good or bad

designs of the baselines. Last, it is straightforward to instantiate new PETL methods from the

framework, which greatly outperforms the baselines and achieves comparable performance to

fine-tuning all parameters despite tuning few parameters.
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Part III focuses on the compute-efficiency in retrieval augmented NLG where information

is retrieved from an external datastore to facilitate generation. In Chapter 7 we propose a new

prototype-based language model that regularizes the datastore sampling distribution to be sparse,

and thus prunes the datastore at inference time to compress the datastore size and speed up the

retrieval process. The resulted model also outperforms the previous prototype-based baselines

without sparsity regularization; In Chapter 8 we explore three different techniques to speed up the

retrieval of nearest neighbor language models.

In addition to the contributions of the proposed approaches themselves, another higher-level

takeaway from this thesis is that a deeper understanding or unified view of existing methods could

often help other researchers take a different perspective to view previous progress, inspire future

research, and directly lead to better approaches. Our work in Chapter 3, Chapter 4, and Chapter 6

are examples, where we start by understanding or reformulating previous techniques, and then

deliver superior methods. We expect the results and discussions in this thesis to not only give

approaches that work better empirically but reveal previously unknown insights into the focused

research problems to inspire others.

While this thesis puts efforts to facilitate more efficient and practical NLG, we remark that

these contributions are far from sufficient to achieve our final goal of building practical, trustable,

and efficient NLG. To describe our vision specifically, we aim to create NLG systems that (1) are

practical and robust enough to succeed in real-world scenarios; (2) are truthful and explainable –

some model errors are not tolerable in practice, for example, an NLG model may produce toxic

contents in psychological counseling. Therefore, NLG systems cannot be broadly deployed unless

they are trustable, explainable, and even controllable. Currently, almost all the neural models

are black boxes and lack explanations of their predictions, and state-of-the-art neural generation

is still prone to hallucinating facts; (3) can be efficiently developed with reasonable resources,

for example, we hope that any undergraduate student with a laptop or a small workstation

could create or deploy state-of-the-art NLG models. However, the current mainstream trend of

NLP development mostly emphasizes state-of-the-art numbers on benchmarks through training

ever large models with huge compute (e.g. using thousands of GPUs). They are not efficient,

explainable, controllable, or trustable. While we recognize the significant contributions and

progress from training large transformer models, in the meanwhile we doubt whether this path is

the way to go in the future 10 years or even towards artificial general intelligence (AGI) in the

long run. Therefore, we still aim to continue working on, and expect to witness the emergence of

brand-new models that are explainable and controllable, and are able to bring training efficiency

to the next level.
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Future Work

Interpretable, Trustable, and Controllable Methods

End-to-end neural networks composed of mysterious, real-valued neurons have achieved great

success in the past decades. They are easy to be optimized through back-propagation and

function like a black box. However, many important mechanisms behind these NNs remain poorly

understood, such as why the model makes the prediction, how to control the prediction, how

much we can trust the prediction, how the model learns to generalize compositionally (if at all),

whether the model really “reasons” like humans, or how the model evolves during training (i.e. the

training dynamics). The current architecture and learning paradigm makes it very challenging to

study these questions. However, answering these questions, in our opinion, is crucial for general

intelligence. In the short term, a deep understanding of the working mechanism of current NNs

could help diagnose and develop better models as well. While some works try to study these

problems within the current modeling paradigm through post-hoc explanation or post-hoc control

of the model after training (Ribeiro et al., 2016; Sundararajan et al., 2017; Radford et al., 2017;

Dai et al., 2022), we expect better frameworks or architectures for explainable, trustable, and

controllable AI by design. Below we describe two examples as future directions.

Modular Learning: Modular learning aims to train various submodules with interpretable

functionalities that are composable (Farooq, 2000; Andreas et al., 2016). Such disentanglement of

functionalities among submodules could help interpret and control the model predictions to some

extent. Parameter-efficient modules as we work on in Part II could be used in modular learning.

Take adapters for an example, we may learn a “formal style adapter” to control the generated text

to be formal language, and efficiently integrate this adapter into other sequence generation models

to control the text style generally. Such modular and transferrable usage may also imply a new

principle of community-wise model development based on adapters (or prefix vectors similarly),

to enable us to share, download, and compose submodules from the cloud.

Integrating symbolic components into neural learning: On the other hand, we are looking

forward to a better fusion of probabilistic symbolic components and neural learning to combine

the strengths from both worlds – symbolic methods are generally explainable and controllable

while neural networks are more expressive. Also, probabilistic and symbolic components in neural

networks could open opportunities to inject human priors into the modeling process more easily.

