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Sequence data, which consists of values organized in a certain order, is one of the

most commonly seen data types in our everyday lives. For instance, the daily

temperature and precipitation measurements throughout a year form a sequence

of weather conditions. The crop yields each year over the past several decades

depict a trend in agricultural production. These are also known as time series

data. Time-indexed data is not the only kind of sequence data. Linguistic data

such as speech and texts are sequential in nature. DNA sequences are indexed

based on the physical order of the bases and materials’ density of states are

indexed by energy levels. In fact, any reasonably ordered data can be viewed as

a sequence.

Sequence data has been a long-standing area of interest in the artificial in-

telligence (AI) field, and this class of problems is often called sequence learning.

Various kinds of sequence learning tasks have been defined, such as predicting

the general properties of a sequence, tagging the sequence with labels at each

index, or generating a new sequence from the input. Different types of sequence

data have unique structures, and it is often challenging to develop a model to

encode or decode the inherent sequential relationship, so each sub-field has his-

torically relied on separate sequence learning tools and frameworks. However,

recent advances in machine learning (ML) and deep neural networks (DNN)

have provided the capacity to handle arbitrarily long sequences and store his-



torical states in a more unified fashion, regardless of the modality of the data.

Deep models like recurrent neural networks (RNN), long short-term memory

(LSTM), gated recurrent units (GRU) and transformers have become the founda-

tion of most modern sequence learning and feature extraction methods. A new

challenge is to efficiently and effectively utilize these deep models to capture

intrinsic features from the input sequences.

In this thesis, I will study both supervised and self-supervised sequence

learning using deep models. Conventional methods for supervised sequence

learning are typically designed to study sequences of scalar values or vectors,

and are not suitable for structured data such as graphs. I will illustrate three

novel yet challenging scenarios involving graphs and sequences: dynamic node

property prediction for a fixed graph, sequence prediction from a graph, and

multi-label prediction of sequence inputs. Structured input data can be modeled

using a framework that combines graph neural networks (GNN) with sequence

models (e.g., GRU and transformer). This framework is validated on several

tasks, including crop yield prediction and density of states prediction.

Self-supervised learning is another trending direction in the sequence learn-

ing field. Self-supervision obtains supervisory signals from the data itself and

leverages the underlying structure in the data. It has the potential to improve

the sample efficiency for downstream tasks and contribute to better model inter-

pretability. In recent years, self-supervised sequence learning has been success-

fully applied to language and acoustic model pretraining. In my thesis, I will

demonstrate that self-supervision can enforce latent structure, disentangle static

and dynamic factors, and supplement supervised signals in model training, by

applying it to speech recognition, video understanding and sequence generation.

In general, I will show in this thesis different methods to capture and exploit



structure from sequence data and diverse explorations of the self-supervision for

sequence learning.
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CHAPTER 1

INTRODUCTION

Revolutionary artificial intelligence (AI) advances in the past ten years have

brought machine intelligence to an unprecedented level. Modern AI systems

can see [1], read [2], hear [3] and even create [4]. Such huge leap has greatly

impacted our everyday lives. Autonomous driving used to be a fantasy, but

it has now become one of the most promising industries [5]. Machine transla-

tion [6] is gradually abridging the gap between languages. A state-of-the-art

automatic speech recognition (ASR) model [7] can identify over ten languages

simultaneously. Even in the complicated scientific discovery domain, advanced

machine learning techniques have been used to accelerate the process [8, 9, 10]

and to aid experts’ analyses [11, 12, 13].

The big data era and deep learning age [14] emerged as the exploitation of

modern graphics and tensor processing units (i.e., GPU and TPU) [15, 16] made

the neural network (NN) training possible, and a huge amount of labeled data

[17] became widely available. With simplified and modularized neural networks

[18, 19], backpropagation [18] can easily improve the performance of models

on a variety of tasks such as computer vision [20, 21, 22, 23, 24, 25], natural

language processing [26, 27, 28, 29, 30, 31], speech recognition [32, 33, 34, 35, 36,

37] and scientific discovery [13, 38, 39, 8, 40, 41, 9, 10], as the model size grows

larger and larger. Most of these works achieve success by combining massive

labeled datasets with deep models. Deep models have large enough capacity to

approximate extremely complex functions, and massive amounts of labeled data

provide strong enough signals to fit and train these deep models.

Most of these inspiring demonstrations can be categorized into supervised

1



Figure 1.1: Some applications of sequence learning: the prediction of a protein’s 3D
structure from its amino acid sequence [13] (top left) , speech transcription with automatic
speech recognition models [47] (top right) and reliable weather forecasting using deep
generative models [48] (bottom).

learning, where the input-output pairs are known in training. Among all kinds

of supervised learning tasks, sequence learning is one of the most common and

also one of the most challenging supervised learning tasks. For instance, one

prevalent and representative type of sequence data is the time series data, where

the values of interest are indexed by time [42]. Some examples of time series and

their applications include: using annual crop yield or agricultural productivity

growth to model the price fluctuation of commodities [43], measuring daily

rainfall to understand drought severity [44], studying historic stock price trends

to maximize profit and minimize loss [45], and using consecutive healthcare

records to infer patients’ health condition and predict future medical costs [46].

Time series data is not the only type of sequence data. Video is a sequence of

images with strong connections between adjacent frames. Video understanding

and generation has become one of the toughest tasks in sequence learning [49, 50].

Speech and text data are also sequential in nature. In the speech domain, the

2



next phoneme is strongly correlated with the previous phonemes [51]. Similarly,

in the text domain, the correlations among subsequent words or sub-words are

studied through language models [52]. In scientific discovery, sequence data

is also prevalent. In protein interpretation [53], bacterial strain identification

[54], and density of states prediction [55], sequence learning constantly plays a

critical role, and can be applied to any reasonably ordered data, as illustrated in

Figure 1.1.

While sequence data is commonly studied, it remains an arduous task. Com-

pared with the standard machine learning tasks where the inputs have simple

fixed patterns and abundant labels [56], sequence data takes various forms in dif-

ferent applications, presents more diverse learning tasks, and often requires more

expensive effort to obtain labels. Input-wise, different domains adopt different

data types. Speech data are often represented by waveforms [57]. Text data is

comprised of sequential tokens [58]. Crystalline materials are often represented

using graphs [59]. It is non-trivial to capture the structure of the input data

and extract useful features, especially for graph data, and different sequences

could have variable lengths [60], which is challenging. Task-wise, given the

unique structure of sequence data, one can assign a tag for each word token [61],

predict a global property for the whole sequence [62], or even generate another

sequence from the input [63]. Label-wise, it is much more costly to collect the

labels for sequences. In speech recognition, an audio clip can be transcribed to

written texts, but it is tough to assign ground-truth phoneme to each frame [64].

In machine translation, linguistic experts and interpreters are hired to produce

paired sentences of different languages [65, 66]. As a result, sequence data often

has (1) more complicated input structures, which need special handling, and

(2) much less of a supervision signal compared to the dataset size due to the

3



Figure 1.2: The evolution of mainstream sequence models, from the Hopfield net, RNN,
LSTM and GRU to the modern transformer1. The common idea is to store information
found earlier in the sequence.

high-quality requirements in label acquisition.

To handle the sequential structure of the input data, many novel deep learning

models have been proposed. The pioneer is the recurrent neural network (RNN)

[68]. The earliest RNN prototype is also known as the Hopfield network [69],

where the core idea is to remember the previous states while updating. However,

Hopfields nets only have binary neurons and thus limit capacity. Nevertheless,

the loop structure introduced in this work inspired the modern RNN framework.

An RNN keeps the output (or hidden state) from the previous step and reads

the current input simultaneously to produce the output for the latest state. It is

capable of capturing the short-term dependencies on the past states, but not long-

term dependencies. It has been shown that gradients would vanish and distant

past states get lost as the sequence length grows [70]. Long short-term memory

(LSTM) networks are explicitly designed to model long-term dependencies [19].

1 figures adapted from [67]
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To store the information for long periods of time, an LSTM unit includes a

separate state cell state, besides the standard input and previous hidden state.

This cell state flows along the sequence and adds or removes some information

at each step. To update this cell state, three neural gates learn how much to

forget, how much to add and what to add, according to the input and previous

hidden state. LSTM networks have greatly advanced the sequence learning

field. Speech processing [71], language understanding [72], video captioning

[73], weather forecasting [74] and many other domains have converged on using

LSTM networks. A further improvement over LSTM is the gated recurrent unit

(GRU) [75]. A GRU merges the cell state and hidden state, to further simplify the

sequence model. GRU networks reduce matrix multiplications and sometimes

perform better on smaller datasets [76]. But in general, GRU’s performance is on

par with LSTM.

While these RNN variants alleviate the long-term dependency issues, their

memory of state history is still inadequate. For example, the last sentence might

be associated with the first sentence in an essay. Such a connection would be

almost impossible for LSTM or GRU to model. Furthermore, LSTM and GRU

networks do not support parallel processing or computation. If the sequence is

long, both the training and inference would take a very long time. Transformers

[28] were then proposed to address these two concerns. Transformers do not

read a sequence step by step, but as a whole instead. An attention mechanism

characterizes the long-term token-to-token relationships [77]. Each token learns a

latent representation and the inner products of two token representations denote

the similarity. Position embeddings are further added to indicate the sequential

order. Unlike RNNs, transformers keep the historical information in each state

and visit all the past states when retrieving the memory. RNNs need to update
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and maintain the memory bank and cell state, while transformers avoid this

burden by simply storing all the past states [78]. The computations for similarity

measurements, past state retrieval and aggregation can be represented as the

matrix multiplications and are thus fast, parallelizable and scalable [79]. Just like

LSTM networks had done before, transformers have dominated the sequence

learning field in recent years, including vision, language, speech and multimodal

applications [80, 81, 82, 83, 84, 85, 86, 87, 88, 89, 90, 53]. Surprisingly, transformers

further facilitate the development of self-supervised learning. Notable self-

supervised learning works such as BERT [91] and wav2vec 2.0 [37] are all built

on top of transformers. Chapter 3 discusses the self-supervision in sequence

learning. Though transformers outperform RNNs on most larger-scale datasets,

RNNs are still suitable for many short-length or small-scale applications. The

evolution of mainstream sequence models is shown in Figure 1.2.

The continuous refinement of sequence models has laid a solid foundation

for extracting useful and compact latent features for sequence learning, allowing

researchers to focus on loss design, task configuration and more challenging

problems. As these sequence learning techniques reach the peak in standard

supervised sequence learning tasks, researchers start to generalize them to a

wider range of areas.

One direction is to extend supervised sequence learning to new fields where

such techniques were deemed unfit in the past, like agriculture and scientific

discovery. Normally, sequence data is comprised of a sequence of values or

vectors. Simple RNNs or even multi-layer perceptrons (MLP) can handle them

well [92]. But if the sequence data has another structure such as a graph, new

frameworks are needed to interpret the new type of data and its structure (e.g.,

6



graph) [93]. In addition, labels can have other structures besides the plain values.

The previously described sequence learning tasks assign a single label to each

input, while in other cases, each input can be associated with multiple labels. The

connections among these labels also constitute some structure for the label set

[94]. Reconstructing this structure helps reveal the label connections and boosts

the prediction accuracy. It is important to identify and utilize these structures in

the sequence learning when we tackle complicated real-world problems.

Another increasingly popular direction is self-supervised sequence learning.

Learning without supervision was believed to be fruitless, in part because (1) the

training lacks guidance, (2) inputs are often noisy, and (3) models have limited

capacity to distill meaningful representations from the weak self-supervision

signals. On the other hand, modern sequence models have huge capacities [95]

and the sequential structures can be exploited to devise self-supervised tasks

through masking [96] or contrasting [97]. Unlike previous non-neural unsuper-

vised learning methods that focused on the input space, neural methods may

operate in the latent space where abstract, cleaner and less noisy features can be

obtained [98]. These merits greatly alleviate the previous concerns and make self-

supervised sequence learning possible. The primary success of self-supervision is

the sequence representation learning. Without any supervision, sequence models

can extract a more abstract feature for each input and these features are often

more advantageous in the downstream supervised tasks. Additionally, Chapter 3

will show that self-supervision has applications beyond representation learning.

Semantic feature disentanglement, latent clustering and training regularization

can all benefit from self-supervised sequence learning.
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1.1 Supervised Sequence Learning for Structured Data

As mentioned previously, the constant development of sequence models has

greatly improved their expressiveness. Advanced sequence models like GRUs

and transformers can already excel in most standard supervised learning tasks.

In these tasks (e.g., speech and natural language processing (NLP)), sequence

data is typically a series of values, vectors or signals. Similar simple-structured

data might not always exist in other domains. In materials science, as an example,

inorganic materials are arranged in crystals with highly ordered microscopic

structure [99, 100]. It is hard to represent the crystals straightforwardly in terms of

values, vectors, or signals. A more appropriate depiction is graph. Likewise, the

continental US is a collection of 3,243 counties [101]. Vector-based representations

are not suitable for encoding the geospatial correlations among counties, while

graphs can more naturally represent the relationships between neighboring

counties. Chapter 2 describes different ways to encode and comprehend graph-

structured data.

Section 2.1 probes into the dynamic node property prediction for a fixed graph.

In this problem, the graph is given and fixed; in other words, the adjacency matrix

remains the same, while the node property of interest changes over time. Since

different nodes are connected on the graph, their variations are also linked. An

effective model must therefore incorporate the dynamics and properly embed

the adjacency relations. One important application, from an agricultural setting,

is crop yield prediction, to estimate the year-end crop production for each county

in the US [102]. Multiple factors, especially climate change [103], can significantly

impact the growth of crops, including temperature, precipitation, moisture, wind,

etc. Initial methods decoded the impacts of these confounding influences [104]
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Figure 1.3: Three scenarios of supervised sequence learning for structured data: sequence-
on-graph (crop yield prediction), graph-to-sequence (crystals’ DoS prediction), sequence-
to-graph (multi-label tag prediction).

on the yield outcomes, by deriving a mapping from the environmental predictors

to the yield. However, historical yield trends and weather condition fluctuations

are also valuable to consider [43]. Sequence models can store historical data

to improve forecasts. Recent works adopted RNNs to apply these insights, by

looking back several years for each county [105], yet they still miss the important

geographical connections among counties. Nearby counties should have strongly

correlated crop gains. If one county has bumper harvest, neighboring counties

are likely to as well. This real-world problem can be formalized as a dynamic

node property prediction task. The graph contains a node for each US county,

with an edge connecting each pair of neighboring counties. This graph is fixed,

but the crop yield and weather conditions of each county vary every year. I will

introduce a new sequence learning method for this task, incorporating both the

historical weather data and geospatial structures to estimate the crop yields [106].

LSTM- and GRU-based networks were used because the sequence length is short

— at most five years. This method delivered state-of-the-art prediction accuracies
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and extended the study to the whole continental US. The paper introducing it

won the Best ML Innovation Paper award at NeurIPS Climate Change workshop

and AI for Earth Microsoft Grant in 2021.

Section 2.2 studies a sequence prediction problem for scientific discovery

from materials science, called Density of States (DoS) prediction. Crop yield pre-

diction considers sequences of features and targets for each node in a graph,

while in DoS prediction, the output is a sequence for the whole graph. DoS is an

important spectral property of crystalline systems, that describes the proportion

of states that are occupied at each energy level in the system. Crystalline systems

are often represented with graphs analogous to their crystal structures, with

nodes representing atoms, and edges representing interactions between atoms.

Unlike scalar properties such as Fermi energy and band gap, DoS is a spectral

property, which can be considered a type of sequence. The class of problems

mapping graph input to sequential output is called graph-to-sequence learning

[93], and is analogous to sequence-to-sequence learning [27], a prevailing learn-

ing framework. A sequence-to-sequence (seq2seq) model takes a sequence of

items and outputs another sequence of items. Analogously, a graph-to-sequence

model reads a graph as input, and outputs a sequence. I will introduce a new

graph-to-sequence learning framework, Xtal2DoS, to predict the DoS from the

graph-structured crystalline system. Xtal2DoS generalizes transformer-based

seq2seq models [28] to handle graphs by replacing the transformer encoder with

a graph attention network (GAT) [107]. Xtal2DoS greatly outperforms the Eu-

clidean neural networks and multi-target probabilistic regression models on this

task, and further simplifies the model architecture.

Section 2.3 presents the multi-label classification for sequence data such as
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webpages and posts. Multi-label prediction is much tougher than single-label

prediction in that label correlations are more critical [108]. Simply treating them

as individual labels would degrade the performance [109]. Label correlations can

be weak or strong, positive or negative. Therefore, unveiling the structure among

labels contributes fundamentally to the final classification quality. For example,

articles webpages are usually associated with multiple tags. Sports and entertain-

ment topics are generally correlated, while vacation is typically uncorrelated with

politics [110]. From a high-level perspective, this is a sequence-to-graph learning

task, to estimate the label correlation graph from the input sequences. Unlike

prior methods that explicitly construct neural nets to portray the label-to-label

relationships [111, 112], the new method, C-GMVAE, learns label embeddings

and encodes the similarity or difference with label-label inner products, inducing

an implicit label correlation graph and boosts the classification performance for

text sequences and citizen science bird observations from the eBird program

[113].

In summary, Chapter 2 introduces three supervised sequence learning scenar-

ios for structured data: sequence-on-graph, graph-to-sequence and sequence-to-

graph; an overview is shown in Figure 1.3. Impactful real-world applications will

be included as empirical studies to show the practicability of the new methods.

The models for these scenarios are introduced through impactful real-world

applications, with empirical studies to demonstrate their practicability.

It is also worth noting that most of these works are inspired by the computa-

tional sustainability (CompSust) initiative [114]. CompSust emphasizes applying

AI techniques to practical problems concerned with the balancing of environ-

mental, economic, and societal needs for a sustainable future. Real applications
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pose real challenges. Applications such as crop yield and DoS prediction involve

patterns and structures distinct from tasks that machine learning has traditionally

addressed, and thus CompSust applications have served to motivate the design

of cutting-edge and practical models.

1.2 Self-supervised Sequence Representation Learning

The recent successes in deep learning have been driven largely by the combina-

tion of deep models and large manually-annotated datasets [1, 56]. While deeper

models can be deployed due to the continuously increasing GPU capacities [115],

it is harder to acquire enough manual effort to meet the annotation demand. In

computer vision, the amount of labeled images has grown considerably, from

CIFAR-100 (100 classes containing 600 images each) [116], ImageNet (1,000 cat-

egories and 2M images in total) [56], and COCO (328K images from 91 object

types) [117], to Places365 (10M images from 434 scene categories) [118].Similarly,

in the speech domain, as an example of sequential data, the total hours per

dataset have increased from 5.4 hours (TIMIT [64]), 80 hours (WSJ [119]), and 960

hours (LibriSpeech [120]), to 45K hours (MLS [121]). Though effort can be made

to further enlarge the dataset size, some limitations have been emerging. First,

even for the largest datasets, the sizes are still small compared to the real-world

scope. Actually images can easily be grouped into far more than 1,000 categories,

and 45K hours of recorded speech is minuscule considering the amount of vari-

ability that exists in across the hundreds of countries and billions of people in the

world. Second, for many established fields, experts are willing to spend enough

time collecting labeled data. But as other fields begin to apply sequence learning,

or the same fields apply it to new settings, it is difficult to collect labeled data for
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Figure 1.4: Left: Different masking strategies, including masking the future, the past, or
the present [122]. Right: The core idea of contrastive learning is to pull together similar
samples and push away dissimilar ones [123].

supervised learning. Third, supervised learning often results in models that are

highly specialized for a given task, and the learnt representations can rarely be

transferred directly and conveniently to new tasks. These issues have motivated

the development of self-supervised learning.

Self-supervised representation learning is becoming more and more promi-

nent in the sequence domain [124]. Self-supervised and unsupervised techniques

were originally designed for clustering and dimensionality reduction purposes

[125, 126]. Contemporary self-supervised methods are primarily intended to

learn widely applicable representations for inputs so that downstream super-

vised tasks can use these representations as inputs instead or further finetune

them. BERT is a well-known example [91]. Exploring effective self-supervision

from the sequence data and exploiting the powerful sequence models are the

keys to learning high-quality representations. The earlier methods explored

structure within the input space, but these were often constrained by low en-

coder capacity [127]. Later approaches used deep sequence models to increase

capacity, but could not guide the models towards a meaningful latent space
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structures. To date, there have been two mainstream self-supervised sequence

learning directions, masking and contrasting. In masking, some portions of a

sequence are masked out with special tokens (or simply zero), and the sequence

models are expected to reconstruct these missing parts [128]. The learnt encod-

ings are called contextual embeddings because they are aware of the left and right

contexts [29, 91, 129]. Figure 1.4 shows several masking schemes. Contrastive

learning adopts a slightly different perspective: given an anchor sample, its

embedding should be close to similar samples (positive) and far from dissimilar

samples (negative) in some learnt embedding space [123]. For sequence data, the

future states from the same sequence can be viewed as positive samples, and the

states from other sequences may be negative ones. An illustration is presented

in Figure 1.4. Contrastive learning is akin to mutual information estimation

[123, 130], and essentially extends the idea of triplet loss [131], ranking loss [132],

and noise-contrastive estimation [133].

Masking and contrasting generally develop in parallel. Section 3.1 describes

an innovative technique to embed the mutual information estimation from con-

trastive learning into masking, which regularizes the training process and im-

poses structures onto the latent space. The introduced method, deep autoen-

coding predictive components (DAPC), uses predictive information [134] as the

metric to estimate latent mutual information exactly, rather than contrastive

estimation, which is a lower bound of the exact mutual information. The novel

self-supervised method (1) learns versatile representations for various down-

stream tasks with applications to ASR, weather forecasting, physical system

recovery, etc., (2) saves sample complexity and manual annotation, and (3) out-

performs other self-supervised pretraining models.
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While most self-supervised learning methods are designed for pretraining

and representation abstraction, self-supervision can do much more, such as

disentanglement. Disentangled representation learning is a central topic in inter-

pretable machine learning. Many renowned deep models have been criticized

because they lack semantic meaning in the latent space [135] and can only be

used as a black box [136]. Hence understanding what the deep models are learn-

ing builds confidence in using these models. One strategy is to analyze the model

and latent codes as a post-process after a model is trained [137]. Another route is

to force the model to gain semantic insights in the latent space during training

[138]. Section 3.2 describes a fundamental subject in sequence learning, disentan-

gling the time-variant and time-invariant factors. In a self-introduction video,

the person’s facial expression changes, while the identity remains the same. In

an inaugural address, the speaker is invariant while the linguistic contents vary

with time. The contrastively disentangled sequential variational autoencoder

(C-DSVAE) is a model that uses probabilistic reasoning and contrastive learning

without requiring any supervision. It learns dynamic factors for each step and

a static factor for the whole sequence. It has been successfully applied to video

and audio generation tasks, achieving state-of-the-art results.

In addition to pretraining and disentanglement, self-supervision can be inte-

grated with supervision synergistically. Most works have treated self-supervision

and supervision separately [139]. Self-supervised learning trains an encoder to

extract general representations in the first stage, and supervised learning fine-

tunes the encoder for specific tasks in the second stage. However, such two-stage

scheme also has some shortcomings. For instance, the encoder might catastroph-

ically forget the previously learnt knowledge in the first stage [140]. It is also

nontrivial to select the best pre-trained checkpoint, as pre-training for longer is
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not necessarily better. For this reason, we describe a method to train the sequence

model with both supervised and self-supervised losses jointly, to reconcile the

gradients provided by both types of losses and to mutually regularize each other.

The resulting model not only reduces the training time, but also outperforms the

latest models on a difficult multilingual ASR task.

In summary, Chapter 3 (1) describes a brand-new self-supervised learning

method based on masking and mutual information estimation to enforce latent

structure, (2) proves the effectiveness of self-supervision in disentangled repre-

sentation learning, and (3) validates the performance when the supervised and

self-supervised signals are fused.
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CHAPTER 2

EXPLORING AND EXPLOITING STRUCTURES IN SEQUENCE

LEARNING

In this chapter, I will describe three scenarios in the supervised sequence learn-

ing for structured data: sequence-on-graph, graph-to-sequence, and sequence-to-

graph, with a concrete real-world running example for each topic. I will illustrate

how to discover, frame and employ the structures hidden inside the data, for

different prediction tasks. Some of the research described in this chapter has

been reported in the following publications: Fan et al. (2022) [106] and Bai et al.

(2022) [141].

2.1 Sequence-on-Graph: Harnessing Geospatial and Temporal

Information for Crop Yield Prediction

2.1.1 Introduction

Climate change [142] has become a real and pressing challenge that poses many

threats to our everyday life. Besides the evident extreme events [143], climatic

variations also gradually impact the yields of major crops [144]. Crop production

is vulnerable and sensitive to fluctuations in climatic factors such as temperature,

precipitation, soil moisture and many other factors [145]. As the planet gets

warmer, all of these swiftly-changing factors could perturb annual crop yields;

climate change has already reduced agricultural productivity growth by 21%

[43]. Many recent works urge rethinking crop production practices under climate

change [146, 147], which motivates the crop yield prediction problem [148]. Crop
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yield prediction can help with food security [149], supply stability [150], seed

breeding [151], and economic planning [152].

However, crop yield depends on numerous complex factors including

weather, land, water, etc. While there exist specialized process-based models

to simulate crop growth [153], they often produce highly-biased predictions, re-

quire strong assumptions about management practices, and are computationally

expensive [154]. Therefore, in recent years, powerful yet inexpensive machine

learning methods have been widely adopted in crop yield prediction and demon-

strated impressive results [155, 156, 157, 158, 105, 159]. Machine learning models

(especially deep learning models) benefit from the large capacity, sophisticated

non-linearity and mature techniques inherited from other application domains.

Despite the enormous amount of machine learning papers for crop yield

prediction, many of them share similar methods. Among around 70 papers we

surveyed, 48 used neural networks, 10 used tree-based methods (e.g. decision

tree, random forest), and 10 used linear regressions (e.g. lasso). These methods of-

ten only differ in location (US, Brazil, India), study granularity (province, county,

site/farm), crop types (soybean, corn), and time range (weeks to years). Simi-

lar findings are also reported in [148]. For many relatively small self-collected

datasets, simpler models are preferred. But these models may not perform well

on a large and diverse region like the entire US.

In this work, we compare various machine learning techniques on a nation-

wide scale, and introduce a novel graph-based framework, GNN-RNN, which

integrates both geospatial and temporal knowledge into inference. We train and

compare these methods on over 2,000 counties from 41 states in the US mainland,

with data covering years 1981 to 2019. There are up to 49 climatic and soil factors
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for each county, including precipitation, temperature, wind, soil moisture, soil

quality, etc. Most of these factors vary across time within the year, or vary across

different soil layers. All features are publicly available from sources such as

PRISM, NLDAS, and gSSURGO. Furthermore, although not every county has

crops planted, USDA provides corn yield labels from 41 states, and soybean

yields from 31 states.

Recent works using machine learning demonstrate promising results for crop

yield prediction [105]. Nevertheless, these methods treat each county as an i.i.d.

sample in their models, which is plausible in small regions but may not fully

utilize the spatial structure of a larger region. For instance, if one county has a

splendid harvest, the neighborhood counties are very likely to have high yields

as well, which violates the independence assumption. It is also problematic

to treat counties in the northern US and southern US as i.i.d. samples, as the

distribution of their climatic and soil conditions is very different. We hence intro-

duce graph neural networks (GNN) [160] to take into account the geographical

relationships among counties. When the model makes a prediction for a county,

it can combine the features from neighboring counties with its own features to

boost the predictive power. GNN models have been successful in many tasks

such as election prediction [161] and COVID forecasting [162]. Additionally, we

show that GNNs can work synergistically with RNNs to combine both geospatial

and temporal information for prediction. We will show the novel GNN-RNN

model can achieve superior performance in experiments. As far as we know,

our work is the first to incorporate geographical knowledge into crop yield

prediction. To further lay a solid foundation in this task, we compare various

widely adopted machine learning methods with our method, including lasso

[163], gradient boosting tree [164], CNN, RNN, CNN-RNN [105]. These are

22



also predominant methods among the papers we surveyed. The experimental

results show that GNN-based methods consistently outperform these existing

models on the nationwide benchmark. On both RMSE and R2, our GNN-RNN

outperforms the state-of-the-art CNN-RNN model by 10%.