137



Symbolic methods are appealing because humans often reason in a symbolic and composable

manner. With such symbolic reasoning abilities, humans are able to learn fast, generalize

compositionally, and explain predictions well. Combining symbolic and neural learning dates

back to more than 20 years ago (Shavlik, 1994) and is still an active research direction (Mao et al.,

2019; Hudson and Manning, 2019; Feng et al., 2022).

We note that developing new frameworks towards interpretable, trustable, and controllable

AI as exemplified above could have implications on efficiency as well to achieve better Pareto

efficiency. We share the point presented in Thompson et al. (2020) that “the progress of AI along

current lines is rapidly becoming economically, technically, and environmentally unsustainable”

and continued progress requires “changes to deep learning or moving to other machine learning

methods”. Therefore, we vision that the new models that better satisfy “interpretability, trustability,

and controllability” are potential candidates for the next generation of AI techniques.

Data-Centric NLP

The development of NLP in the past decades is mostly model-centric, led by model advances from

statistical symbolic methods to deep neural networks. In the deep learning era, we also experienced

transitions from MLP to RNN, LSTM, and Transformer. As large-scale self-supervised pretraining

becomes the standard and model architectures in different tasks converge, we believe that data-

centric techniques could potentially have a big role in the next decade. Traditional data processing

methods include simple text preprocessing and cleaning, such as removing noisy links, lowercasing

the characters, and segmenting words in some languages (e.g. Chinese). Those techniques aim to

clean the data so that models could learn more easily. More advanced data-centric approaches

are mostly focused on data augmentation so far as reviewed in § 2.2.1. They are effective to

improve the model performance and robustness on the test data. More recently, deduplication

as a simple data preprocessing method has been found to improve large-scale language model

training (Lee et al., 2022). Inspired by this progress, we think that data manipulation is a relatively

efficient way to improve model performance and control the learned information, compared to

engineering modeling techniques. For example, mitigating biases and replacing toxic contents in

a dataset could expectantly reduce the bias and toxicity in the resulted models; approaching the

private data leakage in the data provides an alternative to addressing the privacy issue through

specially-designed learning algorithms (e.g. differentially private learning, Dwork et al. (2006)).

Also, data augmentation could go beyond traditional, generic transformation such as adding

noise or paraphrasing, but be more goal-specific, such as compositional data augmentation for
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compositional generalization (Andreas, 2020), and supervised data synthesis from pretrained

language models to facilitate few-shot learning (Meng et al., 2022). In our view, data-centric NLP

is a promising future direction that is complementary to model development.

Semi-parametric NLP

Semi-parametric NLP refers to the methods that involve retrieving from an external datastore,

as described in § 2.2.3. We believe that this is a promising direction to acquire knowledge

and improve training efficiency as shown in Borgeaud et al. (2021). The retrieve-and-predict

mechanism also closely resembles how humans complete tasks – humans often acquire necessary

information from search engines, books, or other material to complete various tasks such as

writing or coding. Therefore, we doubt that all knowledge in the world should be stored into

model parameters and think that semi-parametric methods are the way to go in NLP generally.

That being said, we are enthusiastic about exploring retrieval-augmented approaches in various

real-world applications. On the other hand, the retrieval overhead on both space and memory is

the main limitation of the respective methods in practice, as we identify and try to solve in Part II.

One future direction is to completely drop the bi-encoder retrieval paradigm, and directly generate

the retrieved information through constrained decoding, dubbed “generative retrieval”, which has

been explored recently (De Cao et al., 2020; Tay et al., 2022).
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Appendix of Chapter 3

.1 Sentiment Transfer Example Outputs

We list some examples of the sentiment transfer task in Table 1. Notably, the BT+NLL method

tends to produce extremely short and simple sentences.

.2 Repetitive Examples of BT+NLL

In Section 3.5 we mentioned that the baseline BT+NLL has a low perplexity for some tasks

because it tends to generate overly simple and repetitive sentences. From Table 3.1 we see that

two representative tasks are sentiment transfer and formatliy transfer. In Appendix .1 we have

demonstrated some examples for sentiment transfer, next we show some repetitive samples of

BT+NLL in Table 2.

141



Table 1: Random Sentiment Transfer Examples

Methods negative to positive

Original the cake portion was extremely light and a bit dry .

UNMT the cake portion was extremely light and a bit spicy .

BT+NLL the cake portion was extremely light and a bit dry .

Ours the cake portion was extremely light and a bit fresh .

Original the “ chicken ” strip were paper thin oddly flavored strips .

UNMT the “ chicken ” were extra crispy noodles were fresh and incredible .

BT+NLL the service was great .