2.1.2 GNN-RNN

Problem Formulation

In crop yield prediction, we denote each county’s climatic features by xc,t and

ground-truth crop yield (for a particular crop) by yc,t ∈ R, where c, t represent

county and year respectively. Each xc,t contains four types of features (detailed

descriptions of these features can be found in the Experiments section): weather

features xw
c,t ∈ R

nw×52, land surface features xl
c,t ∈ R

nl×52, soil quality features xs
c ∈

Rns×6, and some extra features (e.g. crop production index) xe
c ∈ R

ne . Namely, xc,t =

(xw
c,t, xl

c,t, xs
c, xe

c). We denote the number of weather, land surface, soil quality, and

extra variables as nw, nl, ns, ne respectively. Among these features, xw
c,t, xl

c,t change

both spatially and temporally, while xs
c, xe

c are county-specific and remain stable

over time. The goal is to predict yc,t given xc,t. Recent work [105] also showed

features from past years can help with the prediction, so we reformulate our task

as predicting yc,t with {xc,t, xc,t−1, ..., xc,t−∆t}. ∆t is the length of year dependency. If

∆t = 0, the model will not consider features from prior years.
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Per-Year Embedding Extraction

Regardless of whether the models use historical features or not, the first step is

always to extract an embedding for each year from xc,t. Then a prediction can be

made based on the embedding from the current year or the embeddings from

the last few years.

The four types of features xw
c,t, xl

c,t, xs
c, xe

c have different structures. Using a

uniform neural network to extract the embedding may not effectively exploit

the structure in the raw data. For example, weekly features xw
c,t, xl

c,t naturally

incorporate a temporal order, but county-specific soil features xs
c do not change

temporally and are measured at different depths underground. Therefore, we

use separate neural networks to process the differently structured-parts from xc,t:

hwl
c,t = fwl(xw

c,t, x
l
c,t)

hs
c = fs(xs

c)

hc,t = (hwl
c,t,h

s
c, x

e
c)

(2.1)

fwl(·) handles the features that vary over time. Since land surface features like

soil moisture from xl
c,t are weekly data closely related to weather, we concatenate

xl
c,t and xw

c,t before further passing to fwl. Given the temporal order, an RNN or

a CNN can be used for fwl to facilitate information aggregation along the time

axis. On the other hand, fs(·) aggregates information along soil depths. We use

CNN as the architecture for fs. xe
c only contains six scalar values, so we directly

pass it to the output embedding. The final embedding hc,t is the concatenation of

hwl
c,t,hs

c, xe
c.
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Figure 2.1: Left: The CNN model used for per-year embedding extraction. Right: Our
overall GNN-RNN framework. For each county c and year t′, the CNN extracts an
embedding hc,t′ . Then we apply a GNN to refine each year’s embedding by aggregating
information from neighboring counties, producing a new embedding zc,t′ . Finally, an
LSTM processes the embeddings from each year and outputs the yield prediction ŷc,t.

Temporal Dependency

Though new crops are planted every year and yields primarily depend on

climatic factors within one year, it has been observed that the trend and variations

captured by recent history can be very informative for prediction [105]. For

example, crop yields have tended to increase over the past few decades due to

improvements in technology and genetics [104]. While data on the underlying

technological improvement is unavailable [105], we can observe recent trends

in crop yield. Our per-year embedding extraction makes it easy to incorporate
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historical knowledge. All we need is an RNN that reads the per-year embeddings

from the current year and several prior years. The output from the last time step

would be our prediction for the crop yield of the current year:

ŷc,t = r(hc,t−∆t, ...,hc,t−1,hc,t) (2.2)

where r(·) is an RNN, and hc,t′ is the embedding from year t′ for county c. The

model described so far follows the CNN-RNN framework, which has previously

been shown to outperform single-year NN models [105].

Incorporating Geographical Knowledge

Eq. 2.2 shows how one can extend the use of embeddings from Eq. 2.1 temporally.

Then a natural question is, Can we take advantage of the embeddings geospa-

tially as well? Intuitively, if a county has good yields, nearby counties tend to

have good yields as well. The weather and soil conditions should also transition

smoothly across the continent. The additional features from neighboring coun-

ties could boost the prediction if used properly. A recent success in COVID-19

forecasting [162] with similar insights could further support incorporating ge-

ographical knowledge, where the graph-based representation learning greatly

improves case prediction.

Graph Neural Network GNN [165] is a novel type of neural network pro-

posed to unravel the complicated dependencies inherent in graph-structured

data sources. Given its strong power in representation learning, GNN has demon-

strated prominent applications in chemistry [39], traffic [166], biology [167], and

computer vision [168] with sophisticated model architectures [169, 170, 107].

Formally, a graph is denoted by G = (V, E) where V is the set of nodes and E is
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the set of edges between nodes. In our crop yield prediction task, each node is

a county. E is represented as a symmetric adjacency matrix A ∈ {0, 1}N×N where

Ai, j = 1 if two counties vi, v j ∈ V border and Ai, j = 0 otherwise. N is the total

number of counties. Each node is associated with xc,t for every year.

GraphSAGE A popular GNN model, GraphSAGE, [170] is a general framework

that leverages node feature information and learns node embeddings through

aggregation from a node’s local neighborhood. Unlike many other methods

based on matrix factorization and normalization [161], GraphSAGE simply ag-

gregates the features from a local neighborhood, and is thus less computationally

expensive. The features can be aggregated from a different number of hops

or search depth. Therefore the model often generalizes better. GraphSAGE is

suitable for crop yield prediction because most counties only border a few others

and the adjacency matrix is sparse. It also provides flexible aggregation methods.

Formally, for the l-th layer of GraphSAGE,

a(l)
c,t = gl({z(l−1)

c′,t ,∀c′ ∈ N(c)})

z(l)
c,t = σ(W(l) · (z(l−1)

c,t , a(l)
c,t))

(2.3)

where z(0)
c,t = hc,t from Eq. 2.1, and l ∈ {0, 1, ..., L}. N(c) = {c′,∀Ac,c′ = 1} is the set of

neighboring counties for c. The aggregation function for the l-th layer is denoted

gl(·), which could be mean, pooling, or graph convolution (GCN) function. In

practice, we found mean or pooling are effective and computationally efficient.

a(l)
c,t is the aggregated embedding from the bordering counties. We concatenate a(l)

c,t

with the last layer’s embedding z(l−1)
c,t before the transformation using W(l). σ(·) is

a non-linear function.

GNN-RNN The output embedding from GNN’s last layer z(L)
c,t thus extracts the

information (e.g., weather, soil) from the whole local neighborhood for year t. To
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integrate the historical knowledge, we can do the same as in Eq. 2.2, by taking

the GNN output embeddings from prior years:

ŷc,t = r(z(L)
c,t−∆t, ..., z

(L)
c,t−1, z

(L)
c,t ) (2.4)

where z(L)
c,t′ is the GNN embedding from year t′.

Loss Function We use log-cosh function as our objective:

L(̂yc,t, yc,t) = log(cosh(̂yc,t − yc,t)) (2.5)

Log-cosh works similarly to mean square error, but is not as strongly affected

by the occasional wildly incorrect prediction. It is also twice differentiable

everywhere. Mini-batch training is adopted during optimization. Batch loss is

the average log-cosh loss of all samples in a batch.

2.1.3 Prior Works

As one of the early works, [171] attempted a shallow neural network on corn

yield prediction. It was shown that neural networks could beat conventional

regression algorithms [172]. In recent years, owing to the development of deep

learning, neural network-based models have become more prevalent in the crop

yield prediction field [156, 173]. As we mentioned in the introduction, 48 out

of 70 recent works we surveyed employed neural nets. More than half of the

NN-based works adopted CNN and one fourth of them employed RNN.

There are two groups of research directions according to different input

sources. The first group of methods read remote sensing data such as satellite

images or normalized difference vegetation index (NDVI), and used that to

28



estimate the yields. [158] applied a deep Gaussian process to predict crop yields

from a series of the multi-spectral satellite images. [174] employed deep CNNs

to reduce the prediction uncertainty on RGB images. [175] did a case study in the

Midwest and compared various AI models on satellite product datasets. 20 out of

all the 70 papers primarily or only dealt with remote sensing data. These methods

illuminate the use of the widely available remote sensing data, but it is hard to

directly model the relations between crop yields and environmental factors that

actually affect the yields. Therefore, another line of research aims at collecting

environmental factors and directly training models with these factors as inputs.

[176] used temperature, rainfall and other meterological parameters to predict

wheat production. [177] collected crop genotypes and environments to predict

the performance of corn hybrids. More recently, CNN-RNN [105] incorporated

historical environment knowledge and proved benefits. Our GNN-RNN takes

one more step by further adding neighborhood information.

Dataset-wise, most papers have their own small-scale datasets, which vary

largely in different dimensions. Scale-wise, [178] only studied a single zone in

Mexico, while [179] studied the whole country of Argentina. Time-wise, [179]

spanned over 5 years, while [158] investigated 13 years. It is thus hard to fairly

compare models or validate the performance. There have been several efforts to

evaluate models on a large and consistent dataset. The closest one to ours is the

one from the CNN-RNN paper [105]. However, they only used 13 states from

the Corn Belt and used fewer features than us (for example, they did not use

land surface data such as soil moisture). By contrast, we evaluate our models at a

nationwide scale, using data from 41 states and 39 years. This forces our models

to generalize to a diverse range of locations that have very different climatic and

geographic conditions, instead of overfitting to a single region.
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2.1.4 Experiments on Crop Yield Prediction

We compare 11 representative machine learning models, including GNN and

GNN-RNN, on US county-level crop yields for corn and soybean. We evaluate

performance on three metrics: RMSE, R2, and correlation coefficient. Given a test

year t, we use year t − 1 for validation and all the prior years for training. For

example, if the test year is 2019, we train on data from years 1981-2017 (inclusive),

validate on 2018 crop yields, and test on 2019 crop yields.

Dataset Details

Crop yield labels for corn and soybean are available from the USDA Crop Pro-

duction Reports [180] for numerous counties in the US. Not all counties report

data in every year, but the coverage is still quite comprehensive. For example, for

corn, all years between 1981 and 2003 have over 2,000 counties across 41 states

reporting data. We train and evaluate our model on all counties where yield

data is available. (When computing the loss, we ignore counties that do not have

yield labels for that year.)

We use a variety of climate, land surface, and soil quality variables as input

features; these features are available for almost all counties in the contiguous

48 US states (3,107 counties in total1). We draw 7 weather features from the

PRISM climate mapping system [181]: precipitation, min/mean/max tempera-

ture, min/max vapor pressure deficit, and mean dewpoint temperature. These

features are available at a 4 × 4 km grid for each day.

1The only exception is Nantucket County, Massachusetts, where land surface model data is
missing, since it is an offshore island. Also note that some counties have feature data but not
label (yield) data. Only the GNN and GNN-RNN models can make use of these unlabeled county
features.
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We acquire 16 land surface features from the North American Land Data As-

similation System (NLDAS) [182], which is a large-scale land surface model that

closely simulates land surface parameters. These features include soil moisture

content, moisture availability, and soil temperature (all at various soil depths),

as well as observed weather variables such as wind speed and humidity. These

variables are available at a 0.125×0.125 degree (∼ 14 km) spatial resolution, every

hour.

Soil quality features were acquired from the Gridded Soil Survey Geographic

Database (gSSURGO) [183], at a 30 × 30 meter resolution. These features in-

clude available water capacity, bulk density, and electrical conductivity, pH, and

organic matter. Unlike the weather and land surface features, the gSSURGO

soil quality features are fixed and do not change over time. In addition to the

raw features, we use the raw sand, silt, and clay percentages to compute the

“soil texture type” of each pixel based on the Natural Resources Conservation

Service Soil Survey’s classification scheme [184], and then compute the fraction

of each county occupied by each soil texture type. In total, we have a total of 20

gSSURGO variables that are depth-dependent (so there are values for 6 different

soil depth levels), and 6 extra variables which are not depth-dependent (such

as crop productivity indices). Finally, as in [105], we use the average crop yield

(over all counties) of the previous year as an additional input feature, to capture

the increasing trend in crop yield over time. A full list of the features can be

found in the following.

All of these datasets were originally available as gridded raster data at a

variety of spatial resolutions. We aggregated each feature to the county level by

computing the weighted average of the variable over all grid cells that overlap
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with the county. Each grid cell is weighted by the percentage of the cell that lies

inside the county, multiplied by the percentage of that grid cell which is crop-

land, pasture, or grassland; the land cover percentages are computed using the

National Land Cover Database [185]. In addition, the time-dependent variables

(weather and land surface) were aggregated from daily to weekly frequency to

make the prediction task more tractable.

List of Features

We provide a list of all of the input features used in the model, grouped by

source. Note that all features are spatially aggregated to the county level, using a

weighted average (where each grid cell is weighted by the fraction of the cell that

lies inside the county, multiplied by the percentage of the grid cell that is crop-

land/pasture/grassland). An example of this aggregation process is depicted

in Figure 2.2. Temporally, all time-dependent features are also aggregated to

weekly frequency.

Weather features (xw
c,t) come from the PRISM dataset [181], with an original

spatial resolution of 4 km and a temporal resolution of daily:

1. Precipitation

2. Mean dewpoint temperature

3. Daily max temperature

4. Daily mean temperature

5. Daily minimum temperature

6. Max vapor pressure deficit
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Figure 2.2: Example of aggregating features to county level.
(a) raw raster of soil moisture from NLDAS.
(b) Percentage cropland/grassland/pasture (used to compute grid cell weights).
(c) the county-level values we generated.

7. Min vapor pressure deficit

Land surface features (xl
c,t) come from the NLDAS land surface model [182], with

an original spatial resolution of 0.125 degrees (14 km) and a temporal resolution

of hourly:

1. Precipitation hourly total (kg/m2)

2. Moisture availability (%), 0-200 cm
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3. Moisture availability (%), 0-100 cm

4. Soil moisture content (kg/m2), 0-200cm

5. Soil moisture content (kg/m2), 0-100cm

6. Soil moisture content (kg/m2), 0-10cm

7. Soil moisture content (kg/m2), 10-40cm

8. Soil moisture content (kg/m2), 40-100cm

9. Soil moisture content (kg/m2), 100-200cm

10. 2-m above ground specific humidity (kg/kg)

11. 2-m above ground temperature (K)

12. Soil temperature (K), 0-10 cm

13. Soil temperature (K), 10-40 cm

14. Soil temperature (K), 40-100 cm

15. Soil temperature (K), 100-200 cm

16. Wind speed (m/s), hourly max

Note that the cm ranges represent depths in the soil.

Soil quality features (xs
c) come from the Gridded Soil Survey Geographic

Database (gSSURGO) [183]. The dataset has a 30-m spatial resolution for the

continental U.S. These variables do not change over time. However, they vary

with depths, which are measured at 6 soil depth layers (0-5cm, 5-15cm, 15-30cm,

30-60cm, 60-100cm, 100-200cm). Because soil quality at a given point can vary

substantially within a county, accounting for the location of agricultural activity

can be critical when constructing appropriate county-level soil variables. Thus,

the weighted-average technique is especially important here. We aggregate the
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fine-scale soil data to the county level based on the percentage of each NLCD

Land Cover grid cell that was covered by agricultural land (grassland, pasture,

cropland) in 2011.

1. Available water capacity of the dominant soil component

2. Bulk density

3. Electrical conductivity of the dominant soil component

4. Organic matter

5. Average % silt

6. Average % clay

7. Average % sand

8. % area covered by Clay soil type

9. % area covered by Silty Clay soil type

10. % area covered by Sandy Clay soil type

11. % area covered by Clay Loam soil type

12. % area covered by Silty Clay Loam soil type

13. % area covered by Sandy Clay Loam soil type

14. % area covered by Loam soil type

15. % area covered by Silt Loam soil type

16. % area covered by Sandy Loam soil type

17. % area covered by Silt Loam soil type

18. % area covered by Loamy Sand soil type

19. % area covered by Sand soil type
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20. pH, which is influenced by chemical reactions between water and the

dominant soil component

Note that features 8-19 were not present in the original gSSURGO dataset. Rather,

for each pixel, we used the raw silt, clay, and sand percentages to compute the

soil texture type of that pixel, based on the National Resources Conservation

Service Soil Survey’s classification scheme [184]. This classification scheme is

depicted in Figure 2.3. After classifying each pixel’s soil texture type, we compute

the fraction of each county that is occupied by each soil texture type.

Figure 2.3: NRCS Soil Texture classification [184]. The three sides of the triangle represent
percentage sand, clay, and silt, and the colored regions are the soil texture types.

Extra features (xe
c) also come from the gSSURGO dataset [183], but are not depth-

dependent. They are listed below:

1. National commodity crop productivity index

2. Depth to any soil restrictive layer
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3. NCCPI crop productivity index for small grains, weighted average

4. NCCPI crop productivity index for corn

5. NCCPI crop productivity index for cotton

6. NCCPI crop productivity index for soybean

Compared Methods

We consider two types of methods: (a) single-year methods that only use features

from year t to predict yield for the same year t, and (b) 5-year methods that use

features from a 5-year series (years {t − 4, t − 3, . . . , t}) to predict yield for year t.

Single-year methods. We first consider methods that only use a single year

of data to make predictions, to provide a fair comparison to the single-year GNN.

For non-deep baseline methods, we select lasso, ridge regressor and gradient

boosting regressor. For these methods, we flatten all the features from the entire

year into a single feature vector, ignoring the temporal and soil-depth structure

in the data. Next, we tried three baseline deep learning architectures for fwl(·):

LSTM [19], GRU [75], and 1-D CNN [2]. All of these methods process the weekly

time-series of weather and land surface data within the year. We compare

these methods with our single-year GNN model (Eq. 2.3), which incorporates

geospatial context in making predictions.

5-year methods. For history-dependent models, we follow [105] by consid-

ering a 5-year dependency for a consistent and fair comparison. Two baseline

models using LSTM and GRU respectively handle the raw inputs {xc,t−∆t, ..., xc,t}

directly with r(·). Specifically, they flatten the features for each year into a single

vector (disregarding the weekly structure of the weather data or the depth struc-
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ture of the soil data), and then feed the 5 year-vectors into the LSTM or GRU.

The most recent CNN-RNN model [105] pre-processes the raw features with a

CNN (choosing CNN for fwl(·)) and then uses a LSTM to model the sequence

embeddings as described in Eq. 2.2. Finally, the GNN-RNN model introduced

in this work (Eq. 2.4) still uses a CNN for fwl(·) to encode the raw features into

an embedding for each year, then uses the GNN to refine the embeddings using

information from the county’s spatial context, and then passes those embeddings

into an LSTM.

Evaluation Metrics

We evaluate our model across all counties in the test year with data. We use

three standard regression metrics: RMSE, R2, and Pearson correlation coefficient

(Corr).

The RMSE is the square root of the mean squared error between the prediction

and the true value:

RMS E =

√∑
c(yc − ŷc)2

N

where yc is the true yield for county c, ŷc is the model’s predicted yield for

county c, and N is the total number for counties in the test set with yield data.

In this work, we further divide RMSE by the standard deviation of the current

crop’s yield (across all years), in order to make the results for different crops

comparable.

R2 is a measure of how much the variation in the data can be explained by
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the model predictions. Formally,

R2 = 1 −
∑

c(yc − ŷc)2∑
c(yc − ȳ)2

where ȳ is the average yield across the entire test dataset. The top of the

fraction is the sum of the squared residuals (difference between true yield and

model prediction). The bottom is the total sum of squares (of the difference

between the true yield and the average yield across the test dataset), which is

proportional to the overall variance of the test data.

The Pearson correlation coefficient (Corr) measures the strength of the linear

correlation between the true and predicted values. The correlation between two

variables x and y is given as

rxy =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2

Again x̄ and ȳ are the means of x and y respectively. We let x be the model

prediction and y be the true yield.

Model Details

For the shallow models (ridge regression, lasso, and gradient boosting regressor),

we used scikit-learn’s implementations.

For the baseline single-year models, we evaluated using LSTM, GRU, and

CNN as fwl(·) to process the weekly weather and land surface data. For CNN,

we used a 1-D CNN similar to the one in [105], but we process all weather and
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Method RMSE R2 Corr
lasso 1y 0.7846 0.3839 0.7778
ridge 1y 0.9255 0.1428 0.7626
gradient-boosting 1y 0.7402 0.4516 0.7794
gru 1y 0.5938 0.6472 0.8158
lstm 1y 0.6146 0.6220 0.8303
cnn 1y 0.5824 0.6606 0.8235
gnn 1y (ours) 0.4846 0.7517 0.8759
(std) (0.0097) (0.0100) (0.0019)

gru 5y 0.6765 0.5419 0.8194
lstm 5y 0.6542 0.5716 0.8060
cnn-rnn 5y 0.5511 0.6936 0.8425
gnn-rnn 5y (ours) 0.4900 0.7595 0.8731
(std) (0.0191) (0.0186) (0.0092)

(a) 2018 corn results

Method RMSE R2 Corr
lasso 1y 0.6838 0.3122 0.6715
ridge 1y 0.7081 0.2623 0.6723
gradient-boosting 1y 0.7345 0.2064 0.6857
gru 1y 0.5890 0.4897 0.7381
lstm 1y 0.6245 0.4262 0.7096
cnn 1y 0.5572 0.5432 0.7384
gnn 1y (ours) 0.4930 0.6286 0.8011
(std) (0.0068) (0.0102) (0.0037)

gru 5y 0.5279 0.5900 0.7785
lstm 5y 0.5311 0.5849 0.7821
cnn-rnn 5y 0.5212 0.5842 0.7868
gnn-rnn 5y (ours) 0.4677 0.6782 0.8272
(std) (0.0035) (0.0049) (0.0038)

(b) 2019 corn results

Method RMSE R2 Corr
lasso 1y 0.6226 0.6090 0.7912
ridge 1y 0.7633 0.4125 0.7550
gradient-boosting 1y 0.6686 0.5492 0.7986
gru 1y 0.6376 0.5932 0.8356
lstm 1y 0.6459 0.5825 0.8129
cnn 1y 0.6584 0.5661 0.7988
gnn 1y (ours) 0.5637 0.6794 0.8273
(std) (0.0144) (0.0163) (0.0095)

gru 5y 0.6094 0.6254 0.8218
lstm 5y 0.5430 0.7026 0.8459
cnn-rnn 5y 0.5647 0.6784 0.8650
gnn-rnn 5y (ours) 0.5333 0.7129 0.8591
(std) (0.0194) (0.0206) (0.0049)

(c) 2018 soybean results

Method RMSE R2 Corr
lasso 1y 0.5731 0.6137 0.8089
ridge 1y 0.6069 0.5668 0.7944
gradient-boosting 1y 0.6802 0.4558 0.7899
gru 1y 0.5742 0.5150 0.7569
lstm 1y 0.5907 0.4867 0.7195
cnn 1y 0.5699 0.5222 0.7385
gnn 1y (ours) 0.4916 0.7148 0.8505
(std) (0.0335) (0.0395) (0.0165)

gru 5y 0.5751 0.6109 0.8158
lstm 5y 0.5512 0.6427 0.8156
cnn-rnn 5y 0.5365 0.6615 0.8423
gnn-rnn 5y (ours) 0.4745 0.7349 0.8602
(std) (0.0160) (0.0179) (0.0076)

(d) 2019 soybean results

Table 2.1: Evaluation results. For RMSE, lower is better; for R2 and Corr, higher is better.
We grouped the methods based on whether they use 1 year of data (1y) or 5 years of
data (5y) to make predictions.

land surface parameters together. The CNN contains series of 1D convolutions,

ReLUs, and average pooling layers; this sequence is repeated four times. For

all methods that use LSTM or GRU, we used PyTorch’s implementation with 64

hidden states.

The same CNN is used as the encoder for the weekly weather and land

surface data in the CNN-RNN, GNN, and GNN-RNN models. (We also tried

using an LSTM as the encoder for the weekly data for these models, but this

did not improve results.) For all methods except for the 5-year LSTM/GRU, we
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processed the soil data using another small 1-D CNN (with three convolutional

layers, and without average pooling), where the convolutions operate across 6

different soil depths.

For the simple 5-year baseline models (LSTM and GRU), we fed the flattened

feature vectors for each year through an LSTM or GRU, followed by a 2-layer

fully connected network.

For the GNN and GNN-RNN models, we used the implementation of Graph-

SAGE from the dgl library; we used a 2-layer GNN, with edge dropout of 0.1.

The adjacency graph of US counties is provided by the US Census Bureau. We

used stochastic mini-batch training to train the model, where each layer samples

10 neighbors to receive messages from. We tried different aggregation functions

and found that the “pooling” approach generally performed best.

For all methods, we use the Adam optimizer [186], sometimes with a mild

cosine or step decay. We tried learning rates between 1e-5 and 1e-3, used a weight

decay of 1e-5 or 1e-4, and a batch size of 32, 64, or 128. We trained the model

for 100 to 200 epochs (until the validation loss clearly stopped improving). We

chose the epoch and hyperparameter setting that produced the lowest RMSE

on the validation year (the year before the test year). We ran the GNN and

GNN-RNN models 3 times with different random seeds to evaluate the variance

in the results.

Crop Yield Prediction Results

We evaluate the model on four test datasets: 2018 corn, 2018 soybean, 2019

corn, and 2019 soybean. These datasets span a wide geographic area, as well
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Method RMSE R2 Corr
lstm 1y 0.6347 0.5968 0.8148
cnn 1y 0.7253 0.4736 0.7004
gnn 1y (ours) 0.5877 0.6543 0.8124
lstm 5y 0.7004 0.5091 0.7708
cnn-rnn 5y 0.6532 0.5730 0.7732
gnn-rnn 5y (ours) 0.5836 0.6591 0.8259

Table 2.2: Early prediction results (2018 corn, after June 1).

Figure 2.4: Maps of predicted (top) and true (middle) corn yields in 2018, along with the
difference (bottom). For the Difference plot, yellow means an accurate prediction, blue
means the model predicted too high, and red means the model predicted too low. Gray
means no data.

as differing growing conditions (2019 was a bad year due to the wet spring

in the Midwest, which caused planting to be delayed). The results on these

datasets are shown in Table 2.1. For the methods that only use 1 year when

making predictions, our GNN model clearly outperforms comparable baselines
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Figure 2.5: Predicted vs. ground truth corn yields in 2018.

across all datasets and metrics (except for 2018 soybean Corr, where it is slightly

worse than GRU). For the methods that use a history of 5 years, our GNN-RNN

outperforms competing baselines in almost all cases (except for 2018 soybean

Corr, where it is slightly worse than CNN-RNN). For example, in 2019, our corn

yield prediction on R2 score is 16% better than the prediction of a state-of-the-

art work [105]. On average, we achieve a relative R2 improvement of 10.44%

over the recent CNN-RNN model, 16.16% over the 5-year LSTM, and a relative

RMSE improvement of 9.6% over the CNN-RNN model, 13.18% over the 5-year

LSTM. These indicate the importance of exploiting geospatial context in these

predictions.

Figure 2.5 shows an example scatterplot of true vs. predicted corn yields for

the test year 2018 (Figure 2.7 for corn yields in 2019, Figure 2.9 for soybean yields

in 2019). The GNN-RNN model is able to capture differences in yield between

counties quite well. One minor issue is that the model is not able to capture the

counties with very high yields very well; the model almost never predicts a yield

higher than 220, but there are actually several counties with a true yield higher

than this. This may stem from the fact that such high yields were almost never
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Figure 2.6: 2019 corn: Maps of predicted (top) and true (middle) yields, along with the
difference (bottom).

Figure 2.7: 2019 corn: Predicted vs. ground truth yields.

seen before in the training years.
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Figure 2.8: 2019 soybeans: Maps of predicted (top) and true (middle) yields, along with
the difference (bottom).

Figure 2.9: 2019 soybeans: Predicted vs. ground truth yields.

We can also see these trends in the map (Figure 2.4, 2.6, 2.8). While the GNN-

RNN model captures large-scale trends in crop yield very well, it sometimes
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outputs overly smooth predictions within a region, and under-predicts the area

of high true yield in the Midwest. Improving the GNN’s ability to detect fine-

scale variations without smoothing them out is an important area for future

work.

We can see that crop yield prediction on a large scale is rather challenging, due

to the complexity of the prediction task and the data involved. Each data point

(one county/one year) has over 6,000 features, and standard models can easily

overfit to noise in the data and fail to generalize. In order for the prediction task

to be tractable, a model needs to take advantage of the various forms of structure

in the data; temporal structure within a year (to capture weather patterns in

different times of the year), temporal structure across years (to capture long-

term trends such as technological improvements), and geospatial structure (to

capture correlations between nearby county yields). Our GNN-RNN model

is the first model to take all of these aspects into account when making crop

yield predictions, and achieves superior performance compared with the existing

state-of-the-art.

Early Prediction

In practice, crop yield predictions are most useful if they can be made well before

harvest, as this gives time for markets to adapt, and humanitarian aid to be

organized in cases of famine [158]. To simulate this, at test time only, for each

county we mask out all weather and land surface features from after June 1

(week 22) of the test year, and replace them with the average values for that

county during the training years. Then we pass the masked features through a

pre-trained model to obtain predictions. The results for several methods for 2018
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corn are presented in Table 2.2. The graph-based models (GNN and GNN-RNN)

clearly outperform competing baselines in this scenario, again illustrating the

importance of utilizing geospatial context.

2.1.5 Discussion

In this work, we introduce a novel GNN-RNN framework to innovatively in-

corporate both geospatial and temporal knowledge into crop yield prediction,

through graph-based deep learning methods. To our knowledge, our method

is the first to take advantage of the spatial structure in the data when making

crop yield predictions, as opposed to previous approaches which assume that

neighboring counties are independent samples. We conduct extensive experi-

ments on large-scale datasets covering 41 US states and 39 years, and show that

our approach substantially outperforms many existing state-of-the-art machine

learning methods across multiple datasets. Thus, we demonstrate that incorpo-

rating knowledge about a county’s geospatial neighborhood and recent history

can significantly enhance the prediction accuracy of deep learning methods for

crop yield prediction.
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2.2 Graph-to-Sequence: Crystal to Sequence Learning for Den-

sity of States Prediction

2.2.1 Introduction

Machine learning for materials discovery has risen to prominence recently, with

impressive applications to materials’ property predictions [187, 188]. While the

performance greatly exceeds the existing models, most of the achievements are

confined to individual scalar quantities [189, 190, 191, 192]. For conventional

machine learning models, some other structured properties are often hard to deal

with, for example spectral properties [193]. Two fundamental spectral properties

are phonon density of states (phDoS) [194] and electronic density of states (eDoS)

[195]. In a given frequency interval, phDoS describes the number of phonon

modes if the density of wave vectors in the Brillouin zone is homogeneously

distributed. The phonon density of states is typically normalized to one [196].

eDoS is essentially the number of different states at a particular energy level

that electrons are allowed to occupy (namely, the number of electron states per

unit volume per unit energy) [197]. Mathematically, the density of states can be

regarded as a sequence depicting the fundamental characteristics of particles.

Each crystalline material is associated with unique density of states (phDoS,

eDoS). The goal of density of states prediction is to estimate this sequence given

an input structure.

There are two challenges in this sequence prediction problem. First, the

input crystals are 3D structures, which are very different from typical machine

learning formats (i.e., vectors or matrices). Featurizing the crystal structures
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is the cornerstone of the whole learning process. If useful information cannot

be extracted effectively, the follow-up predictions would be severely hampered.

Essentially, each crystal structure is a collection of atoms. Each atomic site

contains a specific element, and these sites can be seen as nodes on a graph.

Atoms also have interactions with each other [198]. Close atoms often have

strong bonds. These bonds can be represented by the connecting edges on the

graph [189]. Conventional CNN [1] and RNN [19] are not applicable to graphs,

while graph neural networks [170] are specifically designed for such structures,

and some GNN examples have been seen in Section 2.1. The pioneering work

applying GNN networks to materials property prediction was CGCNN [189],

where the crystal unit cell was formalized as a graph with atoms as nodes and

bonds as edges. MEGNet [199] further introduced a global state to add extra

features like temperature, pressure, and entropy. More recently, GATGNN [59]

suggested using an attention mechanism to capture the global crystal structure

beyond the local atomic environments. In GATGNN, the local augmented graph-

attention layers encode the properties of local environments for each atom to

obtain an abstract feature, and a global attention layer aggregates these atomic

vectors by weighted averaging to produce the global feature vector for prediction.

This exploitation of structure markedly facilitated feature extraction from the

crystalline systems, and built an extensible foundation for various predictions.

The second challenge in sequence prediction is the target format. Works like

GATGNN concentrated on the prediction of scalar properties such as forma-

tion energies, band gaps and elastic moduli. The performance of these models

degrades when applied to spectral properties like eDoS and phDoS [10]. The

simplest way to adapt the previous methods to predict sequences is to expand

the last layer to output multiple values instead of a single value. The general
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idea is similar to predicting multiple scalar properties simultaneously. How-

ever, such parallel prediction overlooks the sequential nature of the target DoS.

The smoothness property cannot be enforced onto the predicted targets either.

Mat2Spec [10] observes this flaw and re-formulates the problem as a multi-target

regression task. Mat2Spec keeps the framework of expanding the last layer to

output more values, but additionally uses contrastive learning [97] and a proba-

bilistic variational autoencoder [200] to model the correlations among different

locations of the sequence.

In this work, we introduce Crystal-to-DoS (Xtal2DoS) learning, to improve

both the graph encoding and the sequence decoding for phDoS and eDoS predic-

tions. First, we inherit the general framework of GATGNN and employ graph at-

tention networks (GAT) [107] to learn both the local and global attention. Second,

we adopt the attention-based transformer to decode the target sequence. [28].

The transformer reads the one-hot position embedding together with the global

crystal representation, and decodes left-to-right auto-regressively. Differing from

the multi-target regression perspective, Xtal2DoS takes the sequence-to-sequence

(seq2seq) learning perspective. In seq2seq, the decoding process incorporates

both self-attention and source-attention. Self-attention retrieves the historical

memory from the previous steps, and source-attention derives the similarity

between the decoding sequence and the input sequence. In this DoS prediction

task, the input is a graph rather than a sequence, so the source-attention attends

each position with all the atom embeddings. The resulting model, Xtal2DoS,

thus improves both the encoding and decoding over prior models, for this

graph-to-sequence learning problem. Experimental results show our method can

outperform the existing state-of-the-art models on all four evaluation metrics by

over 15% on average for phDoS, and over 6% on average for eDoS.
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Figure 2.10: An illustration of predicting eDoS from the crystal structure for material
CsF.

2.2.2 Crystal-to-DoS Learning

Problem Formulation

The input crystal material x is denoted as a graph Gx = (V, E). V = {ui}
n
i=1 is

the collection of n atoms where ui is an atom embedding learnt from CGCNN.

E = {ei j}1≤i, j≤n denotes the bonds connecting atoms. ei j depicts the distance

between two atoms i, j. For a crystalline system, the crystal structure repeats

in the 3D space and each atom has a 3D coordinate. Though theoretically, each

atom has connections with any other atom, for simplicity and generality, we

choose nmax nbr neighbors to be the upper bound for the number of neighbors of

each atom. In other words, the sum of each row or column of Gx’s adjacency

matrix is smaller than or equal to nmax nbr. Our goal is to predict y for each x. y is

the desired density of states (phDoS or eDoS), with length ly. ly = 51 for phDoS

and ly = 128 for eDoS. l is predefined for each type of DoS. The learnt model

maps x to y ( f : x→ y). Figure 2.10 presents an example (caesium fluoride , CsF)

of DoS prediction.
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Graph Attention Encoder

As the prototype of GAT, graph convolutional network (GCN) [169] combines

the local graph structure and node-level features to yield impressive node pre-

dictions. However, the feature aggregation of GCN depends on structure and

is mostly linear, constraining effectiveness of message passing on the graph. In

GCN, a graph convolution operation can be written as

hl+1
i = σ(

∑
j∈N(i)

1
ci j

W lhl
j) (2.6)

σ(·) is a non-linear activation function. Wl is the feature transformation matrix in

the l-th layer. hl
i is the latent node embedding for node i in the l-th layer, with

h0
i = ui. ci j =

√
|N(i)||N( j)| is a normalization constant and N(i) is the set of node

i’s neighbors.

In Xtal2DoS, we use a variant of GAT, UniMP [201], to encode the crystalline

graph. Compared to GAT, UniMP adds support for edge features. For each layer

in UniMP, hl
i is first linearly transformed to queries, keys and values

ql
i = W l

qhl
i + bl

q,

kl
i = W l

kh
l
i + bl

k,

vl
i = W l

vh
l
i + bl

v.

(2.7)

Similarly, we also transform the edge features between node i and node j

gi j = Weei j + be. (2.8)

The edge feature transformation is not layer-dependent and We, be are shared for

all edges. The attention coefficients are then computed as follows

αl
i j =

⟨ql
i, kl

j + gi j⟩∑
p∈N(i)⟨ql

i, kl
p + gip⟩

(2.9)
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where ⟨q, k⟩ = exp( qT k
√

d
) and d is the dimensionality of ql

i, k
l
i or vl

i. Afterwards, the

embeddings from neighbors are aggregated, together with the edge embeddings,

weighted by attention scores

ĥl+1
i =

∑
j∈N(i)

αl
i j · (v

l
j + ei j). (2.10)

From Eq. 2.6 and Eq. 2.10, GAT considers similarity scores and edge information

when performing the aggregation to gain more expressiveness.

Finally, motivated by the success of residual neural networks [21], UniMP

appends a gated residual connection before passing ĥl+1
i to the next layer

rl
i = W l

r hl
i + bl

r,

βl
i = sigmoid(al [ĥl+1

i ; rl
i ; ĥl+1

i − rl
i])

hl+1
i = σ( fLN((1 − βl

i) ĥl+1
i + β

l
i rl

i))

(2.11)

where ; denotes concatenation, al is the learnable weight parameter, and fLN

represents the layer norm. Note that for the last layer of UniMP, σ(·) and fLN are

skipped.

Sequential Decoding

GAT learns embeddings for each node, hL
i , if there are L layers in total. GATGNN

and Mat2Spec simply take the average of all the embeddings as the global feature

vector

hx =
1
n

n∑
i=1

hL
i (2.12)

Then the global feature vector is used to decode the target DoS, using MLP or

VAE.
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Figure 2.11: The global feature vector is fed into RNN as the initial state. The decoding
unrolls step by step.

Figure 2.12: Chunk RNN decoder is an RNN decoder that predicts a segment instead of
a single value at each step.

We compared various sequence models including RNN and transformer for

decoding. By default, we used the GRU model for RNN.

RNN Figure 2.11 sketches the RNN decoding of the GAT-encoded crystal. RNN

is naturally suitable for sequence decoding. It reads the global feature vector as

the cell state and a special ⟨start⟩ symbol to indicate the start of the decoding.

The output at each step is also the input for the next step. However, RNN is

criticized for lacking long-term memory [202]. When we decode the last step

(y127), the memory of the first step (y0) is probably degraded. This might hurt the

prediction quality for long sequences. Another drawback of RNN is the speed.

Each step has to wait for the previous output, and thus the decoding process
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Figure 2.13: Adding an attention mechanism to the chunk RNN decoder.

could take a very long time.

Chunk RNN Figure 2.12 gives an overview of a chunk RNN, which is a simple

RNN variant. Chunk RNN predicts a segment rather than a single value at

each step. The benefit is that the decoding time could be greatly shortened.

For instance, on eDoS, if the segment length is 32, then sequence length can

be reduced from 128 to 4. On the other hand, each segment still waits for the

generation of the previous segment, and longer segments harm the accuracy

gradually.

Chunk RNN + Attention To compensate for the performance degradation

brought by chunk RNN, we further introduce the attention mechanism into the

sequence model (Figure 2.13). The attention module directly attends to the latent

sequence states with the atom embeddings. The latent states can take specific

atoms into consideration and build more fine-grained correlations. In practice,

we also find including the attention module boosts the evaluation results.

Transformer Given that we have already introduced the attention mechanism,

it is intuitive to completely drop the recurrent framework and embrace the fully

attentional transformer [28]. The input at each step is the concatenation of the

positional embeddings and the global feature vector. A positional embedding is

simply a one-hot vector of length ly indicating the index of the current step. The
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Figure 2.14: Images are from [28]. Left: Illustration of the scaled dot-product attention.
Right: Several attention layers can run in parallel.

Figure 2.15: Fully attention-based transformer decoding for DoS prediction. All the
recurrent components are replaced with self-attention.

global feature vector hx additionally provides the global context for decoding.

Formally, let zi = [si ; hx] where si is the one-hot position embedding with length

ly. zi is the initial state for the first self-attention layer. As in UniMP, we derive

collections of queries, keys and values for the hidden states of each self-attention

layer, denoted by Q, K, and V, respectively.
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Transformer adopts dot-product attention to calculate the outputs

Attention(Q,K,V) = softmax(QKT/
√

d) V (2.13)

where d is the latent dimensionality. Multiple sets of Q, K, and V matrices

can be learned, and each set is known as a head. Multiple heads (multi-head)

can give self-attention greater power of discrimination. The outputs of all the

heads are concatenated, layer-normalized and decoded through a fully connected

feed-forward network. Figure 2.14 shows an example of h heads in total.

During the decoding phase, each attention layer also computes the source-

attention between the output states and the input atom nodes. If we denote the

queries, keys, values in decoding as Qdec,Kdec,Vdec, and the ones from the input

graph encoding as Qenc,Kdec,Vdec, we have

Self-Attention(Qdec,Kdec,Vdec) = softmax(
QdecKT

dec
√

d
)Vdec,

Source-Attention(Qdec,Kenc,Venc) = softmax(
QdecKT

enc
√

d
)Venc,

(2.14)

for the sequential decoding. Source-attention usually happens after self-attention.

Furthermore, the transformer model adds masking to prevent the current posi-

tions from attending to the future positions, to prevent leftward information flow

in the decoder, and to preserve the auto-regressive property, ensuring each de-

coded state only knows the history but not the future. The final generated length-

ly sequence ŷ is compared with the ground-truth y through Kullback–Leibler

divergence (KL-div) [203] or its generalized version, Bregman Divergence (BD)

[204], resulting in the loss term, L = DKL(y || ŷ). We chose KL-div and BD because

they are more suitable than other measures for data containing peaks, which are

ubiquitous in DoS.

Our model is a synergistic combination of a GAT (UniMP) encoder and a
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transformer decoder. The whole model is entirely based on attentions on graphs

and sequences. Figure 2.15 illustrates the main idea of Xtal2DoS.

2.2.3 Related Works

Learning for 3D structure has been a long-standing problem. In materials discov-

ery, two atomic systems can be exactly the same even though the coordinates are

totally different in the 3D space if they can be transformed to one another through

translation, rotation or inversion. For standard machine learning models, it is

very hard to capture such invariance and symmetry [205]. There are in general

three strategies to address the concern.

First, the same models can be trained using more data [206]. The structured

inputs can be randomly transformed without changing the labels. Some prior

works successfully applied data augmentation to exploring materials design

spaces [207]. On the other hand, in materials science, even with augmentation, it

is not easy for machine learning models to comprehend the crystalline system, let

alone the data collection and augmentation require enormous domain knowledge

and expert effort [188].

Second, rather than expanding the scale on the dataset side, some researchers

have explored the possibility of enforcing the invariance or equivariance inside

the model. This kind of model handles the coordinates directly and are often

called equivariant neural networks [208]. One notable model for materials science

applications is E3NN [209]. E3NN performs training based on radial functions

and spherical harmonics [210]. Intuitively, E3NN represents the atoms with

the 3D coordinates, mass and velocity, and tells the equivariant convolutional

58



filters how the crystals might transform. Thus, E3NN can capture the full crystal

symmetry, while reducing training set sample complexity. However, radial

functions and spherical harmonics may limit the expressiveness of the model.

In some scenarios where the data is abundant, E3NN’s benefits might become

marginal.

Third, it is often helpful to pre-process the data for simplicity [211]. Instead

of using the coordinates, we can re-format the crystals to graphs by retaining

only the atoms and the bonds between them. Some of the structure information

is lost from the input, such as the lattice angles, but this could also reduce the

risk of overfitting. Once the inputs are converted to graphs, mature graph neural

network techniques [160] can be applied. A representative work is GATGNN [59].

GATGNN is one of the primary methods to encode the atom embeddings and

extract the global feature vector. It still leads in the performance of many scalar

property prediction tasks including absolute energy, Fermi energy, band gap and

Poisson-ratio. Nevertheless, in sequence property predictions, its performance

degrades significantly [10]. Mat2Spec [10] uses the same graph encoder as

GATGNN, but improves the decoder. GATGNN only uses an MLP, which is

incapable of sequence decoding. Mat2Spec not only aligns the inputs and targets

in a latent multivariate Gaussian space, but also learns an embedding for each

energy level through contrastive learning. Mat2Spec views the DoS prediction

as a multi-target regression problem, yet ignores the sequential structure of

DoS. Besides, Mat2Spec simply deepens the MLP decoder and plugs contrastive

modules into the decoder, while sequence modeling is cleaner and simpler.

Xtal2DoS follows the design of GATGNN and Mat2Spec because the graph

encoding is shown to outperform the coordinate encoding [10]. On top of the
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existing designs, Xtal2DoS further replaces GAT encoder with a more advanced

variant, UniMP, and replaces the decoder with a powerful sequence model,

transformer. Evaluation results and ablation studies prove the effectiveness and

efficiency of our introduced model.

2.2.4 Experiments on DoS Prediction

We validate the performance of Xtal2DoS on two datasets, phDoS and eDoS.

The task of directly predicting phDoS in crystalline solids from atomic species

and positions was first proposed in E3NN [209]. As mentioned above, phDoS is

normalized to 1, since phDoS gives the number of modes per unit frequency per

unit volume of real space and is essentially a distribution. phDoS is critical for

calculating properties such as the average phonon frequency and the heat capac-

ity at 300K. The analogous task of predicting eDoS for nonmagnetic materials

was proposed in [10]. eDoS is the same as phDoS except that it depicts electrons.

Materials scientists are interested in a small energy range between -4 to 4 eV

with respect to band edges with 63 meV intervals, including both unoccupied

and occupied states. Fermi energy and band edges are all set to 0 eV on this

energy grid. Predicting eDoS accurately can be very valuable to bandgap energy

estimation. Both phDoS and eDoS are continuous functions in nature. We sample

51 points on phDoS and 128 points on eDoS spanning the frequency or energy

range. In other words, ly = 51 for phDoS and ly = 128 for eDoS.
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Evaluation Metrics

Four metrics are adopted for evaluation: coefficient of determination (R2), mean

absolute error (MAE), mean squared error (MSE) and Wasserstein distance (WD).

R2 measures the proportion of the variation in the ground-truth targets y that

is predictable from the predictions ŷ,

R2 = 1 −
∑ly

i=1(yi − ŷi)2∑ly
i=1(yi − ȳ)2

(2.15)

where ȳ = 1
ly

∑
i yi. In the best case when y and ŷ match exactly, R2 would reach the

maximum possible value, 1. If yi = ȳ, R2 = 0. Note that R2 score can be negative if

the predictions are worse.

MAE and MSE are standard metrics for regression. We also adopt them for

evaluation:

MAE =
1
ly

ly∑
i=1

|yi − ŷi|

MSE =
1
ly

ly∑
i=1

(yi − ŷi)2

(2.16)

Wasserstein distance is another metric defined between probability distribu-

tions. If we view the two distributions as two piles of earth, WD is the minimum

amount of dirt to move in order to turn one pile to be the same as the other.

Therefore, WD is also known as earth mover’s distance. We define the WD as

WD =
∫ +∞

−∞

|P − Q| (2.17)

for distributions p and q with cumulative distribution functions (CDF) P and Q,

respectively. The continuous form of WD can also be adapted for discrete cases.
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model normalized
R2 MAE MSE WD

Mat2Spec 0.641 0.00773 0.000264 0.0736
Xtal2DoS 0.732 0.00677 0.000194 0.0634

improvement 14.20% 12.42% 26.52% 13.86%

model original
R2 MAE MSE WD

E3NN 0.480 0.105 0.036 -
GATGNN 0.450 0.105 0.042 -
Mat2Spec 0.620 0.0782 0.0231 0.0736
Xtal2DoS 0.673 0.0659 0.0172 0.0634

improvement 8.55% 15.73% 25.54% 13.86%

Table 2.3: Top: The evaluation results on four metrics in the normalized space. Bottom:
The evaluation results on four metrics in the original space. WD is always computed
after normalization by the definition.

Implementation

The graph encoder is built with PyTorch Geometric [212] modules. The encoder

is composed of three GAT/UniMP layers, each followed by batch normalization

[213] and a non-linear activation [214]. The sequence decoder is a stack of six

self-attention layers, where each layer has subsequent layer normalization and

feed-forward layers. The whole model is trained with the Adam optimizer [186],

on Nvidia V100 GPU.

Prediction Results

We evaluate the results on two spaces. One is the sum-normalized space (sum to

1) and the other is the original input space. For phDoS, the highest density value

is 1 in the raw input space. For eDoS, the highest density value could exceed

50. Two spaces give different weights to different samples, leading to different
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model normalized
R2 MAE MSE WD

Mat2Spec 0.351 0.00326 0.000036 0.230
Xtal2DoS 0.385 0.00314 0.000034 0.210

improvement 9.52% 3.50% 5.56% 8.50%

model original
R2 MAE MSE WD

E3NN 0.410 5.01 101.9 0.47
GATGNN 0.32 4.89 118.2 0.35
Mat2Spec 0.545 3.8939 76.624 0.230
Xtal2Dos 0.575 3.7353 71.566 0.210

improvement 5.50% 4.07% 6.60% 8.50%

Table 2.4: Top: The evaluation results on four metrics in the normalized space. Bottom:
The evaluation results on four metrics in the original space. WD is always computed
after normalization according to definition.

metric values.

Xtal2DoS is first evaluated on phDoS, compared with other state-of-the-art

baselines, including E3NN, GATGNN, Mat2Spec and some of their variants.

Among all the compared existing methods, Mat2Spec gives the best numbers.

Our Xtal2DoS can still greatly improve over Mat2Spec. On R2, MAE, MSE and

WD, the relative improvements are as large as 14.20%, 12.42%, 26.52%, 13.86%,

respectively. The average improvement is 16.75%. Similarly, in the original space,

the average improvement across all four metrics can also reach 15.92%. Table 2.3

presents all the evaluation values for phDoS.

Table 2.4 shows the performance gain achieved by Xtal2DoS over Mat2Spec

on the more challenging eDoS dataset. Xtal2DoS outperformed Mat2Spec on the

four metrics by 9.52%, 3.50%, 5.56%, 8.50% respectively, in the normalized space.

The improvement was 6.77% on average. This is narrower than the one from

phDoS dataset, but the over 6% performance boost is still substantial, especially
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model normalized
R2 MAE MSE WD

RNN 0.663 0.00794 0.000245 0.0797
RNN+Attn 0.668 0.00726 0.000241 0.0664

Chunk RNN+Attn 0.693 0.00720 0.000223 0.0656
Xtal2DoS 0.732 0.00677 0.000194 0.0634

improvement 5.63% 5.97% 13.00% 3.35%

model original
R2 MAE MSE

RNN 0.588 0.0757 0.0217
RNN+Attn 0.622 0.0698 0.0199

Chunk RNN+Attn 0.643 0.0687 0.0188
Xtal2DoS 0.673 0.0659 0.0172

improvement 4.67% 4.08% 8.51%

Table 2.5: Ablation study on phDoS. The evaluation results for different module combi-
nations in the normalized space (top) and original space (bottom).

model normalized
R2 MAE MSE WD

Chunk RNN+Attn 0.371 0.00320 0.000035 0.221
Xtal2DoS 0.385 0.00314 0.000034 0.210

improvement 3.77% 1.88% 2.86% 4.98%

model original
R2 MAE MSE

Chunk RNN+Attn 0.558 3.9125 75.013
Xtal2DoS 0.575 3.7353 71.566

improvement 3.05% 4.53% 4.60%

Table 2.6: Ablation study on eDoS. The evaluation results for different module combina-
tions in the normalized space (top) and original space (bottom).

in the tough eDoS prediction task. Likewise, the average improvement in the

original input space is also as high as 6.17%, which is a significant increment.
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model Time per epoch (s)
Mat2Spec 33

RNN 54
RNN+Attn 69

Chunk RNN+Attn 42
Xtal2DoS 11

Table 2.7: The training time for Mat2Spec, RNN-based sequence models and Xtal2DoS.
For fair comparison, we illustrate the training cost for each epoch in seconds.

Ablation Study

To validate the neural module selection of Xtal2DoS, we further compare the

performance of RNN, RNN+attention, Chunk RNN+attention, and the trans-

former (Xtal2DoS). We use the same four metrics to compare these settings. In

Table 2.5 and 2.6, transformers always dominate other RNN-based models on all

the metrics. The improvements shown in the last row indicate the comparison

between Xtal2Dos and the best compared model (usually Chunk RNN+Attn).

The average relative improvements are 5.75% and 4.06% in the original space on

phDoS and eDoS.

Qualitative Results

We also show some qualitative results on both phDoS and eDoS in Figure 2.16

and 2.17. Both figures demonstrate the accuracy of our predictions. The red and

blue lines are always closely correlated.
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Figure 2.16: Comparison of the phDoS predictions and ground-truth labels on some
crystalline systems. The red line denotes the prediction and the blue line denotes the
ground-truth.

Training Speed

One major advantage of transformer models is parallelism. Unlike RNNs where

each step has to wait for the previous output, transformer computes the out-
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Figure 2.17: The comparison between the eDoS predictions and ground-truth labels on
some crystalline systems. The red line denotes the prediction and the blue line denotes
the ground-truth.

puts at all the steps simultaneously and enforces auto-regressiveness through

masking. These operations can be performed in matrix form, taking advantage

of powerful GPUs, and thus substantially reduce the training cost. Table 2.7

shows the training time per epoch for Mat2Spec, RNN-based sequence models

and Xtal2DoS. Mat2Spec does not involve any sequential model and generates
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outputs through MLP, so it is faster than any RNN-based sequence decoder

model. Mat2Spec instead integrates probabilistic sampling and contrastive learn-

ing, so it is not surprising that it takes more time than Xtal2DoS. Unsurprisingly,

RNN trains more than 50% slower than Mat2Spec. Adding the attention mod-

ule further prolongs the time cost. RNN+Attention doubles the training cost

compared with Mat2Spec. This also motivated us to attempt chunk RNN. As a

result, chunk RNN+Attention can complete a training epoch faster than RNN

and RNN+Attention, but is still slower than Mat2Spec. Xtal2DoS is the fastest

method among all these models. It only takes one third of Mat2Spec’s training

time, one fifth of RNN’s training time, and one fourth of chunk RNN+Attention’s

training time. Xtal2DoS excels at speed because of its parallel design and its

succinct structure to avoid extra neural module. Faster models are often more

advantageous in training, tuning and deploying.

2.2.5 Discussion

In this work, we introduce a novel graph-to-sequence learning framework,

Xtal2DoS, for predicting the spectral properties of materials, phDoS and eDoS,

from the input crystalline structures. Our model adopts an improved graph

attention network (to handle edges) as the graph encoder, and a transformer

as the decoder for sequential decoding. Xtal2DoS is fully attentional and cap-

tures all the atom-atom, atom-sequence and step-step correlations. Therefore,

it considerably exceeds other existing state-of-the-art baselines, in quantitative

evaluation metrics, qualitative matching results and training speed.
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2.3 Sequence-to-Graph: Multi-Label Classification on Text Data

and Others

2.3.1 Introduction

In many machine learning tasks, an instance can have several labels. The task

of predicting multiple labels is known as multi-label classification (MLC). MLC

is common in domains like computer vision [215], natural language processing

[216] and biology [217]. Unlike the single-label scenario, label correlations are

more important in MLC. Early works capture the correlations through classifier

chains [218], Bayesian inference [219], and dimensionality reduction [220].

Thanks to the huge capacity of neural networks (NN), many previous meth-

ods can be improved by their neural extensions. For example, classifier chains

can be naturally enhanced by recurrent neural networks (RNN) [215]. The non-

linearity of NN alleviates the complex design of feature mapping and many deep

models can therefore focus on the loss function, feature-label and label-label

correlation modeling.

One trending direction is to learn a deep latent space shared by features and

labels. The encoded samples from the latent space are then decoded to targets.

One typical example is C2AE [221], which learns latent codes for both features

and labels. The latent codes are passed to a decoder to derive the target labels.

C2AE minimizes an ℓ2 distance between the feature and label codes, together with

a relaxed orthogonality regularization. However, the learnt deterministic latent

space lacks smoothness and structures. Small perturbations in this latent space

can lead to totally different decoding results. Even if the corresponding feature
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and label codes are close, we cannot guarantee the decoded targets are similar.

To address this concern, MPVAE [222] proposes to replace the deterministic

latent space with a probabilistic space under a variational autoencoder (VAE)

framework. The Gaussian latent spaces are aligned with KL-divergence, and

the sampling process enforces smoothness. Similar ideas can be found in [223].

However, these methods assume a unimodal Gaussian latent space, which is

known to cause over-regularization and posterior collapse [224, 225]. A better

strategy would be to learn a multimodal latent space. It is more reasonable to

assume the observed data are generated from a multimodal subspace rather than

a unimodal one.

Another popular group of methods focuses on better label correlation model-

ing. Their idea is straightforward: some labels should be more correlated if they

co-appear often while others should be less relevant. Existing methods adopt

pairwise ranking loss, covariance matrices, conditional random fields (CRF) or

graph neural nets (GNN) to this end [109, 226, 227, 111, 228]. These methods

often either constrain the learning through a predefined structure (which requires

a larger model size), or aren’t powerful enough to capture the correlations (such

as pairwise ranking loss).