Ours the “ chicken ” strip were paper sweet & juicy flavored .

Original if i could give them a zero star review i would !

UNMT if i could give them a zero star review i would !

BT+NLL i love this place .

Ours i love the restaurant and give a great review i would !

positive to negative

Original great food , staff is unbelievably nice .

UNMT no , food is n’t particularly friendly .

BT+NLL i will not be back .

Ours no apologies , staff is unbelievably poor .

Original my wife and i love coming here !

UNMT my wife and i do n’t come here !

BT+NLL i will not be back .

Ours my wife and i walked out the last time .

Original the premier hookah lounge of las vegas !

UNMT the worst museum of las vegas !

BT+NLL the worst frame shop of las vegas !

Ours the hallways scam lounge of las vegas !
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Table 2: Repetitive examples of BT+NLL baseline on Formality transfer.

Original Transferred

formal to informal

I like Rhythm and Blue music . I like her and I don’t know .

There’s nothing he needs to change . I don’t know , but I don’t know .

I enjoy watching my companion attempt to role @-@ play with them . I don’t know , but I don’t know .

I am watching it right now . I don’t know , but I don’t know .

That is the key point , that you fell asleep . I don’t know , but I don’t know .

informal to formal

its a great source just download it . I do not know , but I do not know .

Happy Days , it was the coolest ! I do not know , but I do not know .

I used to play flute but once I started sax , I got hooked . I do not know , but I do not know .

The word you are looking for is ............. strengths The word you are looking for is : )

Plus you can tell she really cared about her crew . Plus you can tell she really cared about her crew .
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Appendix of Chapter 6

.3 Full Results on Different Bottleneck Dimensions

Table 3: Performance on the test sets of abstractive summarization (XSum) and WMT EN-RO

translation.

Method # params (%) XSum (R-1/2/L) MT BLEU

Modified Representation: attention

Prefix Tuning, r = 200 3.6 43.40/20.46/35.51 35.6

Prefix Tuning, r = 512 9.2 43.29/20.40/35.37 35.1

LoRA, r = 200 7.2 43.09/20.29/35.37 36.2

Sequential Adapter, r = 200 3.6 42.01/19.30/34.40 35.3

Sequential Adapter, r = 512 9.2 41.05/18.87/33.71 34.7

Parallel Adapter, r = 200 3.6 43.58/20.31/35.34 35.6

Parallel Adapter, r = 512 9.2 43.99/20.83/35.77 36.2

Modified Representation: FFN

LoRA, r = 102 6.1 44.59/21.31/36.25 36.5

Sequential Adapter, r = 200 2.4 43.21/19.98/35.08 35.6

Sequential Adapter, r = 512 6.1 43.72/20.75/35.64 36.3

Sequential Adapter, r = 1024 12.3 43.95/21.00/35.90 36.7

Parallel Adapter, r = 200 2.4 43.93/20.66/35.63 36.4

Parallel Adapter, r = 512 6.1 44.35/20.98/35.98 37.1

Parallel Adapter, r = 1024 12.3 44.53/21.24/36.23 37.3
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Appendix of Chapter 7

.1 Derivations of Variational Inference and ELBO

.1.1 Derivation of optimal q∗(θ)

Here we try to show that the optimal variational distribution over θ, q∗λ(θ), is a Dirichlet distribution

and derive its optimal λ∗ as given in Eq. 7.7. According to (Bishop, 2006) (Chapter 10.1.1), we

have:

q∗λ(θ) ∝ exp
(
E−θ[log p({xn, tn, zn}Nn=1, θ)]

)
, (1)

where E−θ denotes expectation over all latent variables except for θ. We expand Eq. 1 as:

q∗λ(θ) ∝ exp
(
E−θ[log p({xn, tn, zn}Nn=1, θ)]

)
∝ exp

(
E−θ[log pα(θ) +

∑
n

log p(tn|θ)]
)

∝ exp
(
E−θ[

∑
k

log θα−1
k +

∑
n

log
∏
k

θ
1(tn=xk)
k ]

)
∝ exp

(
E−θ[

∑
k

log θα−1
k +

∑
n

∑
k

1(tn = xk) log θk]
)

∝ exp
(∑

k

log θα−1
k +

∑
n

∑
k

q(tn = xk|xn) log θk

)
∝
∏
k

θ
α−1+

∑
n q(tn=xk|xn)

k ,

(2)

where 1(·) is the indicator function. We conclude that q∗λ(θ) has the form of Dirichlet distribution

and the optimal Dirichlet parameter λ∗
k = α +

∑
n q(tn = xk|xn).