Our idea is simple: we learn embeddings for each label class and the inner

products between embeddings should reflect the similarity. We further learn

feature embeddings whose inner products with label embeddings correspond

to feature-label similarity and can be used for prediction. We assume these

embeddings are generated from a probabilistic multimodal latent space shared

by features and labels, where we use KL-divergence to align the feature and

label latent distributions. On the other hand, one might be concerned that
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embeddings alone won’t capture both label-label and label-feature correlations,

which were usually modeled by extra GNN and covariance matrices in prior

works [111, 222]. To this end, we stress on the loss function terms rather than

extra structure to capture these correlations. Intuitively, if two labels co-appear

often, their embeddings should be close. Otherwise, if two labels seldom co-

appear, their embeddings should be distant. A triplet-like loss could be naturally

applied in this scenario. Nonetheless, its extension, contrastive loss, has shown

to be even more effective than the triplet loss by introducing more samples rather

than just one triplet. We show that contrastive loss can pull together correlated

label embeddings, push away unrelated label embeddings (see Figure 2.19), and

even perform better than GNN-based or covariance-based methods.

Our new model for MLC, contrastive learning boosted Gaussian mixture

variational autoencoder (C-GMVAE), alleviates the over-regularization and pos-

terior collapse concerns, and also learns useful feature and label embeddings.

C-GMVAE is applied to three text datasets as well as some other biology and ecol-

ogy datasets, and outperforms the existing methods on five metrics. Moreover,

we show that using only 50% of the data, our results can match the full perfor-

mance of other state-of-the-art methods. Ablation studies and interpretability of

learnt embeddings will also be illustrated in the experiments. Our contributions

can be summarized in three aspects: (i) We adopt contrastive loss instead of

triplet or ranking loss to strengthen the label embedding learning. We empiri-

cally show that by using a contrastive loss, one can get rid of heavy-duty label

correlation modules (e.g., covariance matrices, GNNs) while achieving even

better performances. (ii) Though contrastive learning is commonly applied in

self-supervised learning, our work shows that by properly defining anchor, posi-

tive and negative samples, contrastive loss can leverage label information very
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effectively in the supervised MLC scenario as well. (iii) Unlike prior probabilistic

models, C-GMVAE learns a multimodal latent space and integrates the proba-

bilistic modeling (VAE module) with embedding learning (contrastive module)

synergistically.

2.3.2 Problem Formulation and Methods

In MLC, given a dataset containing N labeled samples (x, y), where x ∈ RD and

y ∈ {0, 1}L, our goal is to find a mapping from x to y. N,D, L are the number

of samples, feature length and label set size respectively. The binary coding

indicates the labels associated with the sample x. Labels are correlated with each

other.

Preliminaries

Gaussian Mixture VAE A standard VAE [229] pulls together the posterior

distribution and a parameter-free isotropic Gaussian prior. Two losses are opti-

mized together in training: KL-divergence from the prior to the posterior, and the

distance between the reconstructed targets and the real targets. One weakness

of this formulation is the unimodality of its latent space, inhibiting the learning

of more complex representations. Another concern is over-regularization: if the

posterior is exactly the same as the prior, the learnt representations would be un-

informative of the inputs. Numerous works extend the prior to be more complex

[230, 231, 224]. In our work, we adopt the Gausian mixture prior. The probability

density can be depicted as p(z) = 1
k

∑k
i=1N(z|µi, σ

2
i ) where i is the cluster index of

k Gaussian clusters with mean µi and covariance σ2
i [232, 233]. Our intuition is
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Figure 2.18: The full pipeline of C-GMVAE. Every label category is mapped to a learnable
embedding first. The label encoder transforms each embedding wl

i to a multivariate
Gaussian latent space. The sample’s associated label set selects the positive latent spaces
and forms a Gaussian mixture prior. Each feature is also mapped to a latent space
through a feature encoder. The posterior is aligned with the prior via KL-divergence.
The decoder takes in a sample from the latent space and produces a feature embedding
w f

x . A contrastive loss is designed to pull together the feature embedding and the
positive label embeddings, while separating the feature embedding from the negative
label embeddings. Prediction ŷ is generated by passing the inner products between the
feature embedding w f

x and the label embeddings wl
i to the sigmoid functions. A sample

with label set {sea, bird} is shown here.

that each label embedding could correlate to a Gaussian subspace. Given a label

set, the mixture of the positive Gaussian subspaces forms a unique multimodal

prior distribution. The label embeddings also receive the gradients from the

contrastive loss and thus the contrastive learning is combined with latent space

construction. Our formulation is also related to MVAE [225, 234] which adopts

the idea of product-of-experts.

Contrastive Learning We describe how to use contrastive learning to capture the

correlations (i.e., feature-label and label-label correlations). Contrastive learning

[123, 235, 236] is a novel learning style. The core idea is simple: given an anchor

sample, it should be close to similar samples (positive) and far from dissimilar

samples (negative) in some learnt embedding space. It differs from triplet loss in

the number of negative samples and the loss estimation method. Contrastive loss

is largely motivated by noise contrastive estimation (NCE) [133] and its form is
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generalizable. The raw contrastive loss formulation only considers the instance-

level invariance (multiple views of one instance), but with label information, we

can learn category-level invariance (multiple instances per class/category) [237].

In the multi-label scenario, one can regard the feature embedding as the

anchor sample, positive label embeddings as the positive samples and negative

label embeddings as the negative samples. The formulation can fit the contrastive

learning framework naturally and is one of our major contributions. Compared

to the pairwise ranking loss which focuses on the final logits, contrastive loss

is defined on the learnt embeddings and thus becomes more expressive. Con-

trastive loss also includes more samples in estimating the NCE and therefore

outperforms the triplet loss. In Appendix A.1.1, we show triplet loss is actually a

special case of our contrastive loss.

C-GMVAE

C-GMVAE inherits the general VAE framework, but with a learnable Gaussian

mixture (GM) prior. During training, each sample’s label set activates and mixes

the positive Gaussian subspaces to derive the prior. Contrastive learning is

applied to boost the embedding learning, using a contrastive loss between the

feature and label embeddings. Figure 2.18 provides a full illustration, and the

following subsections will elaborate on the details.

Gaussian Mixture Latent Space Given a sample (x, y) where feature x ∈ RD

and label y ∈ {0, 1}L, many previous works take y as the input and transform

it to a dense representation through a fully-connected layer [221, 222]. This

layer essentially maps each label category to an embedding and sums up all the
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embeddings using label y as weights (0 or 1). The summed embedding is fed

into the label encoder to produce a probabilistic latent space.

In C-GMVAE, however, we directly map each label embedding wl
i ∈ R

E of

label class i to an individual latent Gaussian distribution N(µi, diag(σ2
i )), where

µi ∈ R
d, σ2

i ∈ R
d, and µi, σ

2
i are derived from wl

i through the NN-based label

encoder. The randomly initialized embeddings wl
i are learnable during the

training process, similar to [58], and they share the same label encoder. In

Figure 2.18, the label categories car, sea,..., bird are transformed to embeddings

first. Embeddings are then passed directly to label encoder rather than summed

up. Each label category (e.g., car) corresponds to a unimodal Gaussian in the

latent space. y activates “positive” Gaussians (yi = 1) and forms a Gaussian

mixture subspace. Given a random variable z ∈ Rd, the probability density

function (PDF) in the subspace is defined as

pψ(z|y) =
1∑
i yi

L∑
i=1

1{yi = 1}N(z|µi, diag(σ2
i )) (2.18)

where 1(·) is the indicator function and the label encoder is parameterized by ψ

(NN). In Figure 2.18, y activates sea and bird, then we have

pψ(z|y) =
1
2

(N(z|µsea, diag(σ2
sea))+

N(z|µbird, diag(σ2
bird)))

(2.19)

Most VAE-based frameworks optimize over an evidence lower bound (ELBO)

[200]:

ELBO = Eqϕ(z|x)[ log pθ(x|z)]−

DKL[qϕ(z|x)||p(z)]
(2.20)

The feature encoder is parameterized by ϕ (NN). One pitfall of this objective

is owing to the minimization of the KL-divergence. If the divergence between
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the posterior qϕ(z|x) and the prior pψ(z) vanishes, the learnt latent codes would

become non-informative. This is called posterior collapse. Many recent works

suggest learnable priors [238] or more sophisticated priors [239] to avoid this

issue, and we adopt these ideas in our design of the prior. Compared to a

standard VAE, our prior is informative, learnable and multimodal.

We form a standard posterior in our model and match it with the prior.

However, unlike vanilla VAE, we cannot analytically compute the KL term.

Instead, we use the following estimation:

LKL ≈ log qϕ(z0|x) − log pψ(z0|y)

= logN(z0|µϕ(x), diag(σ2
ϕ(x)))−

log
1∑
i yi

L∑
i=1

1{yi = 1}N(z0|µi, diag(σ2
i ))

(2.21)

where z0 ∼ qϕ(z|x) denotes a single latent sample. Our formulation follows the

design of [232], which has been shown to outperform the formulation in [224].

The reconstruction loss is a standard negative log-likelihood with decoder

parameters θ,

Lrecon = − Eqϕ(z|x)[log pθ(x|z)] (2.22)

Contrastive Learning Module

The decoder function f d
θ (·) decodes the sample from the latent space to a

feature embedding w f
x ∈ R

E. We learn w f
x together with label embeddings {wl

i}
L
i=1.

The objective function includes both contrastive loss and cross-entropy loss

terms.

Prior works explicitly capture the label-label interactions with GNNs or

covariance matrices, which impose the structure a priori and might not be the best
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modeling approach. Our contrastive module instead captures the correlations

in a data-driven manner. For example, if in most of the samples, “beach” and

“sunshine” appear together, the contrastive learning will implicitly pull their

embeddings together (see the derivation in Appendix A.1.2). In other words,

if two labels do co-appear often, their label embeddings would become similar

( Figure 2.19). On the other hand, if they never co-occur or only co-appear

occasionally, their connections are not significant and our model will not optimize

for their similarity.

Original contrastive learning [123] augments inputs and learns the instance-

level invariance, but it may not generalize to the category-level invariance. In

the supervised setting, however, the learning can benefit from the labels and

discover the category-level invariance [236]. Let A ≡ {1...L}. We define P(y) ≡

{i ∈ A : yi = 1} for sample (x, y). Suppose we have a batch of samples, B, the

contrastive loss can be written as

LCL =
1
|B|

∑
(x,y)∈B

1
|P(y)|

∑
p∈P(y)

− log
sim(w f

x ,wl
p)∑

t∈A sim(w f
x ,wl

t)
(2.23)

Here, sim(·) is a function measuring the similarity between two embeddings,

and w f
x , wl

i denote the feature and label embeddings respectively. Eq. 2.23 is

built on top of NCE [133], and the equation is equivalent to a categorical cross-

entropy of correctly predicting positive labels. The choice of sim(·) can be a log-

bilinear function [123], or a more complicated neural metric function [235]. In our

experiments, we find it is simple and effective to take sim(w1,w2) = exp(w1 · w2/τ)

where ·means inner product and τ is a temperature parameter controlling the

scale of the inner product.

In the single-label scenarios like SupCon [236], if one class is positive, all

other classes are contrastive to it. However, in MLC, if “beach” is positive in the
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label set while “sea” is not for one particular sample, we cannot say these two

classes are contrastive. Their correlations should be captured implicitly by all the

samples. Therefore, we do not enforce contrastive relations between labels and

thus preserve the label correlations. Instead, we choose the feature embedding to

be the anchor and label embeddings to be the positive and negative samples. If

two label embeddings co-appear often as positive samples, they would implicitly

become similar (see Figure 2.19). Eq. 2.23 saves the effort of manually configuring

the positive and negative samples, and is totally data-driven. The number of

positive or negative samples could be greater than one, depending on the label set.

Though L limits the max samples we can have, this formulation has already used

many more samples compared to triplet loss, and we will show in experiments

that this formulation is very effective.

The triplet loss often used in multi-label learning [240] can be seen as a special

case of Eq. 2.23 with only one positive and one negative. Furthermore, one

desired property of embedding learning is that when a good positive embedding

is already close enough to our anchor embedding, it contributes less to the

gradients, while poorly learnt embeddings contribute more to improve the

model performance. In Appendix A.1, we also show that the contrastive loss can

implicitly achieve this goal and a full derivation of the gradients is provided.

Our objective function also includes a supervised cross-entropy loss term

to further facilitate the training. With the label embeddings wl
i and the feature

embedding w f
x , the cross entropy loss for each (x, y) is given by

LCE =

L∑
i=1

yi log s(w f
xwl

i) + (1 − yi) log(1 − s(w f
xwl

i)) (2.24)

where s(·) is the sigmoid function. In self-supervised learning, the contrastive loss

typically helps the pretraining stage and the learnt representations are applied
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to downstream tasks. In the supervised setting, though some models [236] stick

to the two-stage training process where the model is trained with contrastive

loss in the first stage and with cross-entropy loss in the second stage, we did

not observe its superiority over the one-stage scheme in our MLC scenario. This

is partly because we also learn a latent space that is closely connected to label

embeddings. We train the model with an objective function incorporating all the

losses. A joint training strategy reconciles different modules. We show in the

experiments that the learnt embeddings are semantically meaningful and can

reveal the label correlations.

Objective Function The final objective function to minimize is simply the

summation of different losses,

L = LKL +Lrecon + αLCL − βLCE (2.25)

where α, β are trade-off weights. The model is trained with Adam [186]. Our

model is optimized with L and will be tested on five different metrics. This

is different from the methods that only optimize and test for specific metrics

[241, 242].

Prediction

During the testing phase, the input sample x will be passed to the feature encoder

and decoder to obtain its embedding w f
x . Label embeddings wl

i are fixed in testing.

The inner products between w f
x and wl

i will be passed through a sigmoid function

to obtain the prediction probability for each class i.
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Insights behind C-GMVAE

C2AE and MPVAE have shown the importance of learning a shared latent space

for both features and labels. These methods share the same high-level insight

similar to a teacher-student regime: we map labels (teacher) to a latent space with

some certain structure, which preserves the label information and is easier to

decode back to labels. Then the features (student) are expected to be mapped to

this latent space to facilitate the label prediction. Two general concerns exist for

these methods: 1) the unimodal Gaussian space previously used is too restrictive

to impose sophisticated structures on prior, and 2) they do not properly capture

label correlations with embeddings. To address the first, we learn a modality for

each label class to form a mixture latent space. For the second, we replace the

commonly used ranking and triplet losses with contrastive loss since contrastive

loss involves more samples than triplet loss and has a larger capacity than

ranking loss.

2.3.3 Existing MLC Works

Learning a shared latent space for features and labels is a common and useful

idea. For single-label prediction tasks, CADA-VAE [243] learns and aligns latent

label and feature spaces through distribution alignment losses. Similar ideas can

be seen in out-of-distribution detection as well [223]. In multi-label scenarios,

methods adopting this idea typically have a similar module that directly maps

the multi-hot labels to embeddings [221, 244, 222]. This is a rather difficult

learning task. Suppose we have 30 label categories. There could be up to 230

label sets. For probabilistic models like MPVAE, that means one latent label
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space has to represent up to 230 label combinations. In contrast, C-GMVAE learns

per-category subspaces and forms a mixture prior distribution based on the

observed samples’ label sets.

Contrastive learning has become one of the most popular self-supervised

learning techniques. It has also been applied to supervised learning tasks. Sup-

Con [236] first demonstrated the effectiveness of supervised contrastive loss in

image classification tasks. It was soon generalized to other domains like visual

reasoning [245, 246]. Nevertheless, these methods depend on vision-specific

augmentation techniques and attention mechanisms. Another related work is

multi-label contrastive learning [247]. But the work does not deal with MLC.

Instead, it extends contrastive learning to the identification of more than one

positive sample, which resembles a multi-label scenario.

Some earlier works also attempted metric learning or triplet loss in MLC [248].

Triplet loss typically only takes one pair of positive and negative samples for one

anchor, while contrastive loss uses many more negative and positive samples.

Recent papers found that more samples can greatly boost performance [235, 237].

Though our contrastive module is constrained by the maximum number of label

classes, the number of used samples has already surpassed other losses (e.g.,

triplet loss), and our observations reinforce that more samples help with the

performance.

2.3.4 Experiments on Text and Ecology Data

We have various setups to validate the performance of C-GMVAE. First, we com-

pare the example-F1, micro-F1 and macro-F1 scores, Hamming accuracies and
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Metric example-F1
Dataset eBird yeast sider reuters bookmarks delicious

BR 0.365 0.630 0.766 0.733 0.171 0.174
MLKNN 0.510 0.618 0.738 0.703 0.213 0.259
HARAM 0.510 0.629 0.722 0.711 0.216 0.267
SLEEC 0.258 0.643 0.581 0.885 0.363 0.308
C2AE 0.501 0.614 0.768 0.818 0.309 0.326
LaMP 0.477 0.624 0.766 0.906 0.389 0.372

MPVAE 0.551 0.648 0.769 0.893 0.382 0.373
ASL 0.528 0.613 0.752 0.880 0.373 0.359

RBCC 0.503 0.605 0.733 0.857 - -
C-GMVAE 0.576 0.656 0.771 0.917 0.392 0.381

std (±) 0.001 0.001 0.001 0.001 0.001 0.002

Metric micro-F1
Dataset eBird yeast sider reuters bookmarks delicious

BR 0.384 0.655 0.796 0.767 0.125 0.197
MLKNN 0.557 0.625 0.772 0.680 0.181 0.264
HARAM 0.573 0.635 0.754 0.695 0.230 0.273
SLEEC 0.412 0.653 0.697 0.845 0.300 0.333
C2AE 0.546 0.626 0.798 0.799 0.316 0.348
LaMP 0.517 0.641 0.797 0.886 0.373 0.386

MPVAE 0.593 0.655 0.800 0.881 0.375 0.393
ASL 0.580 0.637 0.795 0.869 0.354 0.387

RBCC 0.558 0.623 0.784 0.825 - -
C-GMVAE 0.633 0.665 0.803 0.890 0.377 0.403

std (±) 0.001 0.002 0.000 0.001 0.001 0.002

Table 2.8: The example-F1 (ex-F1) and micro-F1 (mi-F1) scores of different methods on
all datasets. C-GMVAE’s numbers are averaged over 3 seeds. The standard deviation
(std) is also shown. 0.000 means an std< 0.0005.

precision@1 of different methods. Second, we compare their performance when

fewer training data are available. Third, an ablation study shows the importance

of the introduced modules. Finally, we demonstrate the interpretability of the

label embeddings on the eBird dataset.
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Metric macro-F1
Dataset eBird yeast sider reuters bookmarks delicious

BR 0.116 0.373 0.588 0.137 0.038 0.066
MLKNN 0.338 0.472 0.667 0.066 0.041 0.053
HARAM 0.474 0.448 0.649 0.100 0.140 0.074
SLEEC 0.363 0.425 0.592 0.403 0.195 0.142
C2AE 0.426 0.427 0.667 0.363 0.232 0.102
LaMP 0.381 0.480 0.668 0.520 0.286 0.196

MPVAE 0.494 0.482 0.690 0.545 0.285 0.181
ASL 0.467 0.484 0.668 0.563 0.264 0.183

RBCC 0.443 0.480 0.654 0.503 - -
C-GMVAE 0.538 0.487 0.691 0.582 0.291 0.197

std (±) 0.000 0.002 0.002 0.001 0.001 0.001

Metric Hamming Accuracy
Dataset eBird yeast sider reuters bookmarks delicious

BR 0.816 0.782 0.747 0.994 0.990 0.982
MLKNN 0.827 0.784 0.715 0.992 0.991 0.981
HARAM 0.819 0.744 0.650 0.905 0.990 0.981
SLEEC 0.816 0.782 0.675 0.996 0.989 0.982
C2AE 0.771 0.764 0.749 0.995 0.991 0.981
LaMP 0.811 0.786 0.751 0.997 0.992 0.982

MPVAE 0.829 0.792 0.755 0.997 0.991 0.982
ASL 0.831 0.796 0.759 0.997 0.991 0.982

RBCC 0.815 0.793 0.753 0.997 - -
C-GMVAE 0.847 0.796 0.767 0.997 0.992 0.983

std (±) 0.001 0.002 0.003 0.000 0.000 0.000

Table 2.9: The macro-F1 (ma-F1) and Hamming accuracy (HA) scores of different meth-
ods on all datasets. C-GMVAE’s numbers are averaged over 3 seeds.

Setup

For the main evaluation experiments, we use six datasets, including text datasets

reuters, bookmarks, delicious [249, 250, 251], biology datasets sider, yeast [252, 253],

and ecology dataset eBird [254] (see Tab. 2.11 for dataset statistics). Most of these

features are sequence data and have be processed through sequence models

(GRU) or vectorization. The feature pre-processing is standard following previ-
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Dataset eBird yeast sider reuters bookmarks delicious.
BR 0.598 0.745 0.573 0.752 0.301 0.485

MLKNN 0.772 0.730 0.916 0.753 0.310 0.460
MLARAM 0.768 0.682 0.930 0.679 0.312 0.419

SLEEC 0.656 0.745 0.882 0.908 0.415 0.676
C2AE 0.753 0.749 0.923 0.845 0.407 0.609
LaMP 0.737 0.740 0.937 0.927 0.420 0.663

MPVAE 0.820 0.743 0.958 0.930 0.437 0.696
ASL 0.818 0.752 0.954 0.929 0.418 0.692

RBCC 0.805 0.745 0.942 0.913 - -
C-GMVAE 0.825 0.751 0.962 0.939 0.465 0.707

Table 2.10: The precision@1 scores of different methods on all datasets.

Dataset # Samples # Labels
Mean
Labels

/Sample

Median
Labels

/Sample

Max
Labels

/Sample

Mean
Samples
/Label

eBird 41778 100 20.69 18 96 8322.95
bookmarks 87856 208 2.03 1 44 584.67

reuters 10789 90 1.23 1 15 106.50
sider 1427 27 15.3 16 26 731.07
yeast 2417 14 4.24 4 11 363.14

delicious 16105 983 19.06 20 25 250.15

Table 2.11: Dataset Statistics.

ous works [111, 222] and the datasets are public2. Each dataset is separated into

training (80%), validation (10%) and testing (10%) splits. The datasets are also

preprocessed to fit the input formats of different methods. We use mini-batch

training with batch size 128. Each batch is randomly sampled from the dataset.

The evaluation metrics are three F1 scores, Hamming accuracy and preci-

sion@1. The evaluation process, model selection and preprocessing strictly follow

previous works [255, 111, 222]. Most numbers are also directly quoted from the

corresponding papers for comparison. Our method is compared against ASL

[256], RBCC [257], MPVAE [222], LaMP [111], C2AE [221], SLEEC [220], HARAM

2http://mulan.sourceforge.net/datasets-mlc.html
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variations eb-F1 mi-F1 ma-F1

ebird

uni-Gaussian 0.545 0.583 0.490
GM only 0.561 0.603 0.511

contrastive only 0.558 0.594 0.515
GM+contrastive 0.576 0.633 0.538

Table 2.12: Ablation study on the contrastive learning module and the Gaussian mixture
module. Note that both modules are contributions of this work. As shown in the table,
GM consistently improves performance. The contrastive module can also further boost
the performance.

method (data %) HA ex-F1 mi-F1 ma-F1

ebird MPVAE (100%) 0.829 0.551 0.593 0.494
C-GMVAE (50%) 0.842 0.557 0.615 0.521

Table 2.13: Comparisons between MPVAE and C-GMVAE using 100% and 50% respec-
tively.

[258], MLKNN [219], and BR [259].

ASL introduces asymmetric loss, a variant of BCE and focal loss for MLC, and

requires tuning of focusing parameters. RBCC is based on a Bayesian network,

which requires structure learning to derive a directed acyclic graph (DAG) first.

MPVAE is a novel method which learns and aligns the probabilistic feature

and label subspaces. Label correlations are captured by a multivariate probit

module. LaMP adopts attention-based neural message passing to handle the

label correlations, which is a neural extension of previous CRF-based methods.

C2AE was one of the first papers to use NNs to learn and align latent spaces.

C2AE imposes a canonical correlation analysis (CCA) constraint on the latent

space. SLEEC explores the low-rank assumption in MLC, to reduce the effective

number of labels. Other deep methods make similar low-rank assumptions.

HARAM was one of the first methods to introduced NNs to MLC. MLKNN is a

classic MLC method using k-nearest neighbors (KNN). It finds nearest examples

to a test sample and adopts Bayesian inference to select assigned labels. Lastly,
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module in C-GMVAE eBird yeast sider
Covariance 0.601 0.650 0.787

GNN 0.599 0.655 0.801
contrastive 0.633 0.665 0.803

Table 2.14: mi-F1 performance after replacing our contrastive module with a GNN or a
covariance matrix.

binary relevance (BR) is one of the most intuitive solutions for MLC, which

decomposes the multi-label scenario into independent binary prediction tasks.

Metrics

We evaluate our method trained with objective Eq. 2.25 on several commonly

used multi-label metrics. Suppose the ground-truth label is y and the predicted

label is ŷ. We denote true positives, false positives, false negatives by tp j, f p j, f n j

respectively for the j-th of L label categories. (i) HA: 1
L

∑L
j=1 1[y j = ŷ j] (ii) example-

F1:
2
∑L

j=1 yiŷi∑L
j=1 yi+

∑L
j=1 ŷi

(iii) micro-F1:
∑L

j=1 tp j∑L
j=1 2tp j+ f p j+ f n j

(iv) macro-F1: 1
L

∑L
j=1

2tp j

2tp j+ f p j+ f n j
.

Furthermore, precision@1 is the proportion of correctly predicted labels in

the top-1 predictions.

Architecture and Hyperparameters

As we state in the introduction, we do not require very sophisticated neural

architectures in C-GMVAE. All the neural layers are based on MLP or GRU. We

set α = 1, β = 0.5, E = 2048 by default. Grid search is applied to find the best

learning rate, dropout ratio, and weight decay ratio for each dataset. We use one

Nvidia V100 GPU for all experiments.
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Evaluations

Full supervision In the full supervision scenario, which is commonly adopted

by the methods we compare against, we evaluate five metrics: example-F1

(ex-F1), micro-F1 (mi-F1), macro-F1 (ma-F1), Hamming accuracy (HA) and preci-

sion@1. The ex-F1 score is the averaged F1-score over all the samples. The mi-F1

score measures the aggregated contributions of all classes. The ma-F1 treats each

class equally and takes the class-wise average. HA counts the correctly predicted

labels regardless of samples or classes.

Tab. 2.8, 2.9 and 2.10 present the performance of all the methods w.r.t. the

metrics. C-GMVAE outperforms the existing state-of-the-art methods on all the

datasets. The best numbers are marked in bold. All the numbers for C-GMVAE

are averaged over 3 seeds for stability and the standard deviations are included

in the table. C-GMVAE outperforms other methods consistently.

Ablation study To demonstrate the strength of C-GMVAE, we compare it

with a unimodal Gaussian latent model, a Gaussian mixture only latent model

(without contrastive module), and a contrastive learning only model (without the

KL divergence term) in Tab. 2.12. Our C-GMVAE (GM+contrastive) consistently

outperforms other models by a large margin. For instance, on ma-F1, C-GMVAE

improves over the unimodal Gaussian model by 7%. In Tab. 2.14, we show

that the contrastive module outperforms both the GNN and covariance matrix

modules.

Training on fewer data Contrastive learning learns contrastive views and thus

requires less information compared to generative learning, which demands a
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Figure 2.19: Label-label inner-products from C-GMVAE. C-GMVAE demonstrates sharp
and meaningful inner-products.

more complete representation for reconstruction. Contrastive learning has the

potential to discover the intrinsic structure present in the data, and therefore is

widely used in self-supervised learning because it generalizes well. We observe

this with C-GMVAE as well. To demonstrate this, we shrink the size of training

data by 50% or 90% and train methods on them. Surprisingly, we find C-GMVAE

can often match the performance of other methods with only 50% of the training

data. Tab. 2.13 compares MPVAE trained on all data and C-GMVAE trained

on 50% of the data. Their performance is approximately the same. We further

compare several major state-of-the-art methods including ours, all trained on

the same randomly selected 10%, 50% and 100% of the data, and show their

performance over C2AE.

We provide relative performances of several major state-of-the-art methods

including ours to C2AE, on HA, ex-F1, mi-F1, ma-F1 scores. All methods are

trained on 10% or 50% of the data, including C2AE. The compared results have

the same amount of data for training and thus the comparison is fair. Figure 2.20
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Figure 2.20: Relative performances w.r.t. HA, ex-F1, mi-F1 and ma-F1 on ebird dataset.

show the relative performance of various state-of-the-art methods over C2AE,

on eBird dataset.
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Interpretability Our work is also motivated by ecological applications [114],

where it is important to understand species interactions. Figure 2.19 shows a

map of inner-product weights of label embeddings on the eBird dataset. The

bird species on the x-axis and the y-axis are the same. The first 3 bird species

are water birds. The following 4 bird species are forest birds. The last 3 bird

species are residential birds. Darker colors indicate more similar birds. We

subtract the diagonal to exclude the self correlation. The heatmap matrix clearly

forms three blocks on the diagonal. The first block contains Black-backed Gull,

Rough-winged Swallow and Great Blue Heron. These three birds are water

birds living near sea or lake. The second block has Tufted Titmouse, Northern

Flicker, Northern Mockingbird, and Cedar Waxwing. These birds typically

live in the forest with a lot of trees. The remaining birds are commonly seen

residential birds, Mourning Dove, House Sparrow and Common Starling. They

live inside or near human residences. Since human activities are wide-spread, the

distribution of these birds is therefore quite broad. For example, the Mourning

Dove is also correlated with forest birds in Figure 2.19. But one can observe

that for each group of birds, their intra-group correlations are always stronger

than inter-group correlations. Therefore, the learnt embeddings do encompass

semantic meanings. The derived correlations could also help the study of wildlife

protection [260].

2.3.5 Discussion

In this work, we introduce the contrastive learning boosted Gaussian mixture

variational autoencoder (C-GMVAE), a novel method for multi-label prediction

tasks. C-GMVAE combines the learning of Gaussian mixture latent spaces and the
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contrastive learning of feature and label embeddings. Not only does C-GMVAE

achieve the state-of-the-art performance, it also provides insights into semi-

supervised learning and model interpretability. Interesting future directions

include the exploration of various contrastive learning mechanisms, model

architecture improvements, and other latent space structures.

91



CHAPTER 3

VERSATILE SELF-SUPVERSION IN SEQUENCE LEARNING

In this chapter, I will show the versatility of self-supervision in sequence

learning. More specifically, I will demonstrate self-supervision for pretraining,

disentanglement and even supervised training. First, the mutual information

based self-supervision can boost the pretraining of feature encoder. The learnt

encoder can be finetuned for various downstream tasks. Second, self-supervision

can help disentangle the static and dynamic factors of sequence data without

any supervision. Third, I will demonstrate self-supervision can be jointly trained

with supervision to further promote the model performance. This chapter is

based on the following publications: Bai et al. (2021) [261], Bai et al. (2021) [262],

Bai et al. (2022) [263].

3.1 Self-supervision for Pretraining: Deep Autoencoding Pre-

dictive Components for Sequence Representation Learning

3.1.1 Introduction

Self-supervised representation learning methods aim at learning useful and

general representations from large amounts of unlabeled data, which can reduce

sample complexity for downstream supervised learning. These methods have

been widely applied to various domains such as computer vision [123, 264, 235,

265], natural language processing [266, 267, 31], and speech processing [57, 268,

269, 237, 37]. In the case of sequence data, representation learning may force

the model to recover the underlying dynamics from the raw data, so that the
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learnt representations remove irrelevant variability in the inputs, embed rich

context information and become predictive of future states. The effectiveness of

the representations depends on the self-supervised task which injects inductive

bias into learning. The design of self-supervision has become an active research

area.

One notable approach for self-supervised learning is based on maximizing

mutual information between the learnt representations and inputs. The most

commonly used estimate of mutual information is based on contrastive learning.

A prominant example of this approach is CPC [123], where the representation

of each time step is trained to distinguish between positive samples which are

inputs from the near future, and negative samples which are inputs from distant

future or other sequences. The performance of contrastive learning heavily

relies on the nontrivial selection of positive and negative samples, which lacks

a universal principle across different scenarios [270, 235, 271]. Recent works

suspected that the mutual information lower bound estimate used by contrastive

learning might be loose and may not be the sole reason for its success [272, 273].

In this work, we leverage an estimate of information specific to sequence data,

known as predictive information (PI, 134), which measures the mutual informa-

tion between the past and future windows in the latent space. The estimate is

exact if the past and future windows have a joint Gaussian distribution, and is

shown by prior work to be a good proxy for the true predictive information in

practice [274]. We can thus compute the estimate with sample windows of the

latent sequence (without sampling negative examples), and obtain a well-defined

objective for learning the encoder for latent representations. However, simply

using the mutual information as the learning objective may lead to degenerate
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representations, as PI emphasizes simple structures in the latent space and a

powerful encoder could achieve this at the cost of ignoring information between

latent representations and input features. To this end, we adopt a masked re-

construction task to enforce the latent representations to be informative of the

observations as well. Similar to [237], we mask input dimensions as well as time

segments of the inputs, and use a decoder to reconstruct the masked portion

from the learnt representations; we also introduce variants of this approach to

achieve superior performance.

Our method, Deep Autoencoding Predictive Components (DAPC), is de-

signed to capture the above intuitions. From a variational inference perspective,

DAPC also has a natural probabilistic interpretation. We demonstrate DAPC

on both synthetic and real datasets of different sizes from various domains. Ex-

perimental results show that DAPC can recover meaningful low dimensional

dynamics from high dimensional noisy and nonlinear systems, extract predictive

features for forecasting tasks, and obtain state-of-the-art accuracies for Automatic

Speech Recognition (ASR) with a much lower cost, by pretraining encoders that

are later finetuned with a limited amount of labeled data.

3.1.2 Deep Autoencoding Predictive Components

The main intuition behind Deep Autoencoding Predictive Components is to max-

imize the predictive information of latent representation sequence. To ensure the

learning process is tractable and non-degenerate, we make a Gaussian assump-

tion and regularize the learning with masked reconstruction. In the following

subsections, we elaborate on how we estimate the predictive information and
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Figure 3.1: The overall framework of DAPC.

how we design the masked reconstruction task. A probabilistic interpretation of

DAPC is also provided to show the connection to deep generative models.

Predictive Information

Given a sequence of observations X = {x1, x2, ...} where xi ∈ R
n, we extract the

corresponding latent sequence Z = {z1, z2, ...} where zi ∈ R
d with an encoder

function e(X), e.g., recurrent neural nets or transformers [28].1 Let T > 0 be a

fixed window size, and denote Zpast
t = {zt−T+1, ..., zt}, Z f uture

t = {zt+1, ..., zt+T } for any

time step t. The predictive information (PI) is defined as the mutual information

(MI) between Z past
t and Z f uture

t :

MI(Zpast
t ,Z f uture

t ) = H(Z past
t ) + H(Z f uture

t ) − H(Z past
t ,Z f uture

t ) (3.1)

where H is the entropy function. Intuitively, PI measures how much knowing

Z past
t reduces the uncertainty about Z f uture

t (and vice versa). PI reaches its mini-

1In this work, the latent sequence has the same length as the input sequence, but this is not an
restriction; one can have a different time resolution for the latent sequence, using sub-sampling
strategies such as that of [275].
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mum value 0 if Zpast
t and Z f uture

t are independent, and it is maximized if Z f uture
t is a

deterministic function of Z past
t . Different from the MI estimate used by contrastive

learning, which measures the MI between representation at each single time step

and its future inputs, predictive information measures the MI between two win-

dows of T time steps collectively. The window size T used in PI estimation

reflects the time resolution for which the time series is more or less stationary.

PI was designed as a general measure of the complexity of underlying dy-

namics which persists for a relatively long period of time [276]. Furthermore, PI

is aware of temporal structures: different dynamics could lead PI to converge or

diverge even if they look similar. These virtues of PI contribute to the versatility

of this measure. The use of PI beyond a static complexity measure (and as a

learning objective) is done only recently in machine learning by [274], which

proposes to learn a linear dimensionality reduction method named Dynamical

Component Analysis (DCA) to maximize the PI of the projected latent sequence.

One approach for estimating PI is through estimating the joint density

P(Z past
t ,Z f uture

t ), which can be done by density estimation methods such as k-NN

and binning [277, 278]. However, such estimates heavily rely on hyperparame-

ters, and it is more challenging to come up with differentiable objectives based

on them that are compatible with deep learning frameworks. Our approach for

estimating PI is the same as that of DCA. Assume that every 2T consecutive

time steps {zt−T+1, ..., zt, ..., zt+T } in the latent space form a stationary, multivariate

Gaussian distribution. Σ2T (Z) is used to denote the covariance of the distribu-

tion, and similarly ΣT (Z) the covariance of T consecutive latent steps. Under

the stationarity assumption, H(Z past
t ) remains the same for any t so we can omit

the subscript t, and H(Zpast) is equal to H(Z f uture) as well. Using the fact that
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H(Z past) = 1
2 ln(2πe)dT |ΣT (Z)|, PI for the time series z reduces to

IT = MI(Z past,Z f uture) = ln |ΣT (Z)| −
1
2

ln |Σ2T (Z)|. (3.2)

Detailed derivations can be found in Appendix B.1.1. It is then straightforward to

collect samples of the consecutive 2T -length windows and compute the sample

covariance matrix for estimating Σ2T (Z). An empirical estimate of ΣT (Z) corre-

sponds to the upper left sub-matrix of Σ2T (Z). Recall that, under the Gaussian

assumption, the conditional distribution P(Z f uture|Zpast) is again Gaussian, whose

mean is a linear transformation of Z past. Maximizing IT has the effect of minimiz-

ing the entropy of this conditional Gaussian, and thus reducing the uncertainty

of future given past.

Though our estimation formula for PI is exact only under the Gaussian as-

sumption, it was observed by [274] that the Gaussian-based estimate is positively

correlated with a computationally intensive estimate based on non-parametric

density estimate, and thus a good proxy for the full estimate. We make the same

weak assumption, so that optimizing the Gaussian-based estimate improves the

true PI. Our empirical results show that representations learnt with the Gaus-

sian PI have strong predictive power of future (see Sec 3.1.4). Furthermore, we

find that a probabilistic version of DAPC (described in Sec 3.1.2) which models

(Z past,Z f uture) with a Gaussian distribution achieves similar performance as this

deterministic version (with the Gaussian assumption).

We now describe two additional useful techniques that we develop for PI-

based learning.

Multi-scale PI One convenient byproduct of this formulation and estimation

for IT is to reuse Σ2T (Z) for estimating IT/2, IT/4 and so on, as long as the window
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size is greater than 1. Since the upper left sub-matrix of Σ2T (Z) approximates

ΣT (Z), we can extract ΣT (Z) from Σ2T (Z) without any extra computation, and

similarly for ΣT/2(Z). We will show that multi-scale PI, which linearly combines

PI at different time scales, boosts the representation quality in ASR pretraining.

Orthogonality penalty Observe that the PI estimate in (3.2) is invariant to

invertible linear transformations in the latent space. To remove this degree

of freedom, we add the penalty to encourage latent representations to have

identity covariance, so that each of the d latent dimensions will have unit scale

and different dimensions are linearly independent and thus individually useful.

This penalty is similar to the constraint enforced by deep canonical correlation

analysis [279], which was found to be useful in representation learning [280].

Masked Reconstruction and Its Shifted Variation

The PI objective alone can potentially lead to a degenerate latent space, when the

mapping from input sequence to latent sequence is very powerful, as the latent

representations can be organized in a way that increases our PI estimate at the

cost of losing useful structure from the input. This is also observed empirically in

our experiments (see Sec 3.1.4). To regularize PI-based learning, one simple idea

is to force the learnt latent representations to be informative of the corresponding

input observations. For this purpose, we augment PI-based learning with a

masked reconstruction task.

Masked reconstruction was first proposed in BERT [267], where the input text

is fed to a model with a portion of tokens masked, and the task is to reconstruct

the masked portion. [237] extended the idea to continuous vector sequence data
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(spectrograms). The authors found that randomly masking input dimensions

throughout the sequence yields further performance gain, compared to masking

only consecutive time steps. We adopt their formulation in DAPC to handle

continuous time series data.

Given an input sequence X of length L and dimensionality n, we randomly

generate a binary mask M ∈ Rn×L, where Mi, j = 0 indicates Xi, j is masked with

value 0 and Mi, j = 1 indicates Xi, j is kept the same. We feed the masked inputs to

the encoder e(·) to extract representations (in Rd) for each time step, and use a

feed-forward network g(·) to reconstruct the masked input observations. e(·) and

g(·) are trained jointly. The masked reconstruction objective can be defined as

R = ||(1 − M) ⊙ (X − g(e(X ⊙ M)))||2f ro. (3.3)

Figure 3.1 gives an illustration for the masked spectrogram data. We randomly

generate nT time masks each with width up to wT , and similarly nF frequency

masks each with width up to wF . In our experiments, we observe that input

dimension masking makes the reconstruction task more challenging and yields

higher representation quality. Therefore, this strategy is useful for general time

series data beyond audio.

We introduce one more improvement to masked reconstruction. Standard

masked reconstruction recovers the masked inputs for the same time step. In-

spired by the success of Autoregressive Predictive Coding [269], we introduce

a shifted variation of masked reconstruction, in which the latent state zi is de-

coded to reconstruct a future frame xi+s (than xi). Formally, the shifted masked

reconstruction loss Rs is defined as

Rs = ||(1 − M→s) ⊙ (X→s − g(e(X ⊙ M)))||2f ro
(3.4)

99



where→ s indicates right-shifting s time frames while the input dimensions re-

main unchanged. When s = 0, Rs reduces to the standard masked reconstruction

objective, and in the ASR experiments we find that a nonzero s value helps. We

ensure no information leakage by enforcing that the portion to be reconstructed

is never presented in the inputs. As indicated by [281], predicting a future

frame encourages more global structure and avoids the simple inference from

local smoothness in domains like speech, and therefore helps the representation

learning.

To sum up, our overall loss function is defined as the combination of the

losses described above:

min
e,g

Ls,T (X) = − (IT + αIT/2) + βRs + γRortho (3.5)

where α, β, γ are tradeoff weights and Rortho = ||Σ1 − Id||
2
f ro is the orthonormality

penalty discussed in Sec. 3.1.2, with Σ1 ∈ Rd×d corresponding to the top left

sub-matrix of Σ2T estimated from the latent sequence Z = e(X ⊙ M). The whole

framework of DAPC is illustrated in Figure 3.1.

A Probabilistic Interpretation of DAPC

We now discuss a probabilistic interpretation of DAPC in the Variational Au-

toEncoder (VAE) framework [282]. Let X = (Xp, X f ) and Z = (Zp,Z f ), where the

subscripts p and f denote past and future respectively. Consider a generative

model, where the prior distribution is p(Zp,Z f ) ∼ N (0,Σ). One can write down

explicitly p(Z f |Zp), which is a Gaussian with

µ f |p = Σ f ,pΣ
−1
p,pZp, Σ f |p = Σ f f − Σ f ,pΣ

−1
p,pΣp, f .
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The linear dynamics in latent space are completely defined by the covariance

matrix Σ. Large predictive information implies low conditional entropy H(Z f |Zp).

Let (Zp,Z f ) generate (Xp, X f ) with a stochastic decoder g(X|Z). We only observe

X and would like to infer the latent Z by maximizing the marginal likelihood of

X. Taking a VAE approach, we parameterize a stochastic encoder e(Z|X) for the

approximate posterior, and derive a lower bound for the maximum likelihood

objective. Different from standard VAE, here we would not want to parameterize

the prior to be a simple Gaussian, in which case the Zp and Z f are independent

and have zero mutual information. Instead we encourage the additional structure

of high predictive information for the prior. This gives us an overall objective as

follows:

min
Σ,e,g

∫
p̂(X)

{∫
− e(Z|X) log g(X|Z)dz + KL(e(Z|X)||p(Z))

}
dx − ηIT (Σ)

where p̂(X) is the empirical distribution over training data, the first term corre-

sponds to the reconstruction loss, the second term measures the KL divergence

between approximate posterior and the prior, and the last term is the PI defined

in (3.2).

The challenge is how to parameterize the covariance Σ. We find that simply

parameterizing it as a positive definite matrix, e.g., Σ = AAT , does not work

well in our experiments, presumably because there is too much flexibility with

such a formulation. What we find to work better is the pseudo-input technique

discussed in VampPrior [238]: given a set of pseudo-sequences X∗ which are

learnable parameters (initialized with real training sequences), we compute the

sample covariance from e(Z|X∗) as Σ.

This approach yields an overall objective very similar to (3.5), with the benefit

of a well-defined generative model (and the Gaussian assumption being perfectly
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satisfied), which allows us to borrow learning/inference techniques developed

in the VAE framework. For example, masking the input for the encoder can be

seen as amortized inference regularization [283]. We show experimental results

on this probabilistic DAPC in section 3.1.4 and 3.1.4. In general, probabilistic

DAPC performs similarly to the deterministic counterpart, though the training

process is more time and memory intensive. On the other hand, these empirical

results show that deviating from the Gaussian assumption, as is the case for

deterministic DAPC, does not cause significant issues for representation learning

in practice if proper regularization is applied.

Related to this interpretations are VAE-base sequential models [230, 284, 285]

that also use reconstruction and enforce different structures/dynamics in the

latent space. Most of them are designed for the purpose of generating high

quality sequence data, while the qualities of their latent representations are

mostly not shown for downstream tasks.

3.1.3 Existing Pretraining Strategies

Mutual information (MI) maximization is a principal approach for representation

learning [286], where the objective is to maximize the MI estimate between learnt

representations and inputs. The currently dominant approach for estimating

MI is based on contrastive learning. For sequence data, CPC [123] uses repre-

sentations at current time as a classifier to discriminate inputs of nearby frames

(positive samples) from inputs of far-away steps or inputs from other sequences

(negative samples) with a cross-entropy loss; this leads to the noise-contrastive

estimation (NCE, 133). Deep InfoMax (DIM, [264]) generalizes the NCE estimator
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with a few variants, and proposes to maximize MI between global summary

features and local features from intermediate layers (rather than the inputs as

in CPC). SimCLR [235] extends the contrastive loss to use a nonlinear transfor-

mation of the representation (than the representation itself) as a classifier for

measuring MI. Contrastive Multiview Coding [287] generalizes the contrastive

learning frame to multiple views. Momentum Contrast [270] saves memory with

a dynamic dictionary and momentum encoder.

Meanwhile, there have been concerns about the contrastive learning frame-

work. One concern is that postive and negative sample selection is sometimes

time and memory consuming. To address this issue, BYOL [265] proposes to

get rid of negative samples by learning a target network in an online fashion

and gradually bootstrapping the latent space. Another concern is regarding the

MI estimation. Though contrastive learning has an MI backbone, [273] suggests

that the inductive bias of the feature extractor and parametrization of estimators

might contribute more than the MI estimate itself. [272, 288] raise the concern

that the MI lower bound used by contrastive learning might be too loose, and

propose to use an estimate based on Wasserstein distance.

Unlike prior work, our principle for sequence representation learning is to

maximize the MI between past and future latent representations, rather than the

MI between representations and inputs (or shallow features of inputs). Partially

motivated by the above concerns, our mutual information estimate requires no

sampling and is exact for Gaussian random variables. To keep useful information

from input, we use a masked reconstruction loss which has been effective for

sequence data (text and speech), with an intuition resembling that of denoising

autoencoders [289].
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Note that by the data processing inequality, methods that maximize mu-

tual information between current representation and future inputs also implicitly

maximizes an upper bound of mutual information between high level representa-

tions, since MI(Z past,Z f uture) ≤ MI(Z past, X f uture). Our method explicitly maximizes

the mutual information between high level representations itself, while having

another regularization term (masked reconstruction) that maximizes information

between current input and current representations. Our results indicate that

explicitly modeling the trade-off between the two can be advantageous.

In the audio domain where we will demonstrate the applicability of our

method, there has been significant interest in representation learning for reducing

the need for supervised data. Both contrastive learning based [57, 290, 291]

and reconstruction-based [292, 293, 294, 237, 269, 295, 296] methods have been

studied, as well as methods that incorporate multiple tasks [297, 298]. Our work

promotes the use of a different MI estimate and combines different intuitions

synergistically.

3.1.4 Experiments on Physics System, Forecasting and ASR

Noisy Lorenz Attractor

The Lorenz attractor system (also called “butterfly effect”) is generated by the

following differential equations: [299, 274]:

dx = σ(y − x)

dy = x(ρ − z) − y

dz = xy − βz

(3.6)
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SNR DCA CPC PI MR DAPC-det DAPC-prob
0.3 0.084 0.676 0.585 0.574 0.865 0.816
1.0 0.153 0.738 0.597 0.885 0.937 0.943
5.0 0.252 0.815 0.692 0.929 0.949 0.949

Table 3.1: The R2 scores of recovered 3D trajectories of noisy Lorenz attractor by different
methods.

where (x, y, z) are the 3D coordinates, and we use σ = 10, β = 8/3, ρ = 28. The

integration step for solving the system of equations is 5 × 10−3.

We lift the 3D trajectory into 30D using a nonlinear neural network with 2

hidden layers, each with 128 neurons and the Exponential Linear Unit [300].

We further perturb the 30D trajectory with additive Gaussian noise to obtain

datasets of three different Signal-to-Noise Ratios (SNRs, ratio between the power

of signal and the power of noise): 0.3, 1.0, and 5.0. The smaller the SNR is, the

more challenging it is to recover the clean 3D trajectory (see the left panel of

Figure 3.2 for the comparison between noisy 30D trajectory and the clean 30D

trajectory).

We compare both deterministic and probabilistic DAPC against representa-

tive unsupervised methods including DCA [274], CPC [123], pure PI learning

which corresponds to DAPC with β = 0, and masked reconstruction (MR) [237].

Except for DCA which corresponds to maximizing PI with a linear orthogonal

feedforward net, the other methods use bidirectional GRU [75] for mapping

the inputs into feature space (although uni-GRU performs similarly well). A

feedforward DNN is used for reconstruction in MR and DAPC.

More specifically, CPC, MR, DAPC all use the bidirectional GRU where the

learning rate is 0.001, and dropout rate is 0.7. Our GRU has 4 encoding layers

with hidden size 256. The batch size is (20, 500, 30). For CPC, the temporal lag
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DCA CPC DAPC	(det) DAPC	(prob)MRSNR

Figure 3.2: Upper panel. Top: the ground-truth 3D Lorenz attractor. Middle: the 30D
non-linearly lifted trajectory. Bottom: corrupted 30D trajectory by white noise with
SNR=0.3. Lower Panel. 3D trajectories extracted by different methods for three SNR
levels: 0.3, 1.0, 5.0.

k=4. For DAPC, β = 0.1, T = 4, s = 0, α = 0, γ = 0.1. For masked reconstruction,

we use at most 2 masks on the frequency axis with width up to 5, and at most

2 masks on the time axis with width up to 40. The DNN decoder has 3 hidden

layers, each with size 512. DCA’s setup is completely adopted from [274]. The
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SNR Full Recon uni-GRU Regular
0.3 0.803 0.857 0.865
1.0 0.812 0.905 0.937
5.0 0.852 0.903 0.949

Table 3.2: The R2 scores for the ablation study of (deterministic) DAPC for Lorenz
attractor.

SNR Full Recon only Full Recon with PI
0.3 0.441 0.803
1.0 0.737 0.812
5.0 0.802 0.852

Table 3.3: The R2 scores for full reconstruction only and full reconstruction with PI.

same architectures are used in the forecasting tasks.

Figure 3.2 provides qualitatively results for the recovered 3D trajectories

by different methods. Observe that DCA fails in this scenario since its feature

extraction network has limited capacity to invert the nonlinear lifting process.

CPC is able to recover the 2 lobes, but the recovered signals are chaotic. Masked

reconstruction is able to produce smoother dynamics for high SNRs, but its

performance degrades quickly in the more noisy scenarios. Both deterministic

and probabilistic DAPC recover a latent representation which has overall similar

shapes to the ground truth 3D Lorenz attractor, and exhibits smooth dynamics

enforced by the PI term.

We quantitatively measure the recovery performance with the R2 score, which

is defined as coefficient of determination. R2 score normally ranges from 0 to 1

where 1 means the perfect fit. Negative scores indicate that the model fits the data

worse than a horizontal hyperplane. The R2 results are given in Table 3.1. Our

results quantitatively demonstrate the clear advantage of DAPC across different

noise levels.
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Full	recon	only Full	recon	+	PI DAPC	(MR	+	PI)MRSNR

0.3

1.0

5.0

PI	only

Figure 3.3: Illustration of how PI can improve both full reconstruction and masked
reconstruction (MR). We can observe that PI can greatly improve the recovery quality,
especially when SNR is low (very noisy).

SNR k=2 k=4 k=6 k=8 k=10
0.3 0.477 0.676 0.663 0.658 0.608
1.0 0.556 0.738 0.771 0.721 0.642
5.0 0.652 0.815 0.795 0.775 0.717

Table 3.4: The R2 scores for CPC with different temporal lags (k).

We also give an ablation study on several components of DAPC in Table 3.2,

where we attempt full reconstruction without masking, masked reconstruction

with unidirectional encoder uni-GRU, and the regular setup (masked reconstruc-

tion + bi-GRU). Using full reconstruction yields worse results than using masked

reconstruction at all noise levels, while uni-GRU degrades the performance less.

We show in Table 3.3 and Figure 3.3 how PI can improve both full reconstruc-

tion and masked reconstruction. In Table 3.3, when SNR=0.3, PI can greatly boost

the performance of full reconstruction. We also tuned the temporal lag parameter

k w.r.t. both quantitative and qualitative results (Table 3.4 and Figure 3.4). CPC

performance starts to deteriorate after k=8, while k=4, 6, 8 have similar results.

Based on the R2 scores, we select k=4 as our final temporal lag. Similar tuning is

also performed for CPC on the downstream forecasting experiments.
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Figure 3.4: Qualitative recovery results by CPC w.r.t. different temporal lags (k).

Figure 3.5: Different models’ R2 score improvements over PCA for three forecasting tasks,
each with three different lag values. Left: temperature. Middle: dorsal hippocampus.
Right: motor cortex.

Forecasting with Linear Regression

We then demonstrate the predictive power of learnt representations in down-

stream forecasting tasks on 3 real-world datasets used by [274], involving multi-

city temperature time series data (Temp, [301]), dorsal hippocampus study (HC,

[302]), and motor cortex (M1, [303]). For each model, unsupervised representa-

tion learning is performed on the training set with a uni-directional GRU, which

prevents information leakage from the future. After that, we freeze the model

and use it as a feature extractor. The representations at each time step are used

as inputs for predicting the target at a future time step. As an example, we can

extract a representation for today’s weather based on past weather only (as the

encoder is uni-directional), and use it to predict future temperature which is

lag days away (a larger lag generally leads to a more difficult forecasting task).
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d = 5 d = 10 d = 15 d = 20

Figure 3.6: On temperature dataset, we analyze the performances of different latent
dimensions (dimension of zi): 5, 10, 15, 20. ∆R2 corresponds to R2 score improvement
over PCA.

dataset lag FR FR+PI Improvement MR MR+PI Improvement PI only

Temp
5 0.721 0.725 0.58% 0.705 0.724 2.68% 0.698

10 0.672 0.685 1.99% 0.672 0.691 2.85% 0.645
15 0.675 0.686 1.64% 0.673 0.707 4.99% 0.632

HC
5 0.252 0.260 3.24% 0.251 0.304 21.25% 0.169

10 0.222 0.231 4.46% 0.222 0.271 21.72% 0.137
15 0.183 0.194 5.97% 0.205 0.232 13.28% 0.085

M1
5 0.390 0.405 4.03% 0.352 0.519 47.45% 0.239

10 0.372 0.394 5.83% 0.369 0.422 14.64% 0.156
15 0.268 0.293 9.10% 0.241 0.304 26.10% 0.076

Table 3.5: The R2 scores for full reconstruction (FR), full reconstruction with PI (FR+PI),
masked reconstruction (MR) and DAPC (MR+PI). We also demonstrate the improve-
ments in percentage brought by adding PI. On average, PI improves full reconstruction
by 4.09% and masked reconstruction by 17.22%. Additionally, in the last column, we
show PI objective alone is not powerful enough to learn predictive components (R2

scores are low).

Following [274], the predictor from the extracted feature space to the target is a

linear mapping, trained on samples of paired current feature and future target,

using a least squares loss. We use the same feature dimensionality as in their

work, for each dataset. These forecasting tasks are evaluated by the R2 regression

score, which measures the linear predictability.

Besides DCA, CPC and MR, we further include PCA and SFA [304] (similar to

DCA with T = 1 for PI estimation), which are commonly used linear dimension

reduction methods in these fields. PCA serves as the baseline and we report R2

score improvements from other methods. Figure 3.5, 3.6 give the performances

of different methods for the three datasets, with three different lags (the number
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d k=2 k=4 k=6 k=8 k=10
5 0.685 0.701 0.690 0.687 0.681

10 0.661 0.663 0.675 0.631 0.622
15 0.633 0.645 0.637 0.634 0.617

Table 3.6: The R2 scores for CPC with different temporal lags (k) on the temperature
dataset.

of time steps between current and future for the forecasting task): 5, 10, and 15.