.1.2 Derivation of Three KL Divergence Terms

There are three KL divergence terms in our training objective ELBO (Eq. 7.4). Now we show that

all three KL divergence terms can be computed exactly and efficiently at training time and we
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derive their expressions respectively:

(1). Eq(tn|xn)[DKL(q(zn|tn,xn)||p(zn))]: As shown in (Xu and Durrett, 2018), the KL diver-

gence between any vMF distribution with fixed concentration parameter and a uniform vMF

distribution is a constant:

DKL(vMF(µ, κ)||vMF(·, 0)) = κ
Id/2(κ)

Id/2−1(κ)
+ (

d

2
− 1) log κ− d

2
log(2π)

− log Id/2−1(κ) +
d

2
log π + log 2− log Γ(

d

2
),

(3)

where d is the number of dimensions, Iv stands for the modified Bessel function of the first kind

at order v. Therefore,

Eq(tn|xn)[DKL(q(zn|tn,xn)||p(zn))] = DKL(vMF(µ, κ)||vMF(·, 0)) = const (4)

(2). Eqλ(θ)[DKL(q(tn|xn)||p(tn|θ))]:

Eqλ(θ)[DKL(q(tn|xn)||p(tn|θ))]

= Eqλ(θ)

[
Eq(tn|xn)

[
log q(tn|xn)− log p(tn|θ)

]]
= Eq(tn|xn) log q(tn|xn)− Eqλ(θ)Eq(tn|xn)

[
log
∏
k

θ
1(tn=xk)
k

]
=
∑
k

q(tn|xn) log q(tn|xn)− Eqλ(θ)Eq(tn|xn)

[∑
k

1(tn = xk) log θk
]

=
∑
k

q(tn = xk|xn) log q(tn = xk|xn)−
∑
k

q(tn = xk|xn)Eqλ(θ) log θk

(i)
=
∑
k

q(tn = xk|xn) log q(tn = xk|xn)−
∑
k

q(tn = xk|xn)[Ψ(λk)−Ψ(
N∑
i

λi)],

(5)

where Ψ(·) is the digamma function, and step (i) computes the expectation of log θk over Dirichlet

variable θ by using the general fact that the derivative of the log normalization factor with respect

to the natural parameter is equal to the expectation of the sufficient statistic.
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(3). DKL(qλ(θ)||pα(θ)):

DKL(qλ(θ)||pα(θ)) = Eqλ(θ)

[
log qλ(θ)− log pα(θ)

]
= Eqλ(θ)

[
log
(∏

k

θλk−1
k /B(λ)

)
− log

(∏
k

θα−1
k /B(α)

)]
= − logB(λ) +

∑
k

(λk − 1)[Ψ(λk)−Ψ(
N∑
i

λi)]

+ logB(α)−
∑
k

(α− 1)[Ψ(λk)−Ψ(
N∑
i

λi)],

(6)

where B(·) is the multivariate beta function and B(λ) is the normalization factor for Dirichlet

distribution parameterized by λ.

.2 Experimental Details

On MSCOCO dataset, we use a single-layer attentional LSTM seq2seq architecture with word

embedding size 100 and hidden state size 400 as pγ(x|t, z), the latent edit vector dimension is 50.

This configuration follows the hyperparameters for vMF-VAE (Xu and Durrett, 2018). On Yelp

Medium and Yelp Large datasets, we follow (Guu et al., 2018) to use a three-layer attentional

LSTM seq2seq architecture as pγ(x|t, z) with word embedding size 300 and hidden state size

256, the edit vector dimension is 128. Skip connections are also used between adjacent LSTM

layers. In the inverse editor qϕz|t,x(z|t,x), we use a single-layer LSTM to encode three sequences

– the aligned prototype, aligned data example, and the edit operation sequence, of which the word

embedding size for text sequences and the hidden state size are the same as in pγ(x|t, z), and

the word embedding size for edit operation sequence is 10 (since the vocobulary size of edit

operations is very small). Across all datasets, we initialize word embeddings in pγ(x|t, z) (both

encoder and decoder sides) and qϕz|t,x(z|t,x) with GloVe word embeddings (Pennington et al.,

2014) following (Guu et al., 2018). All NLM baselines use the same architecture as pγ(x|t, z) in

our model for a fair comparison.