DAPC consistently outperforms the other methods. In Table 3.5, we show how PI

helps DAPC improve over either full reconstruction (e.g., classical auto-encoder)

or masked reconstruction, and how reconstruction losses help DAPC improve

over PI alone on this task. These results demonstrate that the two types of losses,

or the two types of mutual information (MI between input and latent, and MI

between past and future) can be complementary to each other.

Table 3.6 shows the temporal lag tuning for CPC on the temperature dataset.

Pretraining for Automatic Speech Recognition (ASR)

A prominent usage of representation learning in speech processing is to pretrain

the acoustic model with an unsupervised objective, so that the resulting net-

work parameters serve as a good initialization for the supervised training phase

using labeled data [305]. As supervised ASR techniques have been improved

significantly over the years, recent works start to focus on pre-training with

large amounts of unlabeled audio data, followed by finetuning on much smaller

amounts of supervised data, so as to reduce the cost of human annotation.

We demonstrate different methods on two commonly used speech corpora for

this setup: Wall Street Journal [306] and LibriSpeech [120]. For WSJ, we pretrain

on si284 partition (81 hours), and finetune on si84 partition (15 hours) or the si284
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partition itself. For Librispeech, we pretrain on the train 960 partition (960 hours)

and finetune on the train clean 100 partition (100 hours). Standard dev and test

splits for each corpus are used for validation and testing.

In the experiments, we largely adopt the transformers-based recipe from

ESPnet [307], as detailed in [308], for supervised finetuning. Note that we

have spent effort in building strong ASR systems, so that our baseline (without

pretraining) already achieves low WERs and improving over it is non-trivial.

This can be seen from the result table where our baseline is often stronger than

the best performance from other works. In the pretraining stage, we pretrain

an encoder of 14 transformer layers, which will be used to initialize the first 14

layers of ASR model. For masked reconstruction, we use 2 frequency masks as

in finetuning, but found more time masks can improve pretraining performance.

We set the number of time masks to 4 for WSJ, and 8 for LibriSpeech which has

longer utterances on average.

The hyperparameters we tune include T, s, α, β and γ from our learning objec-

tive. We select hyperparameters which give the best dev set WER, and report

the corresponding test set WER. In the end, we use T = 4 for estimating the PI

term, γ = 0.05, β = 0.005 and set s = 2 for WSJ and s = 1 for LibriSpeech if we use

shifted reconstruction. Since the pretraining objective is a proxy for extracting

the structure of data and not fully aligned with supervised learning, we also tune

the number of pretraining epochs, which is set to 5 for WSJ and 1 for LibriSpeech.

We perform an ablation study for the effect of different variants of DAPC

(MR+PI) on the WSJ dataset, and give dev/test WERs in Table 3.7. We tune the

hyperparameters for multi-scale PI and shifted reconstruction for the 15-hour

finetuning setup, and observe that each technique can lead to further improve-
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Methods dev93 eval92
Finetune on 15 hours

w.o. pretrain 12.91±0.36 8.98±0.44
PI only 12.54±0.32 9.02±0.43

MR 12.27±0.23 8.15±0.34
DAPC 12.31±0.36 7.74±0.20

DAPC + multi-scale PI 12.15±0.35 7.64±0.15
DAPC + shifted recon 11.93±0.16 7.68±0.05

DAPC + both 11.57±0.22 7.34±0.13
Finetune on 81 hours

w.o. pretrain 6.34±0.13 3.94±0.33
MR 6.24±0.14 3.84±0.09

DAPC 5.90±0.16 3.58±0.08
DAPC + both 5.84±0.04 3.48±0.08

Table 3.7: Ablation study on different variants of DAPC. We give WERs (%) of ASR
models pretrained with different variants on WSJ. Models are pretrained on 81 hours,
and finetuned on either 15 hours or 81 hours. All results are averaged over 3 random
seeds.

ment over the basic DAPC, while combining them delivers the best performance.

The same hyperparameters are used for the 81-hour finetuning setup, and we

find that with more supervised training data, the baseline without pretraining

obtains much lower WERs, and pure masked reconstruction only slightly im-

proves over the baseline, while the strongest DAPC variant still achieves 7.9%

and 11.7% relative improvements on dev93 and eval92 respectively.

In Table 3.8, we provide a more thorough comparison with other represen-

tation learning methods on the LibriSpeech dataset. We compare with CPC-

type mutual information learning methods including wav2vec [57], vq-wav2vec

which performs CPC-type learning with discrete tokens followed by BERT-style

learning [290], and wav2vec 2.0 which incorporates masking into contrastive

learning [37]. We also compare with two reconstruction-type learning approaches

DeCoAR [295] and TERA [296]. Observe that DAPC and its variant achieve lower

WER than MR: though our baseline is strong, DAPC still reduces WER by 8%,
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Methods dev clean test clean
wav2vec [57] - 6.92

discrete BERT+vq-wav2vec [290] 4.0 4.5
wav2vec 2.0 [37] 2.1 2.3
DeCoAR [295] - 6.10

TERA-large [296] - 5.80
MPE [309] 8.12 9.68

Bidir CPC [310] 8.86 8.70
MR [237] 4.66 5.02

MR (sub-word) 5.57 6.18
w.o. pretrain 4.84 5.11

DAPC 4.52 4.86
DAPC+multi-scale PI 4.46 4.77
DAPC+shifted recon 4.50 4.80

DAPC+multi-scale PI+shifted recon 4.42 4.70
w.o. pretrain (sub-word) 6.16 6.81

DAPC (sub-word) 5.50 5.79

Table 3.8: WER results of different methods on LibriSpeech. All representation methods
are pretrained on the full corpus (960h) and finetuned on train clean 100 (100h). For
MR and DAPC, the default ASR recipe uses characters as token set and decodes with
word RNNLM. For results denoted with sub-word, the ASR recipe uses 5000 unigrams
as token set and decodes with token-level RNNLM. All the results are averaged over 3
seeds.

while MR only improves by 1.76%. This shows the benefit of PI-based learning

in addition to masked reconstruction. DAPC achieves 15% relative improvement

over the baseline (without pretraining), showing that our method is generally

effective for different types of ASR systems. Nevertheless, our method does not

outperform vq-wav2vec and wav2vec 2.0; we suspect it is partly because our

models have much smaller sizes (around 30M weight parameters) than theirs

(vq-wav2vec has 150M weight parameters, and wav2vec has 300M weight pa-

rameters for the acoustic model, along with a very large neural language model)

and it is future work to scale up our method.
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3.1.5 Discussion

In this work, we introduce a novel representation learning method, DAPC, for

sequence data. Our learnt latent features capture the essential dynamics of the

underlying data, contain rich information of both input observations and context

states, and are shown to be useful in a variety of tasks. As future work, we

may investigate other predictive information estimators that further alleviate the

Gaussian assumption. On the other hand, more advanced variational inference

techniques may be applied to the probabilistic version of DAPC to boost the

performance. DAPC provides a general alternative for mutual information-based

learning of sequence data and we may investigate its potential usage in other

domains such as NLP, biology, physics, etc.

3.2 Self-supervision for Disentanglement: Contrastively Disen-

tangled Sequential Variational Audoencoder

3.2.1 Introduction

The goal of self-supervised learning methods is to extract useful and general

representations without any supervision, and to further facilitate downstream

tasks such as generation and prediction [124]. Despite the difficulty of this

task, many existing works have shed light on this field across different domains

such as computer vision [123, 264, 235, 311], natural language processing [266,

91, 31] and speech processing [290, 269, 237, 37, 261] (also see a huge number

of references in these papers). While the quality of the learnt representations
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improves gradually, recent research starts to put more emphasis on learning

disentangled representations. This is because disentangled latent variables may

capture separate variations of the data generation process, which could contain

semantic meanings, provide the opportunity to remove unwanted variations

for a lower sample complexity of downstream learning [312, 313], and allow

more controllable generations [314, 315, 316]. These advantages lead to a rapidly

growing research area, studying various principles and algorithmic techniques

for disentangled representation learning [317, 318, 319, 320, 321, 322, 323, 324].

One concern raised in [322] is that without any inductive bias, it would be

extremely hard to learn meaningful disentangled representations. On the other

hand, this concern could be much alleviated in the scenarios where the known

structure of the data can be exploited.

In this work, we are concerned with the representation learning for sequence

data, which has a unique structure to utilize for disentanglement learning. More

specifically, for many sequence data, the variations can be explained by a di-

chotomy of a static (time-invariant) factor and dynamic (time-variant) factors,

each varies independently from the other. For example, representations of a

video recording the movements of a cartoon character could be disentangled

into the character identity (static) and the actions (dynamic). For audio data, the

representations shall be able to separate the speaker information (static) from the

linguistic information (dynamic).

We introduce Contrastively Disentangled Sequential Variational Autoencoder

(C-DSVAE), a method seeking for a clean separation of the static and dynamic

factors for the sequence data. Our method extends the previously proposed

sequential variational autoencoder (VAE) framework, and performs learning
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with a different evidence lower bound (ELBO) which naturally contains mutual

information (MI) terms to encourage disentanglement. Due to the difficulty in

estimating high dimensional complex distributions (e.g., for the dynamic factors),

we further incorporate the contrastive estimation for the MI terms with system-

atic data augmentation techniques which modify either the static or dynamic

factors of the input sequence. The new estimation method turns out to be more

effective than the minibatch sampling based estimate, and introduces additional

inductive biases towards the invariance. To our knowledge, we are the first to

synergistically combine the contrastive estimation and sequential generative

models in a principled manner for learning disentangled representations. We

validate C-DSVAE on four datasets from the video and audio domains. The ex-

perimental results show that our method consistently outperforms the previous

state-of-the-art (SOTA) methods, both quantitatively and qualitatively.

3.2.2 C-DSVAE for Sequence Disentanglement

We denote the observed input sequence as x1:T = {x1, x2, ..., xT }where xi represents

the input feature at time step i (e.g., xi could be a video frame or the spectrogram

feature of a short audio segment), and T is the sequence length. The latent

representations are divided into the static factor s, and the dynamic factors z1:T

where zi is the learnt dynamic representation at time step i.

Probabilistic Model

We assume that in the ground-truth generation process, zi depends on z<i =

{z0, z1, ..., zi−1} where z0 = 0, and the observation xi is independent of other frames
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Figure 3.7: The illustration of our C-DSVAE model. Left panel is the general structure
of the sequence-to-sequence auto-encoding process: each frame is passed to the LSTM
cell; dynamic factors z1:T are extracted for each time step; the static factor s is extracted
by summarizing the full sequence; the generation/reconstruction of frame i depends
on s and zi. Right panel depicts the contrastive learning module of C-DSVAE: xm

1:T is
the motion augmentation of x1:T and xc

1:T is the content augmentation of x1:T ; dynamic
factors zm

1:T of xm
1:T can be seen as the positive sample for the anchor z1:T in the contrastive

estimation w.r.t. the motion, and similarly the static factor sc of xc
1:T can be viewed as the

positive sample for s w.r.t. the content.

conditioned on zi and s. Furthermore, we assume the static variable s and the

dynamic variables z1:T are independent from each other, i.e., p(s, z1:T ) = p(s)p(z1:T ).

Formally, let z = (s, z1:T ) and we have the following complete likelihood

p(x1:T , z) = p(z)p(x1:T |z) =
[
p(s)

T∏
i=1

p(zi|z<i)
]
·

T∏
i=1

p(xi|zi, s) (3.7)

where p(z) is the prior for sampling z. Our formulation captures the general intu-

ition that we can separate the variations of the sequence into the time-dependent

dynamic component (described by zi’s), and a static component (described by

s) which remains the same for different time steps in the same sequence but

differs between sequences. For example, in the cartoon character video (see

Figure 3.9), the hair, shirt and pants should be kept the same when the character

walks around, but different videos can have different characters. Similarly, for a

speech utterance, the phonetic transcription controls the vocal tract motion and

the sound being produced over time, but the speaker identity remains the same

for the whole utterance. In this work, we refer to the dynamic component as
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“motion” and the static component as “content”.

For the prior distributions, we choose p(s) to be the standard GaussianN(0, I),

and p(zi|z<i) to beN(µ(z<i), σ2(z<i)) where µ(·) and σ(·) are modeled by LSTMs [19].

In operations, the drawn sample s is shared throughout the sequence. To draw

a sample of zt, we first take a sample of zt−1 as the input of the current LSTM

cell. Then forwarding the LSTM for one step gives us the distribution of zt, from

which we draw a sample with the reparameterization trick [282].

To extract the latent representations given only the observed data x1:T where

the motion and content are mixed together, we hope to learn a posterior distribu-

tion q(z|x1:T ) where the two components are disentangled. That is, similar to the

prior, our posterior should have a factorized form:

q(z|x1:T ) = q(z1:T , s|x1:T ) = q(z1:T |x1:T )q(s|x1:T ) = q(s|x1:T )
T∏

i=1

q(zi|z<i, x≤i). (3.8)

The posterior distributions are also modeled by LSTMs. A nested sampling

procedure, resembling that of the prior, is applied to the posterior of dynamic

variables. Similar parameterizations of dynamic variables by recurrent networks

have been proposed in prior works [230, 325, 326]. The standard loss function

for learning the latent representations is an ELBO [285, 327] (also see a derivation

in Appendix B.2.1):

max
p,q
Ex1:T∼pDEq(z|x1:T )

[
log p(x1:T |z) − KL[q(z|x1:T )||p(z)]

]
(3.9)

where pD is the empirical data distribution. Under the parameterization of the

posterior where s and z1:T are mutually independent, the KL-divergence term

reduces to

KL[q(z|x1:T )||p(z)] = KL[q(s|x1:T )||p(s)] + KL[q(z1:T |x1:T )||p(z1:T )] (3.10)
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where the second term is approximated with the sampled trajectories of the

dynamic variables z1:T .

Our approach: Mutual information-based disentanglement

Several existing sequence representation learning methods [285, 327, 316] are

built on top of the loss function (3.9). However, this formulation also brings

several issues. The KL-divergence regularizes the posterior of the static or dy-

namic factors to be close to the corresponding priors. When modeling them with

powerful neural architectures like LSTMs, it is possible for the KL-divergence

to be close to zero, yet at the same time, the posteriors become non-informative

of the inputs; this is a common issue for deep generative models like VAE [328].

Techniques have been proposed to alleviate this issue, including adjusting the

relative weights of the loss terms to regularize the capacity of posteriors [318],

replacing the individual posteriors in the KL terms with aggregated posteriors

[238, 329, 330] and enforcing latent structures (such as disentangled representa-

tions) in the posteriors [321, 320, 331].

Our principled approach for learning useful representations from sequences

is inspired by these prior works, and at the same time incorporates the unique

sequential structure of the data. Without inductive biases, the goal of disentan-

glement can hardly be achieved since it is possible to find entangled s and z1:T

that explain the data equally well (in fact, by Theorem 1 of [322], there could

exist infinitely many such entangled factors). The problem may seem less severe

in our setup, since s is shared across time and it is hard for such s to capture all

dynamics. Nevertheless, since both s and zi are used in generating xi, it is still

possible for zi to carry some static information. In the extreme case where each
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zi encompasses s, s would no longer be indispensable for the generation. This

issue motivated prior works to optimize the (estimate of) mutual information

among latent variables and inputs [327, 316, 332].

Our method seeks to achieve clean disentanglement of s and z1:T , by optimiz-

ing the following objective function, which introduces additional MI terms to

the vanilla ELBO in (3.9):

max
p,q
Ex1:T∼pDEq(z|x1:T )[log p(x1:T |z)] − KL[q(z)||p(z)]

= Ex1:T∼pDEq(z|x1:T )[log p(x1:T |z)] − (KL[q(s|x1:T )||p(s)] + KL[q(z1:T |x1:T )||p(z1:T )])

+ Iq(s; x1:T ) + Iq(z1:T ; x1:T ) − Iq(z1:T ; s) (3.11)

where the aggregated posteriors are defined as q(z) = q(s, z1:T ) =

EpD[q(s|x1:T )q(z1:T |x1:T )], q(s) = EpD[q(s|x1:T )], q(z1:T ) = EpD[q(z1:T |x1:T )], and

the MI terms are defined as Iq(s; x1:T ) = Eq(s,x1:T )

[
log q(s|x1:T )

q(s)

]
, Iq(z1:T ; x1:T ) =

Eq(z1:T ,x1:T )

[
log q(z1:T |x1:T )

q(z1:T )

]
(and Iq(z1:T ; s) is defined similarly). The intuition be-

hind (3.11) is simple: besides explaining the data and matching the posteriors

with priors, z1:T and s shall contain useful information from x1:T while excluding

the redundant information from each other. We further justify (3.11) by showing

that it still forms a valid ELBO.

Theorem 1 With our parameterization of (s, z1:T ), (3.11) is a valid lower bound of the

data log-likelihood Ex1:T∼pD log(x1:T ).

The full proof can be found in Appendix B.2.2. With this guarantee, we can

follow the spirit of [318, 321] to add and adjust the additional weight coefficients

α to the KL terms, β to the MI terms Iq(s; x1:T ), Iq(z1:T ; x1:T ), and γ to Iq(z1:T ; s),

Ex1:T∼pDEq(z|x1:T )[log p(x1:T |z)] − α(KL[q(s|x1:T )||p(s)] + KL[q(z1:T |x1:T )||p(z1:T )])

+ β(Iq(s; x1:T ) + Iq(z1:T ; x1:T )) − γIq(z1:T ; s).
(3.12)
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It remains to estimate the objective (3.12) for optimization. The KL term for z1:T

is estimated with the standard Monte-Carlo sampling, using trajectories of z1:T

[285]. The KL term for s can be estimated analytically. For the MI terms, we at-

tempt two estimations. The first estimation uses a standard mini-batch weighted

sampling (MWS) following [321, 327]. Due to the high dimensionality of z1:T and

the complex dependency among time steps, it may be hard for MWS to estimate

the distributions accurately, so we also explore non-parametric contrastive esti-

mations for Iq(s; x1:T ) and Iq(z1:T ; x1:T ) with additional data augmentations, which

we will detail below.

C-DSVAE: Contrastive estimation with augmentation

A contrastive estimation of I(z1:T ; x1:T ) can be defined as follows

C(z1:T ) = EpD log
ϕ(z1:T , x+1:T )

ϕ(z1:T , x+1:T ) +
∑n

j=1 ϕ(z1:T , x
j
1:T )
+ log(n + 1) (3.13)

where x+ is a “positive” sequence, while x j, j = 1, . . . , n is a collection of n

“negative” sequences. When ϕ(z1:T , x1:T ) = q(x1:T |z1:T )
q(x1:T ) , one can show that (3.13) ap-

proximates Iq(z1:T , x1:T ); see Appendix B.2.4 for a proof. To implement (3.13), z1:T

is the trajectory obtained by using the mean at each time step from q(z1:T |x1:T )

for a input sequence x1:T , while x j
1:T is a randomly sampled sequence from the

minibatch. A similar contrastive estimation is defined for s as well. To provide

meaningful positive sequences that encourage the invariance of the learnt rep-

resentations, we obtain x+1:T by systematically perturbing x1:T . In Sec B.2.4, we

discuss how the augmented data give good estimate of (3.13) under additional

assumptions.
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Figure 3.8: Data augmentations on SM-MNIST and Sprites. Left panel: SM-MNIST.
The first row is the raw input sequence of moving digits. The second row reverses the
sequence order of the raw sequence, serving as the content augmentation. The third
row stretches the frames and enhances the color, which changes the digit styles but does
not change the digit movements and thus forms a motion augmentation. Right panel:
Sprites. The first row is the raw input character video. The second row is the content
augmentation with a random order. The third row is a motion augmentation produced
by distorting colors and adding Gaussian noise.

Content augmentation The static factor (e.g., the character identity in videos

or the speaker in audios) is shared across all the time steps, and should not be

affected by the exact order of the frames. We therefore randomly shuffle or simply

reverse the order of time steps to generate the content augmentation of x1:T and

denote it by xc
1:T . The static and dynamic latent factors of xc

1:T , modeled by q, are

denoted by sc and zc
1:T . This is an inexpensive yet useful strategy, applicable to

both audios and videos. Similar ideas were introduced in [327] albeit not used

for contrastive estimations.

Motion augmentation In motion augmentation, we would like to maintain

the dynamic factors (e.g., actions or movements) while replacing the content

with a meaningful alternative. Thanks to the recent efforts in contrastive learn-

ing, multiple effective strategies have been proposed. For video datasets, we

adopt the combination of cropping, color distortion, Gaussian blur and reshap-

ing [235, 333]. For audio datasets, we use classical unsupervised voice conversion

algorithms [334, 335]. The motion augmentation of x1:T is denoted by xm
1:T , with

the static factor sm and dynamic factors zm
1:T estimated by q.
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Note that xm
1:T is the motion augmentation of x1:T , and x1:T in turn is also the

motion augmentation of xm
1:T . Similarly, s and sc are mutually the “positive”

sample to each other w.r.t. the static factor. During the training, it is efficient

to generate the augmentations for each sequence in the minibatch, and apply

contrastive estimation on both the original data and the augmented data. This

leads to the following final estimates:

Iq(z1:T ; x1:T ) ≈
1
2

(C(z1:T ) + C(zm
1:T )),

Iq(s; x1:T ) ≈
1
2

(C(s) + C(sc))
(3.14)

where we use ϕ(z1:T (x1:T ), x∗1:T ) = exp(sim(z1:T , z∗1:T )/τ) with ∗ indicating the latent

variables for the positive/augmented or negative sequences (extracted from q).

sim(·, ·) is the cosine similarity function and τ = 0.5 is a temperature parameter.

This form of ϕ using cosine similarity is widely adopted in contrastive learning

[235, 236] as it removes one degree of freedom (length) for high dimensional

feature space. Plugging (3.14) into (3.12) gives our final learning objective with

contrastive estimation. We name our method Contrastively Disentangled Se-

quential Variational Encoder (C-DSVAE), and a full model illustration is shown

in Figure 3.7.

In practice, we find the contrastive estimation is more effective than the MWS

based on Gaussian probabilities (see an ablation study in section 3.2.4). Interest-

ingly, we observe that with only the contrastive estimation and augmentations,

Iq(z1:T ; s) (last term in (3.11)) decreases even if we do not include its estimation in

our optimization process, indicating that a good disentanglement between z1:T

and s could be attained through contrastive estimations solely.

As it will become evident in the experiments, our method achieves a cleaner

separation of the dynamic and static factors than previous methods. We believe
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this is partly due to the inductive bias introduced by our approach: in order to

consistently map two sequences with the same motion but different contents

(which vary independently from the motion according to the generation pro-

cess (3.7)) to the same latent representation z1:T , we must discard the information

of the inputs regarding s; similar arguments hold for the static variables. At the

same time, we enforce that the extracted z1:T and s together should reconstruct

x1:T so that no information is lost in the auto-encoding process. To our knowl-

edge, we are the first to use the contrastive estimation with augmentations in the

sequential VAE scenario, for pushing the disentanglement of variations.

3.2.3 Prior Efforts for Disentanglement

In terms of the general frameworks, disentangled representation learning meth-

ods can be categorized into GAN-based [336] and VAE-based [282] approaches.

GAN-based methods like MoCoGAN [337] aim at generating videos from con-

tent noise and motion noise. These models typically do not explicitly learn the

encoder from inputs to the latent variables, rendering them less applicable for

representation learning.

The VAE framework parameterizes both the encoder (variational posterior)

and the decoder (reconstruction), and optimize them jointly with a well-defined

ELBO objective. The encoder allows us to directly control and reason about

the properties of the extracted features, which can be straightforwardly used

for downstream tasks. Many variants of VAE were proposed to encourage the

disentanglement/interpretability of individual latent dimensions. β-VAE [318]

adds a coefficient to the per-sample KL-divergence term to better constrain the
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information bottleneck. FactorVAE [320] and β-TCVAE [321] explicitly separate

out the total correlation term, and adjust its weight coefficient in the objective

to encourage the per-dimensional disentanglement of the aggregated posterior.

From a theoretical standpoint, [322] points out that without further inductive

biases, it is impossible to learn disentangled representations with the standard

VAE.

To handle the sequence data, vanilla VAE is extended to the recurrent ver-

sion, and prior works have explored different approaches for separating the

content and the motion. FHVAE [284] designs a hierarchical VAE model which

uses “sequence-dependent variables” (corresponding to the speaker factor) and

“sequence-independent variables” (corresponding to the linguistic factors) for

modeling speech sequences, and performs learning with the per-sequence ELBO

while respecting the hierarchy in designing the posterior. FHVAE does not

use additional loss terms for encouraging the disentanglement. Different from

FHVAE, DSVAE [285] explicitly models the static and dynamic factors in its

graphical model and its posterior has a factorized form. A few recent works

(including ours) inherit the clean formulation of DSVAE in terms of the graphical

model and prior/posterior parameterization. S3VAE [327] introduces additional

loss terms to the objective of DSVAE in an ad-hoc fashion, such as a triplet loss

that encourages the invariance of the learnt static factors by permuting the frame

order (spiritually similar to our contrastive estimation for I(s, x1:T )), an additional

prediction loss on z1:T leveraging external supervision for the motion labels, and

an MI term of I(s, z1:T ) to be minimized. Our C-DSVAE differs from S3VAE in

that we naturally introduce the MI terms from the fundamental principle of

VAE, and use augmentations instead of external supervision for learning the

static and dynamic factors. Also based on the DSVAE formulation, R-WAE [316]
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proposes to replace the distance measure between the aggregated posterior and

the prior with the Wasserstein distance, in the belief that the KL divergence is

too restrictive. In R-WAE, Maximum Mean Discrepancy (MMD) based estima-

tion or GAN-based estimation of Wasserstein distance is used, either of which

requires heavy tuning of hyperparameters. Another similar method, IDEL [338],

optimizes the additional set of MI terms similar to ours. However, in our work,

we show that these MI terms can be naturally derived from the fundamental

principle of VAE, and we additionally present the contrastive estimation and

data augmentations to strengthen them, which was not done before.

Another relevant research area is nonlinear ICA, which tries to understand

the conditions under which the disentanglement can be achieved, possibly with

contrastive learning or VAE [339, 340, 341, 323, 324]. Our general approach is

well-aligned with the current understanding in this direction. That is, while

general disentanglement (per-dimensional disentanglement) is hard to achieve

without stringent assumptions on the data generation process, we can seek some

certain level of disentanglement (in our case, the group-wise disentanglement

between the static and dynamic factors) given auxiliary information (which we

provide through augmentations). Our intuitive arguments for the reason of sepa-

ration (see the last paragraph of Sec 3.2.2) show that VAE and contrastive learning

may be complementary to each other, and combining them could potentially

gain better disentanglement.
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Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

MoCoGAN 92.89% 8.461 0.090 2.192
DSVAE 90.73% 8.384 0.072 2.192
R-WAE 98.98% 8.516 0.055 2.197
S3VAE 99.49% 8.637 0.041 2.197

C-DSVAE 99.99% 8.871 0.014 2.197

Table 3.9: Disentanglement metrics on Sprites.

Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

MoCoGAN 63.12% 4.332 0.183 1.721
DSVAE 54.29% 3.608 0.374 1.657
R-WAE 71.25% 5.149 0.131 1.771
S3VAE 70.51% 5.136 0.135 1.760

C-DSVAE 81.16% 5.341 0.092 1.775

Table 3.10: Disentanglement metrics on MUG.

3.2.4 Experiments on Videos and Audios

We compare C-DSVAE with the state-of-the-art sequence disentanglement learn-

ing methods: FHVAE [284], MoCoGAN [337], DSVAE [285], S3VAE [327] and

R-WAE [316], with the same experimental setups used by them.

Datasets

Sprites [342] is a cartoon character video dataset. Each character’s (dynamic)

motion can be categorized into three actions (walking, spellcasting, slashing)

and three directions (left, front, right). The (static) content comprises of each

character’s skin color, tops color, pants color and hair color. Each color has six

variants. Every sequence is composed of 8 frames of RGB images with size

64 × 64.
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MUG [343] is a facial expression video dataset. The static factor corresponds to

a single person’s identity. Each individual performs six expressions (motion):

anger, fear, disgust, happiness, sadness and surprise. Following [337], each

sequence contains 15 frames of RGB images with size 64 × 64 (after resizing).

SM-MNIST ([344], Stochastic Moving MNIST) is a dataset that records the

random movements of two digits. Each sequence contains 15 gray scale images

of size 64 × 64. Individual digits are collected from MNIST.

TIMIT [345] is a corpus of read speech for acoustic-phonetic studies and speech

recognition. The utterances are produced by American speakers of eight major

dialects reading phonetically rich sentences. Following [284, 316], we extract per-

frame spectrogram features (with a shift size of 10ms) from audio, and segments

of 200ms duration (20 frames) are chunked from the original utterances and then

treated as independent sequences for learning. All datasets are separated into

training, validation and testing splits following [284, 327, 316].

Disentanglement Metrics

The quantitative performance measures all the models from two aspects: first, by

fixing either the static or dynamic factors and randomly sample the other, how

well the fixed factor can be recognized; and second, with the randomly sampled

factor, how different the generated sequence is from the original one. To this

end, we pretrain a separate classifier C to identify the static or dynamic factors

(if available). The classifier C is carefully trained with the full supervision and

thus qualifies as a judge.

We use five metrics to evaluate the disentanglement performance: accuracy,
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Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

MoCoGAN 74.55% 4.078 0.194 0.191
DSVAE 88.19% 6.210 0.185 2.011
R-WAE 94.65% 6.940 0.163 2.147
S3VAE 95.09% 7.072 0.150 2.106

C-DSVAE 97.84% 7.163 0.145 2.176

Table 3.11: Disentanglement metrics on SM-MNIST.

Methods content EER↓ motion EER↑

FHVAE 5.06% 22.77%
DSVAE 5.64% 19.20%
R-WAE 4.73% 23.41%
S3VAE 5.02% 25.51%

C-DSVAE 4.03% 31.81%

Table 3.12: Disentanglement metrics on TIMIT.

Inception Score, inter-entropy, intra-entropy and equal error rate. Accuracy (Acc)

measures how well the fixed factor can be identified by the classifier C.

Accuracy (Acc) measures how well the fixed factor can be identified by

the classifier C. Given an input sequence x1:T , the encoder would produce z1:T

and s. If we randomly sample from the prior instead of the posterior of s for

decoding/generation, the classifier C should still recognize the same motion

captured by z1:T while identifying different contents induced by the random s.

For example, in the Sprites dataset, if we randomly sample s from the prior and

fix z1:T , we should see the generated characters with different colors performing

the same action in the same direction.

Inception Score (IS ) computes the KL-divergence between the conditional

predicted label distribution p(y|x1:T ) and marginal predicted label distribution p(y)

from C, IS = exp(Ep(x)[KL[p(y|x)||p(y)]]). y is the predicted attribute such as color,
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action, expression, etc. p(y|x1:T ) is usually taken from the logits after the softmax

layer. p(y) is the marginalization across all the test samples, p(y) = 1
N

∑N
i=1 p(y|x).

Since we hope the generated samples to be as diverse as possible, IS is expected

to be high.

Inter-Entropy is similar to IS but measures the diversity solely on the

marginal predicted label distribution p(y), H(y) = −
∑

y p(y) log p(y). The higher

H(y) is, the more diverse generated sequences would be.

Intra-Entropy measures the entropy over p(y|x), H(y|x) = −
∑

y p(y|x) log p(y|x).

Lower intra-entropy means more confident predictions.

Equal Error Rate (EER) is only used in the TIMIT experiments for audio

evaluation. It means the common value when the false rejection rate is equal to

the false acceptance rate.

Hyperparameters and Architectures

As is commonly done in VAE learning [318], in (3.12) we add coefficients α to the

KL terms, β to the contrastive terms, while the coefficient γ of I(s; z1:T ) is fixed

to be 1. In our experiments, α is tuned over {0.6, 0.9, 1.0, 2.0} and β is tuned over

{0.1, 0.2, 0.5, 0.7, 1.0, 2.0, 5.0}. We use the Adam optimizer [186] with the learning

rate chosen from {0.0005, 0.001, 0.0015, 0.002} through grid search. Models are

trained until convergence and the one with the best validation accuracy would

be chosen for testing. Our network architecture follows [327]: motion priors and

posteriors are both parameterized by uni-directional LSTMs, which output µ and

σ at each time step for the dynamic factors, while the content posterior produces

µ and σ for the static factor of the whole sequence with a bi-directional LSTM.
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Quantitative Results

Tables 3.9, 3.10, 3.11, 3.12 demonstrate the disentanglement evaluations on the

datasets; ↑means the higher the value the better the performance, and ↓means

the reverse. In Table 3.9, we fix z1:T and randomly sample s from p(s) for the

evaluation. We observe that R-WAE, S3VAE, C-DSVAE can all deliver high accu-

racies in predicting a total of 9 classes (3 actions × 3 directions), but C-DSVAE

outperforms all the others. On the other hand, when we fix s and randomly sam-

ple z1:T , all the methods achieve near-perfect accuracies for predicting character

identities (and thus we do not show this result here). Similarly, in Table 3.10, we

evaluate the ability to maintain the facial expression by sampling s and fixing

z1:T . C-DSVAE outperforms R-WAE and S3VAE by over 10% relatively in the

prediction accuracy, and its intra-entropy is lower by 30% relatively. Table 3.11

measures how well the static factor s, which corresponds to one of the total 100

digit combinations, can be recognized when the dynamic factors are randomly

sampled (the dynamic factors are continuous and thus hard to be categorized).

While R-WAE, S3VAE, and C-DSVAE can all generate high-quality moving digits

(see Sec 3.2.4), C-DSVAE non-trivially outperforms the others on all metrics.

For TIMIT, we extract both the content factor (s, corresponds to the speaker

identity) and the dynamic factors (z1:T , correspond to the linguistic content)

for the sequences. And for each of them, we compute the cosine similarity

of representations between pairs of sequences, based on which we perform

thresholding to classify if the two sequences are produced by the same speaker.

Through varying the threshold, we compute the EER for the speaker verification

task [284, 285]. For a well disentangled latent space, we expect the EER on s

(content EER) to be low, while the EER on z1:T (motion EER) to be high. The EER
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Figure 3.9: Manipulate the static and dynamic factors on Sprites. Row 1, 2, 4 are the raw
test input sequences, while row 3, 5 are manipulated generations. Left panel: Row 3
uses s from row 1 and z1:T from row 2. Row 5 uses s from row 1 and z1:T from row 4.
Right panel: Row 3 uses z1:T from row 1 and s from row 2. Row 5 uses z1:T from row 1
and s from row 4.

Figure 3.10: Row 1, 2, 4, 6, 8 are the raw test input sequences. Left: For row i (i is odd
and i > 1), s is set to be the same as the s from row 1, while z1:T of each row is retained.
Right: For row i (i is odd and i > 1), z1:T is set to be the same as the z1:T from row 1, while
s of each row is retained.

results are given in Table 3.12. Compared with the previous SOTA by R-WAE,

C-DSVAE reduces the content EER by over 10% relatively.
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Figure 3.11: The random generations of contents and motions. Left: z1:T from row 1 is
fixed and s is sampled from p(s) for other rows. Right: s from row 1 is fixed and z1:T is
sampled from p(z1:T ) for other rows.

(a) C-DSVAE (b) S3VAE

Figure 3.12: Fix the facial expression on MUG. Row 1, 2, 4 are the raw test sequences with
different facial expressions. We replace z1:T of row 2, 4 with z1:T of row 1 and compare the
performance of C-DSVAE and S3VAE. Hence row 3, 5 are expected to display happiness
as well. Our C-DSVAE’s generations are clean and sharp, while S3VAE produces blurred
sequences (zoom in to see the details).

Qualitative Results

We now compare different methods qualitatively with the following tasks: given

the extracted static factor s and dynamic factors z1:T , we fix one of them and

manipulate the other to see if we can observe the desired variations in the

generated sequences.

Sprites Figure 3.9 gives example generations for Sprites. We observe that the

character identities are well preserved when we fix s (left) and the motion is well
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(a) Fix the content. Row 1, 3, 5, 7 use the same s. Meanwhile, they also take z1:T from the
previous row for generation. The person identity is well-preserved with different expressions.

(b) Fix the motion. Row 1, 3, 5, 7 use the same z1:T . Meanwhile, they also take s from the
previous row for generation. All the faces have the same expression and the identity is
consistent with the previous row.

Figure 3.13: Fix either the static or dynamic factors and replace the other.

maintained when we fix z1:T (right), demonstrating the clean disentanglement

by C-DSVAE. We show more experiments of fixing one factor and replacing the

other on Sprites in Figure 3.10. In addition, Figure 3.11 shows the generated

sequences when the factors are sampled from the priors (either static or dynamic

factors).
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(a) C-DSVAE (b) R-WAE

Figure 3.14: Fix the movement and replace the digits. Row 1, 2, 4 are input test sequences
with different digits and movements. Row 3, 5 use z1:T from row 1 while retaining their
own s. The sequences generated by C-DSVAE are clean and consistent, while R-WAE
sometimes produces blurred or incorrect digits.

MUG Figure 3.12 compares the generated sequences when the motion (facial

expression) is fixed for C-DSVAE and S3VAE on MUG. We replace z1:T for each

input sequence with the one from the first row, and therefore the generated

sequences are expected to have the smiling expression. C-DSVAE and S3VAE

both generate recognizable smiling faces and preserve the individual’s identity,

but the sequences generated by S3VAE have blurs and are less sharp. Figure 3.13

shows the generated sequences when we fix either the motion or content factors.

In Figure 3.13a, the person identity is consistent with row 1 but has the same

expression as the previous row. In Figure 3.13b, the person identity is consistent

with the previous row but all with the same expression as row 1.

SM-MNIST In Figure 3.14, we fix the digit movements and take the content

(digit identities) from various other sequences. Entangled factors might cause

the extracted z1:T to carry information of s. Row 3 of Figure 3.14b shows such an

example produced by R-WAE where the motion factor of one digit carries the

content information of “9” from row 1.
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Figure 3.15: Generate different contents. For every two rows separated by the red lines,
the first row is from the test set and the second row inherits the dynamic factors z1:T from
the first row, while samples s from prior p(s). As a result, the same motion is preserved
with different digits.

Note that S3VAE and R-WAE are both capable of generating recognizable

videos, which is validated by our classifier Cwith good accuracies. Nevertheless,

the results here show that C-DSVAE can learn better disentangled factors for the

high-quality generation.

Figure 3.15 generates random digits from p(s) to replace the content from the

raw test input sequences. The motions are well-preserved while the contents are

totally different.

On the other hand, Figure 3.16 preserves the content digits and randomly

sample p(z1:T ). The motions of the digits then become different.

Another interesting generation task is swapping, as shown in Figure 3.17.

Given two input sequences, we exchange their dynamic and static factors.
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Figure 3.16: Generate different motions. For every two rows separated by the red lines,
the first row is from the test set and the second row inherits the static factor s. z1:T is
sampled from the prior p(z1:T ). As a result, the same digits are preserved with different
movements.

Ablation Study on Estimation Methods

Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

DSVAE 54.29% 3.608 0.374 1.657
DSVAE+all MWS est 66.25% 4.796 0.175 1.743

C-DSVAE 81.16% 5.341 0.092 1.775

Table 3.13: Compare MWS and contrastive estimation of I(s; x1:T ) and I(z1:T ; x1:T ) on
MUG. “all MWS est” means that C-DSVAE optimizes MI terms all estimated by MWS
rather than the contrastive estimation.

Our C-DSVAE estimates I(s; x1:T ), I(z1:T ; x1:T ) with contrastive learning and

I(s; z1:T ) with MWS. To further demonstrate the advantage of the contrastive

estimation, we compare it with the model with MWS estimations on all the MI

terms including I(s; x1:T ), I(z1:T ; x1:T ). Table 3.13 and 3.14 give the observations.

With all MWS estimations, the performance would drop heavily.

These results help support the claim that the inductive biases brought by
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Figure 3.17: Swap the static and dynamic factors. For every 4 rows separated by the red
line, row 1 and row 3 are the raw test sequences with different contents and motions.
Row 2 takes s from row 3 and z1:T from row 1. Row 4 takes s from row 1 and z1:T from
row 3. We present 2 such swapping sets: row 1∼4, row 5∼8.

training time training time

Figure 3.18: Learning curves of the MI terms (estimated by MWS) between latent factors
and the input sequences, when the training uses either MWS or the contrastive estimation
for the MI terms. Though learning with different estimation methods, the MI curves for
the two estimation methods are close to each other. Left: Sprites. Right: TIMIT.

contrastive learning might contribute more to the good performance than the

MI estimation. Also note that contrastive learning works well when the goal of

learning is to maintain some invariance between different views. For other MI

estimation tasks, contrastive learning might not be the best option.
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Figure 3.19: Interpolation in the latent space. For every 5 rows separated by the red line,
the first and last rows have different contents s, but share the same motion. The 3 rows
in between keep the same motion but their s’s linearly interpolate between row 1 and
row 5. One can observe that the content transition is smooth, while the motion is intact.

Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

DSVAE 88.19% 6.210 0.185 2.011
DSVAE+all MWS est 91.81% 6.312 0.205 2.107

C-DSVAE 97.84% 7.163 0.145 2.176

Table 3.14: Compare MWS and contrastive estimations of I(s; x1:T ) and I(z1:T ; x1:T ) on
SM-MNIST.

Interpolation in Latent Space

To further show our learnt latent space is smooth and meaningful, we linearly

interpolate between 2 content factors corresponding to different digit pairs and

generate the sequences. In Figure 3.19, one can see that the transition from one

content to another is smooth. In the first example, (“5”, “4”) gradually changes

to (“8”, “8”). In the second example, (“0”, “2”) gradually changes to (“9”, “1”).
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batch size content EER↓ motion EER↑

64 4.21% 30.23%
128 4.07% 31.42%
256 4.03% 31.81%

Table 3.15: Performance with different batch sizes on TIMIT.

While “2” transforms to “1”, it first becomes “7” and its font gets slimmer.

Sensitivity Analysis on Batch Size

In Table 3.15, we show how different batch sizes would affect the evaluation

performance on TIMIT. Batch size 256 gives the best numbers.

Other analysis

As mentioned in Sec 3.2.2, we attempt to estimate the MI terms using either

MWS or the contrastive estimation with augmentations. In Figure 3.18, we

show the MWS estimation of I(s; x1:T ) improves when the C-DSVAE training

objective optimizes the contrastive estimation of I(s; x1:T ). This means the con-

trastive estimation could be a surrogate for MI in generative models, and its

additional inductive bias can be a main contributor to the superior performance

(see section 3.2.4 for quantitative comparisons).

Regarding the augmentations, it is intuitive to adopt both the content augmen-

tation and the motion augmentation. Having both of them can not only boost the

learning of the dynamic or static factors, but also improves the disentanglement.

Adding only one of them could lead to unbalanced or entangled representation

learning. As shown in Table 3.16, content augmentation alone can improve the
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(a) Sprites (b) TIMIT

Figure 3.20: The mutual information I(s; z1:T ) estimated by MWS decreases during the
training even if we don’t include I(s; z1:T ) in the objective.

(a) SM-MNIST (b) MUG

Figure 3.21: The mutual information I(s, x1:T ) estimated by MWS increases during the
training, demonstrating the effectiveness of the contrastive estimation.

accuracy by 3.8%, and motion augmentation alone can improve the accuracy

by 7.1%. Two augmentations together can bring a gain of 9.1%. Similarly, in

Table 3.17, though adding only content augmentation or motion augmentation

can outperform DSVAE, combining them leads to the largest gain.

Figure 3.20a demonstrates the curve of MI I(s; z1:T ) during training on Sprites

when we don’t include I(s; z1:T ) in the objective function. We estimate I(s; z1:T )

using the Minibatch Weighted Sampling (MWS) estimation (though not opti-
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Table 3.16: Ablation study of the augmentations on SMMNIST.

Methods Acc↑ IS↑ H(y|x)↓ H(y)↑

DSVAE 88.19% 6.210 0.185 2.011
C-DSVAE w/o content aug 92.02% 6.360 0.184 2.083
C-DSVAE w/o motion aug 95.25% 6.471 0.175 2.093

C-DSVAE 97.84% 7.163 0.145 2.176

Table 3.17: Ablation study of the augmentations on TIMIT.

Methods content EER↓ motion EER↑

DSVAE 5.64% 19.20%
C-DSVAE w/o content aug 5.09% 24.30%
C-DSVAE w/o motion aug 4.31% 31.09%

C-DSVAE 4.03% 31.81%

mized directly). The curve increases in the early stage of training, implying

that while learning useful representations for reconstruction, disentanglement is

compromised in the early stage. But as the training continues, the model picks up

the disentanglement terms besides the reconstruction. Figure 3.20b demonstrates

the same experiment on another dataset TIMIT.

We show in Figure 3.21 that, the contrastive estimation could boost I(s; x1:T )

during training. Our training process optimizes the contrastive estimation, but

as we can see in the figure, the MI term I(s; x1:T ) estimated by MWS also increases

accordingly.

3.2.5 Discussion

In this work, we introduce Contrastively Disentangled Sequential Variational

Autoencoder (C-DSVAE) to learn disentangled static and dynamic latent factors

for sequence data without external supervision. Our learning objective is a
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novel ELBO derived differently from prior works, and naturally encourages

disentanglement. C-DSVAE uses contrastive estimations of the MI terms to

further inject the inductive biases. Our method achieves the state-of-the-art

performance on multiple datasets, in terms of the disentanglment metrics and

the generation quality. In the future, we plan to extend C-DSVAE to other

domains, such as text, biology, agriculture and weather prediction. We will also

improve our model’s ability to capture long-range dependencies.

3.3 Self-supervision with Supervision: Joint Unsupervised and

Supervised Training for Multilingual ASR

3.3.1 Introduction

Self-supervised learning is an effective method in unveiling the useful and

general latent representations from large-scale unlabeled data. It is often adopted

to pretrain a sequence-to-sequence model and facilitate downstream tasks [91,

123, 346]. In speech recognition, recent works have shown successes of the two-

stage pretrain-finetune schemes [237, 347, 348, 349, 350]. Pretrained models can

greatly reduce the sample complexity for downstream finetuning. For instance,

finetuning wav2vec 2.0 (w2v2) pretrained on 60k hours with only 1h labeled

data can outperform most fully supervised models [37].

While self-supervised learning has been successful for sequence modeling,

some concerns have also been raised. For example, finetuning a pretrained model

is prone to catastrophic forgetting [140, 351]. The model might forget the previ-
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ously learnt knowledge when trained with supervision, particularly when the

supervised set is large. Another concern is the pretrained checkpoint selection.

The downstream performance varies from one checkpoint to another, and the

one pretrained longer may not be the best one. These issues are even more severe

in multilingual ASR, since different languages are often heterogeneous and the

corpus is often imbalanced. In Multilingual LibriSpeech (MLS) [121], English has

up to 44k hours while Polish only has 100 hours. Most existing methods tackle

multilingual ASR from 2 directions. The first direction is transfer learning from

a source multilingual corpus to a target low-resource multilingual dataset. In

[7], the work first trains the model on Google’s 15-language VoiceSearch (VS)

traffic and then uses it to seed the transfer learning on MLS. Even though some

languages in MLS are not included in VS, the model can deliver satisfactory

WERs on those low-resource languages, demonstrating its generalization ca-

pability. However, such transfer learning requires massive supervised source

corpora which may not be easily accessible. Another direction is to learn useful

representations through pretraining and perform finetuning with supervision,

similar to monolingual ASR. [352] explores the unsupervised pretraining us-

ing cross-lingual language modeling and [353] investigates the cross-lingual

transfer of phoneme features. XLSR [354] builds on w2v2 and pretrains the

model on 53 languages using the self-supervised losses. XLSR also stands for the

state-of-the-art (SOTA) on MLS dataset.

In this work, we introduce a novel Joint Unsupervised and Supervised Train-

ing (JUST) method for multilingual ASR, to reconcile the unsupervised and

supervised losses synergistically. JUST includes two self-supervised losses, con-

trastive loss [37] and MLM loss [91], together with a supervised RNN-T loss

[355]. Our model architecture inherits from w2v-bert [349], a novel variation

145



of w2v2. The outputs from w2v-bert are passed to the decoder and produce

the RNN-T loss. We explore two types of learning with JUST: 1) JUST trained

from scratch, and 2) JUST finetuned from a pretrained checkpoint. We compare

these 2 settings with XLSR and other standard baselines. Experiments show that

JUST can consistently outperform other SOTA and baselines. For instance, on 8

languages from MLS, JUST improves over XLSR by 30% on average.

3.3.2 Related Work

Early works adopted joint training to learn robust and transferable represen-

tations. In NLP, [356] proposes joint training for machine translation. [357]

suggests multiple pretraining objectives for domain-adaptive applications. In

speech, PASE [268] jointly solves multiple self-supervised tasks to learn general

representations. More recent research found the joint training with both super-

vised and unsupervised losses can directly optimize the ASR performance. [358]

alternatively minimizes an unsupervised masked CPC loss and a supervised

CTC loss [32]. This single-stage method is shown to match the performance of

the two-stage w2v2 on the Librispeech 100-hours dataset. Similarly, UniSpeech

[359] optimizes a combination of phonetic CTC loss and contrastive loss. To

further increase the quantizer codebook usage, UniSpeech randomly replaces

contextual representations with quantized latent codes. [360] also designs a

similar hybrid multitask learning to train acoustic models under low-resource

settings, comprising of supervised CTC, attention and self-supervised reconstruc-

tion losses. Similarly, [361] combines self- and semi-supervised learning methods

for online ASR model. These methods only contain one self-supervised loss in

their optimization and often tackle with speech recognition in the phoneme level
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Figure 3.22: An overview of our JUST framework. Feature encoder, contrastive net, MLM
net and decoder are stacked sequentially. The output of each module constitutes a loss
in the objective function. Target vectors and ids in the blue boxes are for unsupervised
losses. Supervised targets in the grey box are for RNN-T loss.

[359, 360]. JUST incorporates two self-supervised losses (contrastive and MLM

losses), and replaces the CTC loss with an RNN-T loss. RNN-T extends CTC with

a prediction network to simulate the effect of LM and has been widely adopted

in prior multilingual ASR systems [7]. Furthermore, unlike [268, 360] where each

of the multiple tasks has its own branch, JUST computes different losses simply

using the intermediate outputs from different layers (Fig. 3.22).
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3.3.3 JUST Method for Multilingual ASR

Our JUST framework is comprised of multiple modules for unsupervised and

supervised losses. All modules (except for the quantizer) are stacked sequentially

and each reads the output from the previous module. We will elaborate on them,

along with the losses, in the following sections. Fig. 3.22 presents an overview.

Feature encoder

The feature encoder converts the original log-mel filter bank features {xi}
L
i=1 to

the latent speech representations {zi}
T
i=1 for T time steps. T is smaller than the

original length L due to time reduction. Unlike [37] where seven blocks of CNN

are used, JUST only has two CNN blocks both with filter size 3×3 and strides (2,

2), the same as [347]. One can also view the feature encoder as a convolutional

subsampling, with 4x reduction in the feature dimensionality and sequence

length.

Quantizer

JUST adopts a complex quantization mechanism [37]. After the abstraction of

the original inputs through feature encoder, the latent representations {zi}
T
i=1 are

passed to a quantizer (without any masking). The goal of the quantizer is to

“summarize” all the latent speech representations to a finite set (referred to as

a codebook) of representative discriminative speech tokens {e j}
V
j=1 where V is

the size of the codebook. The codebook in the quantizer stores all these tokens

and each latent representation from the feature encoder is mapped to a token

index corresponding to a token in the codebook, through Gumbel softmax [362]
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which enables differentiation of discrete codebook selection. JUST uses a single

codebook rather than multiple ones [37]. All the tokens in the codebook are

learnable during training. Quantizer module generates target quantized vector

(token) qi and target id (token index) yi for each zi, where qi ∈ {e j}
V
j=1, yi ∈ [1...V].

To encourage the use of the codebook, [37] introduces the entropy-based diversity

loss Ld. We include it in JUST as well.

Contrastive net

The outputs of feature encoder {zi}
T
i=1 are not only used for quantization, but also

fed into the contrastive net after masking. For masking, some zi’s are randomly

chosen and replaced with random vectors. Contrastive net reads zi of all time

steps (either masked or unmasked) and outputs contrastive context vectors

{ci}
T
i=1 for deriving contrastive self-supervised loss. Contrastive net is a stack

of Conformer blocks [87], each with multi-headed self-attention, depth-wise

convolution and feed-forward layers. To derive the contrastive loss Lc, for

anchor ci, we take qi as the positive sample and K negative samples/distractors

{q̃i}
K
i=1 uniformly sampled from q j of other masked z j’s in the same utterance:

Lc = − log
sim(ci, qi)

sim(ci, qi) +
∑K

j=1 sim(ci, q̃ j)
(3.15)

where sim(a, b) is the exponential of the cosine similarity between a and b.

MLM net

We further boost the contextualized representation learning through a masked

prediction task with the quantizer. The inputs of MLM net are {ci}
T
i=1 from

contrastive net. Similar to contrastive net, MLM net is also a stack of Conformer
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Method External data en de nl fr es it pt pl Avg Avg (w/o en)

Monolingual [121] - 6.76 7.10 13.09 6.58 6.68 11.78 20.52 21.66 11.8 12.5
+ 5-gram LM [121] - 5.88 6.49 12.02 5.58 6.07 10.54 19.49 20.39 10.8 11.5

XLSR-53 [354] Y - 7.0 10.8 7.6 6.3 10.4 14.7 17.2 10.6 10.6
B0 (random init.) [7] Y 6.1 5.5 11.9 6.9 5.8 11.9 16.2 15.4 10.0 10.5
B0 (15-language model
init.) [7]

Y 6.6 5.0 11.1 6.1 4.7 10.1 15.5 10.9 8.8 9.1

E3 (15-language model
init.) [7]

Y 5.8 4.3 9.9 4.9 4.2 8.8 15.2 10.4 7.9 8.2

JUST (β = 0) N 6.9 5.5 10.3 6.0 4.1 9.3 9.4 11.3 7.8 8.0
w2v2 Pretrain (Lc+αLd)
+ pure Finetune (Ls)

N 6.8 4.7 10.3 5.8 4.1 9.9 12.6 12.1 8.3 8.5

w2v-bert Pretrain (Lu) +
pure Finetune (Ls)

N 6.6 4.3 9.9 5.0 3.8 9.1 14.6 8.1 7.7 7.8

w2v-bert Pretrain (Lu) +
JUST Finetune (L)

N 6.6 4.2 9.5 5.0 4.0 9.0 15.1 7.6 7.6 7.8

w2v2 Joint Training
(Ls+β(Lc+αLd))

N 6.7 4.6 9.9 5.7 4.1 8.9 9.3 9.8 7.4 7.5

JUST (L) N 6.8 4.6 9.9 5.7 3.9 9.1 8.6 9.1 7.2 7.3
JUST (L) + pure Fine-
tune (Ls)

N 6.5 4.1 9.5 5.2 3.7 8.2 8.0 6.6 6.5 6.5

Table 3.18: WER(%) results on MLS for different methods. JUST-based methods greatly
outperforms the compared baselines. XLSR-53 used external unsupervised data for
pretraining. B0 and E3 used external supervised data. Our JUST did not use any external
data.

blocks. We denote the outputs of MLM net as {mi}
T
i=1, which are high-level context

vectors. Each mi is used for token id prediction through a linear layer. The

predicted id ŷi ∈ [1..V] is compared with the target token id yi from the quantizer,

by the standard cross-entropy loss Lm.

Together with Ld and Lc, the unsupervised loss is computed as:

Lu = Lc +Lm + αLd (3.16)

α is set to 0.1, following [349].

Decoder

The decoder of JUST is a 2-layer RNN Transducer. {mi}
T
i=1 are passed through

Swish activation, batch normalization, and finally fed into the decoder. The
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Method Ext. en de nl fr es it pt pl Avg Avg (w/o en)

JUST (β = 0) N 6.9 5.5 10.3 6.0 4.1 9.3 9.4 11.3 7.8 8.0
JUST (β = 0.03) N 7.4 5.0 10.3 6.3 4.3 9.3 9.1 8.7 7.5 7.6
JUST (β = 0.05) N 6.8 5.2 9.9 5.7 4.4 9.4 8.8 9.3 7.4 7.5
JUST (β = 0.07) N 6.8 4.6 9.9 5.7 3.9 9.1 8.6 9.1 7.2 7.3
JUST (β = 0.1) N 6.8 5.8 10.0 5.8 4.1 10.3 8.6 9.7 7.6 7.8

Table 3.19: Weight sensitivity study on β. When β = 0.07, the unsupervised loss is
roughly the same as the supervised loss, which means balancing the unsupervised and
supervised losses can be critical in joint training.

output vocabulary of the decoder is a unified grapheme set pooled from all the

8 languages in MLS. RNN-T loss is used in this work as the supervised loss,

denoted by Ls. Our final objective function is simply the combination of Lu and

Ls:

L = Ls + βLu (3.17)

β is a trade-off weight. L is optimized via Adam [186].