With respect to hyperparameter tuning, we tune the temperature parameter µ in the prototype

retriever q(t|x) on the MSCOCO validation data in the range of {0.1, 0.3, 0.5, 0.7, 0.9, 1.0},
and set as 0.3 for all datasets. The concentration parameter κ of the vMF distribution is tuned

in the range of {30, 40, 50} for all datasets. κ is set as 30 for MSCOCO and Yelp Medium

and 40 for Yelp Large. We run different α as {0.1, 0.3, 0.5, 0.7, 0.9, 1, 10} for each dataset to

obtain prototype set with varying sparsity. On MSCOCO dataset we also add an additional

149



run with α = 0.2 since 0.5 is a large value on this dataset already (90% of training examples

are selected as the prototype set when α = 0.5). We apply annealing and free-bits techniques

following (Li et al., 2019) to the KL term on prototype variable, Eqλ(θ)[DKL(q(tn|xn)||p(tn|θ))], to

mitigate posterior collapse. Specifically, Eqλ(θ)[DKL(q(tn|xn)||p(tn|θ))] in our training objective

becomes β ·max{Eqλ(θ)[DKL(q(tn|xn)||p(tn|θ))], c} in practice. This objective means that we

can downweight this KL term with β < 1 and optimize it only when this KL is larger than a

threshold value c. We increase β from 0 to 1 linearly in the first m epochs (annealing). m is tuned

in the range of {5, 10} for MSCOCO and {1, 2, 3} for Yelp Medium and Yelp Large.1 c is tuned

in the range of {5, 6, 8}. To obtain the reported results in Section 7.4, m is set as 5 for MSCOCO,

2 for Yelp Medium and 3 for Yelp Large. c is set as 5 for MSCOCO, 6 for Yelp Medium and 8 for

Yelp Large. We use Adam (Kingma and Ba, 2015) to optimize the training objective with learning

rate 0.001.

.3 Qualitative Results on Interpolation

As in Section 7.4.3, here we show more generated examples through interpolation on MSCOCO

dataset.

1It is unreasonable to set a large m on Yelp dataset since there are tens of thousands update steps per epoch on Yelp,

the annealinig process would be too slow if m is large which usually hurts the language modeling performance (He

et al., 2019).

150



Table 4: Qualitative examples from the MSCOCO dataset on interpolated sentence generation

given the prototype. For each example, the first row is the given prototype, the second-row and the

last-row sentences are obtained by sampling edit vectors from the prior, the rest three sentences

are generated by interpolating between the two edit vectors.

Prototype: a horse drawn carriage on the side of a city street Prototype: A baseball pitcher on the mound having just threw a pitch

Two horses drawn carriage on a city street a baseball player swinging a bat at home plate

Two horses standing next to each other on a city street a man about to hit a ball with his bat

Two horses on the side of a city street a man swinging a bat at the ball during a game

Two horses on the side of a city street a person swinging a bat at the ball during a game

A brown and white horse drawn carriage on a city street A person swinging a bat during a baseball game

Prototype: A man walking on the beach carrying a surfboard Prototype: A group of people are raising an umbrella on a beach

Two people standing next to each other on a beach A group of people are walking on the beach with umbrellas

A person standing on the beach holding a surfboard A group of people are walking on the beach next to each other

A man walking along the beach with a surfboard A group of people are walking on the beach with umbrellas

A man walking on the beach with a surfboard A group of people are holding umbrellas on the beach

A young man walking on the beach with a surfboard A group of people are walking on the beach

Prototype: there is a white truck that is driving on the road Prototype: A couple of bags of luggage sitting up against a wall

there are many cows that are standing in the dirt A large pile of luggage sitting on top of a wall

there are many cows that are standing in the dirt A pile of luggage sitting on top of a wall

the truck is driving down the road in the rain Two bags of luggage sitting on the ground

this truck is driving down the road in the rain Two bags of luggage sitting in a room

This truck is pulled up to the side of the road A couple of bags of luggage on a wooden floor

Prototype: A man riding a sailboat in the ocean next to a shore Prototype: A beer bottle sitting on a bathroom sink next to a mirror

A man on a boat in a body of water A white cell phone sitting next to a toilet in a bathroom

A man riding a boat on a body of water A white bottle of wine sitting next to a toilet

A man riding a boat in a body of water A glass of wine sitting next to a toilet in a bathroom

A man riding a small boat on a body of water A pair of scissors is placed next to a toilet

A man riding a wave on top of a boat A pair of scissors sitting next to each other on a toilet

Prototype: A little boy sitting on a mattress holding a stuffed animal Prototype: A giraffe has its nose pressed against the trunk of a tree

A little girl playing with a stuffed animal Two giraffes look at a wire fence to eat

A little girl playing with a stuffed animal Two giraffes look at a fence to eat

A little boy holding a stuffed animal in his mouth a couple of giraffes are standing by a fence

A little girl sitting on a bed with stuffed animals a close up of a giraffe is eating a carrot

A little girl sitting on a bed with stuffed animals a close up of a giraffe has its mouth open
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