3.3.4 Experiments

Dataset

MLS dataset [121] is used as the benchmark in our experiments. It is derived

from read audiobooks of LibriVox. There are 8 languages (namely English (en),

German (de), Dutch (nl), French (fr), Spanish (es), Italian (it), Portuguese (pt)

and Polish (pl)), with 44.5k hours of English and 6k hours for other languages

combined. Some low-resource language like Polish only has 100 hours. Each

utterance is 10-20 seconds long.
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Training details

Architecture The inputs are 80-d filter bank features. Feature encoder has 2

convolutional layers with filter size (3,3), strides (2,2). The two layers have 128

and 32 channels respectively. Contrastive net consists of 8 Conformer blocks,

each with hidden dimensionality 1024, 8 attention heads and convolution kernel

size 5. MLM net consists of 16 Conformer blocks with the same configuration.

Our decoder uses a 2-layer 768-d LSTM-based RNN-T with 3072 hidden units.

{ci}
T
i=1 from contrastive net and {mi}

T
i=1 from MLM net are used in computing

self-supervised losses after layer normalization. Our codebook has size V=1024,

with each token of length 1024.

Masking To mask {zi}
T
i=1, we randomly sample 6.5% of all time steps and replace

each of the selected time steps and its subsequent 10 time steps with random

normal vectors (from N(0, 0.1)). Some spans might overlap.

Hyperparameters We train JUST with batch size 1024 on 64 TPUs. Adam

optimizer is employed with β1 = 0.9, β2 = 0.98 for training. Our global learning

rate schedule is the same as [349] but with warm-up steps 5000 and peak learning

rate 4e-4. The decoder uses a separate schedule rather than the global one, with

1500 warm-up steps and peak learning rate 7e-4. We set α = 0.1 following prior

works [347, 349] and β = 0.07 via tuning with grid search.

Evaluation We show the WER for each language, as well as the average WER

with or without en included.

152



Compared methods

We compare JUST with several baselines. MLS paper [121] provides competi-

tive monolingual baselines without any LM and with a 5-gram LM. Using LM

improves the monolingual performance. XLSR [354] pretrains a w2v2 on 53

languages from MLS, CommonVoice and BABEL, and finetunes the model on

MLS. XLSR finetuned on the full set of MLS can outperform some low-resource

monolingual baselines like it, pt, pl, but not all (Table 3.18). We also include

transfer learning models, B0 and E3, from [7], which used heavy supervision

from external VoiceSearch (VS) dataset containing 15 languages. Both B0 and

E3 are first trained on VS with supervision and then finetuned on MLS. B0 is a

smaller model with 370M parameters and E3 is a larger model with 1B parame-

ters. We also include a B0 model trained from scratch for comparison. Besides

these existing baselines from literature, we further train a w2v-bert model from

scratch on MLS (JUST with β = 0), and a two-stage pretrain-finetune w2v-bert

model on MLS without any external data.

Results

For JUST, we either train it from scratch on MLS, or jointly finetune it from a

pretrained checkpoint on MLS where the pretraining phase would only optimize

the unsupervised loss. Note that compared to XLSR, our pretraining would

incorporate more self-supervised losses. Our JUST has 600M parameters, which

is roughly the same scale as B0, XLSR but much smaller than E3.

Average WER On the average WER of all 8 languages, all JUST-based methods

outperform previous works. In particular, JUST (with β = 0.07) outperforms the
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Figure 3.23: Top: Comparison between using local attention with left/right context size
128, and using global attention. Global attention clearly boosts the performance. Middle:
For JUST finetuning, we either allow the codebook to be updated, or to remain fixed
during the whole finetuning. They deliver similar results. Bottom: The average WERs
of JUST finetuning (β = 0.01) from different checkpoints. The checkpoint with smaller
unsupervised loss may not lead to the best finetuning results.

monolingual baseline with 5-gram LM by 33.3%, XLSR-53 by 32.0%, B0 by 18.2%,

E3 by 8.8%. Note that E3 is a transfer learning method with much larger size and
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heavy external supervision. JUST’s improvement over E3 validates the effective-

ness of our architecture and joint training scheme. If we exclude English WER

and compare other languages as in XLSR [354], JUST outperforms monolingual,

XLSR-53, B0, E3 by 36.5%, 31.1%, 19.8%, 11.0% respectively. Compared to JUST

with β = 0, JUST with joint training improves the average WER (w/o en) by 7.7%

(8.8%). To show the necessity of MLM loss in joint training, we further include

the results of w2v2 joint training with the objective Ls+β(Lc+αLd). JUST still

performs better on the average WERs and low-resource es, pl, pt.

Low-resource languages JUST improves WERs for low-resource languages such

as pl, pt. On pl, JUST’s WER is less than half of the monolingual WER baseline

and roughly half of XLSR’s WER. On pt, JUST’s WER is at least 40% lower than

any of XLSR, B0 or E3, which is significant.

JUST finetune Two finetuning schemes are attempted. First, we take a pretrained

checkpoint trained with Lu, and finetune it with JUST objective L. Compared

to w2v2 Pretrain+pure Finetune (no MLM loss), it improves on all languages

except pt. Compared to w2v-bert Pretrain+pure Finetune (with MLM loss), it

also improves on de, en, fr, it, nl, pl. It is interesting to compare JUST and JUST

Finetune on pt, pl. Different training schemes lead to different quantized tokens

and cause the discrepancy. Empirically, JUST from scratch can better facilitate

the low-resource languages and reduce WER of each language to below 10. For

JUST finetuning, we set β = 0.01 to de-weight the unsupervised loss instead of

matching with the supervised loss. Second, we take a checkpoint from JUST

trained from scratch, and finetune it with only supervised loss Ls. It achieves the

best average WER, further improving the average WER (w/o en) of JUST by 10%

(11%). On de, es, it, nl, pl, pt, this scheme outperforms all compared methods

155



and remains competitive on other languages.

β sensitivity Table 3.19 also includes the sensitivity study on β. When β = 0.07,

the unsupervised and the supervised losses are balanced, resulting in the best

performance.

Attention We compare two attention mechanisms for JUST from scratch: a local

attention mechanism with both left and right context 128, and a global attention

mechanism with full context. The results are shown in Fig. 3.23. Global attention

clearly outperforms local attention on all languages.

Codebook Original w2v2 doesn’t update codebook in the finetuning phase.

JUST finetuning, however, keeps the unsupervised loss and could further update

the codebook. We compare the performance with learnable or fixed codebook

during JUST finetuning (β = 0.01), and find their results are close (Fig. 3.19).

This implies that fixing codebook in JUST finetuning would not degrade the

performance. In practice, we also find larger β would bias the updates to the

codebook, leading to worse results.

Pretrained checkpoints Different checkpoints can lead to different downstream

performance. The later checkpoints do not necessarily lead to better downstream

WERs. To verify this, we finetune multiple pretrained checkpoints and evaluate

their finetuning quality. The rightmost subfigure from Fig. 3.23 shows the con-

stantly descending unsupervised loss Lu, while the downstream average WERs

don’t follow the same trend.
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3.3.5 Discussion

This work introduce a novel uniform multilingual ASR system for the end-to-

end speech recognition on multiple languages. Our method, JUST, is composed

of a contrastive module for learning discrete speech representations and an

MLM module that performs a masked language modeling task. JUST jointly

optimizes the unsupervised contrastive loss and MLM loss, together with the

supervised RNN-T loss. Compared to the prevalent two-stage pretrain-finetune

models, JUST-based methods can guide the whole training process with the

unsupervised and supervised losses jointly. JUST’s performance is validated

on a public multilingual ASR dataset, MLS, and outperforms the monolingual

baselines, a SOTA two-stage pretrain-finetune model XLSR, and the latest transfer

learning methods, proving the effectiveness of joint training. On low-resource

languages, our JUST and its variants can consistently bring gains and boost

performance. In the future, we will investigate how the objective function affects

the codebook learning, and also explore the joint training with more languages

and other unsupervised losses, as well as the tradeoff between unsupervised and

supervised components.
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CHAPTER 4

CONCLUSION

In this thesis, I focus on two main areas of sequence learning, supervised

sequence learning for structured data, and self-supervised learning on sequence data.

Both extend the frontiers of sequence learning and address real-world challenges.

First, I demonstrate sequence learning techniques for processing structured

data, especially graph data, with regard to three scenarios: sequence-on-graph,

graph-to-sequence, and sequence-to-graph. In sequence-on-graph learning, each

node of the graph has dynamic changes across time, while the graph connections

remain fixed. Each node thus can be viewed as a sequence on graph, and the

edges connect these sequences. We propose a GNN-RNN framework to first

extract the graph information and then sequentially encode the dynamics. The

GNN-RNN framework is successfully applied to the county-level crop yield

prediction task for most counties for the continental US. In graph-to-sequence, a

given graph has an associated sequence property. Different graphs could have

different properties. We adapt the sequence-to-sequence model for this case and

introduce a fully attentional model for graph encoding and sequence decoding.

The encoder learns attentions for the input nodes and the decoder is based on

transformer. The novel method, Xtal2DoS, achieves state-of-the-art prediction

performance on density of sates. In sequence-to-graph, we explore the underly-

ing label structure behind input sequences for multi-label classification in data

domains such as text and biology. Labels are represented by embeddings, and

their inner-products implicitly form a latent closeness graph to capture the label

correlations for prediction. These three scenarios illustrate the generalizability of

supervised sequence learning for various types of problems.
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The second part of my thesis discusses self-supervised sequence learning,

which is suitable for settings where labeled data is scarce or unavailable. It can

also complement supervised learning when labels are available but insufficient.

While most existing works concentrate on pretraining with self-supervision, I

show the versatility of self-supervision in latent structure enforcement, sequence

disentanglement, and compatibility with supervision. For pretraining, we de-

sign a mutual information based self-supervised learning model, DAPC, which

can recover the latent space of noisy dynamical systems, extract predictive fea-

tures for forecasting tasks, and improve automatic speech recognition when used

to pretrain the encoder on unlabeled data. For disentanglement, we illustrate

that self-supervision can effectively separate the static and dynamic factors for

sequence data when appropriately combined with augmentations. Our pro-

posed disentangled sequence model stems from VAE and contrastive learning,

and excels in terms of disentanglement metrics and audio/video generation

quality, without the need of any supervision. Moreover, we show that the joint

training with both self-supervision and supervision can exceed the pure super-

vised learning model in multilingual ASR. The resulting model, JUST, optimizes

for both unsupervised and supervised loss simultaneously, to overcome the

catastrophic forgetting and checkpoint selection challenges from the traditional

two-stage training. JUST surpasses all the prior baselines in the latest large-scale

multilingual corpus. In general, I explore the diverse uses of self-supervision

and showcase its capabilities in a wide range of applications in this research

direction.

In the future, I will keep exploring the possibilities of self-supervision, as well

as the ways to exploit the hidden structures found in the sequence data. I hope to

expand these techniques to more real-world domains including multi-modality
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learning, causal inference and reinforcement learning.

My research journey was made possible through the Institute for Compu-

tational Sustainability and I want to thank again my amazing collaborators

including the teams at the Joint Center for Artificial Photosynthesis at Caltech,

the Cornell Lab of Ornithology, the Gulf of Maine Research Institute and the

Atkinson Center for Sustainable Future. I’m also glad to see some of my research
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APPENDIX A

APPENDIX FOR CHAPTER 2

A.1 Contrastive Learning Module

A.1.1 Connection with Triplet Loss

Triplet loss [363] is one of the popular ranking losses used in multi-label learning

[240].

Given an anchor embedding v f
x , a positive embedding v+ and a negative

embedding v−, they form a triplet (v f
x , v+, v−). A triplet loss is defined as

Ltrip(v f
x , v+, v−)

=max{0, g + dist(v f
x , v+) − dist(v f

x , v−)}
(A.1)

where g is a gap parameter measuring the distance between (v f
x , v+) and (v f

x , v−),

and dist(·, ·) is a distance function. This hinge loss Ltrip encourages fewer viola-

tions to “positive>negative” ranking order. Let τ = 1/2. With the same triplet,

we can write down a contrastive loss

LCL(v f
x , v+, v−)

= − log
exp(2 · v f

x · v+)∑
t∈{+,−} exp(2 · v f

x · vt)

= log(1 +
exp(2 · v f

x · v−)

exp(2 · v f
x · v+)

)

≈1 + (2 · v f
x · v− − 2 · v f

x · v+)

=1 + (−v f
x · v

f
x + 2v f

x · v− − v− · v−

+ v f
x · v

f
x − 2 · v f

x · v+ + v+ · v+)

=||v f
x − v+||2 + ||v f

x − v−||2 + 1

(A.2)
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Note that in the second to the last equation, v+ and v− have the same norm due

to the normalization in our contrastive learning module.

By setting dist(·, ·) to commonly used ℓ2 distance and g = 1, Eq. A.2 is a fair

approximation of Eq. A.1. Therefore, triplet loss can be viewed as a special case

of contrastive loss. In contrastive loss, embeddings are normalized and more

positives/negatives are available. As shown in [235], contrastive loss generally

outperforms triplet loss.

A.1.2 Gradients of Contrastive Loss

Recall our contrastive loss:

LCL =
∑

(x,y)∈B

1
|P(y)|

∑
p∈P(y)

− log
exp(v f

x · vl
p/τ)∑

t∈A exp(v f
x · vl

t/τ)
(A.3)

For the illustration purpose, we only consider one sample (x, y) instead of one

batch:

LCL =
1
|P(y)|

∑
p∈P(y)

− log
exp(v f

x · vl
p/τ)∑

t∈A exp(v f
x · vl

t/τ)
(A.4)

Define N(y) ≡ A \ P(y). We now derive the gradients w.r.t. v f
x .

∂LCL

∂v f
x

=
1

τ|P(y)|

∑
p∈P(y)

(
∑

t∈A vl
t exp(v f

x · vl
t/τ)∑

t∈A exp(v f
x · vl

t/τ)
− vl

p)

=
1

τ|P(y)|

∑
p∈P(y)

(
∑

t∈P(y) vl
t exp(v f

x · vl
t/τ)∑

t∈A exp(v f
x · vl

t/τ)
+

∑
t∈N(y) vl

t exp(v f
x · vl

t/τ)∑
t∈A exp(v f

x · vl
t/τ)

− vl
p)
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=
1
τ

∑
t∈P(y) vl

t exp(v f
x · vl

t/τ)∑
t∈A exp(v f

x · vl
t/τ)

+

1
τ

∑
t∈N(y) vl

t exp(v f
x · vl

t/τ)∑
t∈A exp(v f

x · vl
t/τ)

−

1
τ|P(y)|

∑
p∈P(y)

vl
p

=
1
τ

[
∑

t∈P(y)

vl
t(

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)
−

1
|P(y)|

)+

∑
t∈N(y)

vl
t

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)

]

Further, we have the unnormalized feature embedding w f
x , v f

x =
w f

x

||w f
x ||

.

∂v f
x

∂w f
x

=
1

||w f
x ||

(I −
w f

xw f
x

T

||w f
x ||

2
) =

1

||w f
x ||

(I − v f
xv f

x
T
) (A.5)

where I is an E × E identity matrix. The gradient of LCL w.r.t. w f
x can be derived

with chain rule,

∂LCL

∂w f
x

=
∂v f

x

∂w f
x

∂LCL

∂v f
x

=
1

||w f
x ||

(I − v f
xv f

x
T
)
1
τ

[
∑

t∈P(y)

vl
t(

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)

−
1
|P(y)|

) +
∑

t∈N(y)

vl
t

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)

]

=
1

τ||w f
x ||

[
∑

t∈P(y)

(vl
t − (v f

xvl
t)v

f
x)(

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)

−
1
|P(y)|

)+∑
t∈N(y)

(vl
t − (v f

xvl
t)v

f
x)

exp(v f
x · vl

t/τ)∑
a∈A exp(v f

x · vl
a/τ)

]

(A.6)

We can then observe that if v f
x and vl

t are orthogonal (v f
xvl

t → 0), ||vl
t − (v f

xvl
t)v

f
x ||
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will be close to 1 and the gradients would be large. Otherwise, for weak positives

or negatives (|v f
xvl

t| → 1), the gradients would be small.
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APPENDIX B

APPENDIX FOR CHAPTER 3

B.1 Appendix for Chapter 3.1

B.1.1 Derivation of Predictive Information

In this section, we give a self-contained derivation of the predictive information.

A multivariate Gaussian random variable X ∈ RN has the following PDF:

p(x) =
1

√
2πN
√
|Σ|

exp
(
−

1
2

(x − µ)TΣ−1(x − µ)
)

where µ is the mean and Σ is the covariance matrix with Σ = E[(X−E[X])(X−E[X])].

From the definition of entropy

H(X) = −
∫

p(x) ln p(x)dx

we can derive the entropy formula for multivariate Gaussian

H(X) = −
∫

p(x) ln
1

√
2πN
√
|Σ|

exp(−
1
2

(x − µ)TΣ−1(x − µ))dx

= −

∫
p(x) ln

(
1

(
√

2π)N
√
|Σ|

)
dx −

∫
p(x)

(
−

1
2

(x − µ)TΣ−1(x − µ))
)

dx

=
1
2

ln((2πe)N |Σ|). (B.1)

Consider the joint Gaussian distribution

X

Y

 ∼ N(µ,Σ) = N


µX

µY

 ,
ΣXX ΣXY

ΣYX ΣYY




where X ∈ Rp, and Y ∈ Rq. We can plug in the entropy in (B.1) and obtained

MI(X,Y) = H(X) + H(Y) − H(X,Y)
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=
1
2

ln((2πe)p|ΣXX |) +
1
2

ln((2πe)q|ΣYY |) −
1
2

ln((2πe)p+q|Σ|)

= −
1
2

ln
|Σ|

|ΣXX ||ΣYY |

For a latent sequence Z = {z1, z2, ...} where zi ∈ R
d, we define Zpast

t =

{zt−T+1, ..., zt}, and Z f uture
t = {zt+1, ..., zt+T }. Based on our stationarity assump-

tion, all the length-2T windows of states within the range are drawn from

the same Gaussian distribution with covariance Σ2T (Z), and similarly for all

the length-T windows. As a result and under the stationary assumption,

H(Z past
t ) = H(Z f uture

t ) = 1
2 ln((2πe)Td|ΣT (Z)|), H(Z past

t ,Z f uture
t ) = 1

2 ln((2πe)2Td|Σ2T (Z)|),

and

IT = MI(Zpast
t ,Z f uture

t )

= H(Zpast
t ) + H(Z f uture

t ) − H(Z past
t ,Z f uture

t )

=
1
2

ln((2πe)Td|ΣT (Z)|) +
1
2

ln((2πe)Td|ΣT (Z)|) −
1
2

ln((2πe)2Td|Σ2T (Z)|)

= ln |ΣT (Z)| −
1
2

ln |Σ2T (Z)|

The predictive information IT only depend on T but not specific time index t.

B.2 Appendix for Chapter 3.2

B.2.1 Derivation of the per-sequence ELBO

For the input sequence x1:T , we show the ELBO derived from the approximate

posterior is a lower estimate of its log-likelihood. This proof below is adapted

from the standard VAE framework [282, 327], noticing that either the prior or the
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approximate posterior factorizes over s and z1:T .

log p(x1:T )

≥ − KL[q(s, z1:T |x1:T )||p(s, z1:T |x1:T )] + log p(x1:T )

=Eq(s,z1:T |x1:T )
[
log p(s, z1:T |x1:T ) − log q(s, z1:T |x1:T ) + log p(x1:T )

]
=Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T ) − log q(s, z1:T |x1:T ) + log p(s, z1:T )]

=Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T ) − log q(s|x1:T ) − log p(z1:T |x1:T ) + log p(s) + log p(z1:T )]

=Eq(z1:T ,s|x1:T )
[
log p(x1:T |s, z1:T )] − KL[q(s|x1:T )||p(s)] − KL[q(z1:T |x1:T )||p(z1:T )

]
.

B.2.2 Proof of Theorem 1

Let pD be the empirical data distribution, assigning probability mass 1/N for each

of the N training sequences D. Define the aggregated posteriors as follows:

q(s) = Ex1:T∼pD[q(s|x1:T )] =
1
N

∑
x1:T∈D

q(s|x1:T ),

q(z1:T ) = Ex1:T∼pD[q(z1:T |x1:T )] =
1
N

∑
x1:T∈D

q(z1:T |x1:T ),

q(s, z1:T ) = Ex1:T∼pD[q(s|x1:T )q(z1:T |x1:T )] =
1
N

∑
x1:T∈D

q(s|x1:T )q(z1:T |x1:T ).

With these definitions, we have

Ex1:T∼pD[KL[q(s|x1:T )||p(s)]]

=Ex1:T∼pDEq(s|x1:T )[log q(s|x1:T ) − log q(s) + log q(s) − log p(s)]

=Eq(x1:T ,s) log
[
q(s|x1:T )

q(s)

]
+ Eq(x1:T ,s)[log q(s) − log p(s)]

=Iq(x1:T ; s) + KL[q(s)||p(s)].

(B.2)

167



In other words,

KL[q(s)||p(s)] = Ex1:T∼pD[KL[q(s|x1:T )||p(s)]] − Iq(x1:T ; s). (B.3)

Similarly, we have

KL[q(z1:T )||p(z1:T )] = Ex1:T∼pD[KL[q(z1:T |x1:T )||p(z1:T )]] − Iq(x1:T ; z1:T ). (B.4)

We are now ready to prove the theorem. We derive a dataset ELBO by

subtracting a different KL-divergence from the data log-likelihood:

1
N

∑
x1:T∈D

log p(x1:T ) = Ex1:T∼pD[log p(x1:T )]

≥Ex1:T∼pD[log p(x1:T ) − KL[q(s, z1:T )||p(s, z1:T |x1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T ) − (log q(s, z1:T ) − log p(s, z1:T |x1:T ))]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T ) − log q(s, z1:T ) + log p(s, z1:T |x1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T ) − log q(s, z1:T )

+ log p(x1:T |s, z1:T ) + log p(s, z1:T ) − log p(x1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T ) − log q(s, z1:T ) + log p(s, z1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]] −KL[q(s, z1:T)||p(s, z1:T)]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]]

− Ex1:T∼pD[Eq(s,z1:T |x1:T )[log q(s, z1:T ) − log p(s, z1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]]

− Ex1:T∼pD[Eq(s,z1:T |x1:T )[log q(s, z1:T ) − log q(s)q(z1:T ) + log q(s)q(z1:T ) − log p(s, z1:T )]]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]]

− Ex1:T∼pD

[
Eq(s,z1:T |x1:T )

[
log

q(s, z1:T )
q(s)q(z1:T )

+ log
q(s)q(z1:T )
p(s, z1:T )

]]
=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]]
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− Iq(s; z1:T ) − Ex1:T∼pD

[
Eq(s,z1:T |x1:T )

[
log

q(s)q(z1:T )
p(s)p(z1:T )

]]
=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]] − Iq(s; z1:T )

− Ex1:T∼pD

[
Eq(s,z1:T |x1:T )

[
log

q(s)
p(s)

]]
− Ex1:T∼pD

[
Eq(s,z1:T |x1:T )

[
log

q(z1:T )
p(z1:T )

]]
=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]] − Iq(s; z1:T )

− KL[q(s)||p(s)] − KL[q(z1:T )||p(z1:T )]

=Ex1:T∼pD[Eq(s,z1:T |x1:T )[log p(x1:T |s, z1:T )]] − Iq(s; z1:T )

− (Ex1:T∼pD[KL[q(s|x1:T )||p(s)]] − Iq(s; x1:T ))

− (Ex1:T∼pD[KL[q(z1:T |x1:T )||p(z1:T )]] − Iq(z1:T ; x1:T ))

=Ex1:T∼pD[Eq(z1:T ,s|x1:T )[log p(x1:T |s, z1:T )]

− Ex1:T∼pD[KL[q(s|x1:T )||p(s)]] − Ex1:T∼pD[KL[q(z1:T |x1:T )||p(z1:T )]]

+ Iq(s; x1:T ) + Iq(z1:T ; x1:T ) − Iq(s; z1:T ).

where we have plugged in (B.3) and (B.4) in the third to last step. The last

equation is the dataset ELBO objective shown in the main text.

B.2.3 MWS estimation of I(s; z1:T )

We estimate I(s; z1:T ) using minibatch weighted sampling (MWS). The estimation

is simply adapted from [321, 327]:

I(s; z1:T ) = H(s) + H(z1:T ) − H(s, z1:T )

H(s) = −Eq(s,z1:T )[log q(s)] ≈ −
1
M

M∑
i=1

log
M∑
j=1

q(s(xi
1:T )|x j

1:T ) − log(NM)

 (B.5)

where N is the dataset size and M is the minibatch size. H(z1:T ),H(s, z1:T ) are

estimated similarly, with the trajectory of z1:T sampled for each sequence in the

minibatch.
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B.2.4 Contrastive estimation of MI

Suppose z1:T is derived from the anchor sequence x1:T , and we have one ”positive”

sequence x+1:T as well as n ”negative” sequences {x j
1:T }

n
j=1 in total. We have

EpD

log

q(x+1:T |z1:T )
q(x+1:T )

q(x+1:T |z1:T )
q(x+1:T ) +

∑n
j=1

q(x j
1:T |z1:T )

q(x j
1:T )


= − EpD

log(1 +
q(x+1:T )

q(x+1:T |z1:T )

n∑
j=1

q(x j
1:T |z1:T )

q(x j
1:T )

)


≈ − EpD

log

1 + q(x+1:T )
q(x+1:T |z1:T )

· nEx j
1:T

q(x j
1:T |z1:T )

q(x j
1:T )


= − EpD

[
log

(
1 +

q(x+1:T )
q(x+1:T |z1:T )

· n
)]

= − EpD

[
log

(
1

1 + n
+

q(x+1:T )
q(x+1:T |z1:T )

·
n

1 + n

)]
− log(n + 1)

≤ − EpD

[
1

n + 1
log 1 +

n
n + 1

log
q(x+1:T )

q(x+1:T |z1:T )

]
− log(n + 1)

=−
n

n + 1
EpD

[
log

q(x+1:T )
q(x+1:T |z1:T )

]
− log(n + 1)

=
n

n + 1
EpD

[
log

q(x+1:T |z1:T )
q(x+1:T )

]
− log(n + 1)

≈
n

n + 1
I(x1:T ; z1:T ) − log(n + 1)

(B.6)

where the first ≤ step uses Jensen’s inequality, and the approximations by sam-

pling follow the development of CPC [123]. Similar derivations can also be

obtained for s.

Use augmentation in contrastive estimation Note that in CPC, for each frame,

the positive example is a nearby frame. That is, CPC uses the temporal smooth-

ness as the inductive bias for learning per-frame representations. In our setup

however, we treat the entire trajectory z1:T as samples in contrastive estimation,

and we must resort to other inductive biases for finding positive examples.
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Here we provide another motivation for the use of augmented sequences as

positive examples. Imagine that the latent factors are discrete, and the mapping

from the latent factors (s, z1:T ) to observations x1:T is done by a deterministic

mapping (while the factors remain random variables with prior distributions).

Furthermore, the mapping is invertible in the sense that we could identify a

unique (s, z1:T ) that generates x1:T . Then for two sequences x1
1:T and x2

1:T generated

with common dynamic factors z∗1:T but different static factors s1 and s2, we have

p(x1
1:T ) = p(z1:T = z∗1:T , s = s1) = p(z1:T = z∗1:T ) p(s = s1),

p(x1
1:T |z1:T ) = 1(z1:T = z∗1:T ) p(s = s1),

p(x1
1:T |z1:T )

p(x1:T )
=

1(z1:T = z∗1:T )
p(z1:T = z∗1:T )

=
p(x2

1:T |z1:T )
p(x1:T )

.

The last equation is obtained by dividing the second line by the first line, where

the p(s = s1) is conveniently canceled out. In other words, under the above

simplifying assumptions, the probability ratio used in contrastive estimation is

the same for the original sequence and the augmented sequence.

B.2.5 Summary of objective function and estimations

Though the objective function has been proven to be an ELBO, we don’t have to

stick to the natural coefficients. For example, to control the information bottle-

neck, one can add coefficients to the KL terms. To improve the disentanglement,

one can add coefficients to the MI terms. This leads to the final training objec-

tive (3.12).

In practice, γ = 1 gives good results and we mainly tune α, β. As mentioned

in Sec 3.2.2, I(s; x1:T ), I(z1:T ; x1:T ) are estimated contrastively. I(s; z1:T ) is estimated
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through mini-batch weighted sampling (MWS) as discussed in B.2.3. Note that

we use contrastive learning here to maintain some invariance (static or dynamic

factors) across different views, besides just estimating the MI terms. For tasks

where no such invariance exists, MWS is still a good option for the estimation

(e.g. I(z1:T ; s)).
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