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Abstract

The architecture of neural networks is a crucial factor in the success of deep learn-

ing models across a range of fields, including computer vision and natural language

processing (NLP). Specific architectures are tailored to address particular tasks, and

the selection of architecture can significantly affect the training process, model per-

formance, and robustness.

In the field of NLP, we address the training deficiency of text VAEs with auto-

regressive decoders through two approaches. First, we introduce a cyclical annealing

schedule that enables progressive learning of meaningful latent codes by leverag-

ing informative representations from previous cycles as warm restarts. Second, we

propose semi-implicit (SI) representations for the latent distributions of natural lan-

guages, which extend the commonly used Gaussian distribution family by mixing the

variational parameter with a flexible implicit distribution. Our proposed methods

are demonstrated to be effective in text generation tasks such as dialog response

generation, with significant performance improvements compared to other training

techniques.

In the field of computer vision, we investigate the intrinsic influence of network

structure on a model’s robustness in addressing data distribution shifts. We pro-

pose a novel paradigm, Dense Connectivity Search of Outlier Detector (DCSOD),

that automatically explores the dense connectivity of CNN architectures on Out-

of-Distribution (OOD) detection tasks using Neural Architecture Search (NAS). To

improve the quality of evaluation on OOD detection during the search, we propose

evolving distillation based on our multi-view feature learning explanation. Experi-

mental results show that DCSOD achieves remarkable performance over widely used

architectures and previous NAS baselines.
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Chapter 1

Introduction

Over the past decade, deep learning has had a significant impact on various fields includ-

ing computer vision [1], natural language processing (NLP) [2], recommender systems [3],

autonomous driving [4], biomedical and healthcare [5, 6]. The sophisticated design of neu-

ral network architecture is the driving force behind the huge success of deep learning. In

computer vision, Convolutional Neural Network (CNN) [7] architectures have achieved re-

markable results, such as VGG [8], ResNet [9], and DenseNet [10] for classification tasks,

and Fully Convolutional Networks (FCN) [11], U-Net [12], and Mask R-CNN [13] for seg-

mentation tasks, as well as Faster R-CNN [14] and YOLO [15] for object detection. In

NLP area, recurrent neural networks (RNNs), including GRU [16], LSTM [17], and Bi-

LSTM [18], were invented to process sequential data. Transformers [19] were proposed for

advanced machine translation systems, and more recently, large-scale pre-trained trans-

formers such as BERT [20] and Roberta [21] for language understanding, Generative Pre-

trained Transformer (GPT) [22, 23, 24] for text generation, and BART [25] and T5 [26] for

text-to-text generation tasks, have been widely applied in general NLP tasks. Additionally,

neural architecture search (NAS) [27], which automatically searches for optimal structures,

has emerged as an alternative to hand-crafted architectures that rely on human exper-

tise. Popular NAS methods include reinforcement learning [28, 29], differentiable-based

search [30, 31], predictor-based search [32, 33], and one-shot search [34, 35], which have

delivered state-of-the-art vision models.

Despite the advancements in architecture design, there are still several challenges that

need to be addressed in both NLP and vision areas. One major challenge is training

deep generative models to generate text sequences. Text generative models can capture the

global features of natural languages using continuous latent variables, providing an effective

mechanism for abstract reasoning with text. However, popular auto-regressive decoders,

1



including RNNs and transformers, have exhibited training deficiencies. Addressing this is-

sue is crucial for enabling controllable text generation. In the vision area, most architecture

design focuses on improving accuracy, and the robustness of these models in addressing data

distribution shifts is rarely studied. The reliability of machine learning systems depends not

only on their accuracy but also on their ability to detect and handle outliers successfully.

Therefore, a systematic approach that thoroughly studies the relationship between CNN

architecture designs and outlier detectors would be beneficial in pushing the boundaries of

outlier detection.

1.1 Problem Definition and Contributions

Training Deficiency in VAE Variational autoencoders (VAEs) [36] with auto-regressive

decoders have been successfully applied in various natural language processing (NLP) tasks.

However, one significant training deficiency that arises with auto-regressive decoders is the

Kullback–Leibler (KL) term in training objective tend to vanish [37]. This can result in

learned latent codes that are almost identical to the prior distribution. To address this

issue, we proposed two effective methods in this dissertation.

First, we investigated scheduling schemes for the weighting hyper-parameter β before

the KL regularization term. Our analysis revealed that KL vanishing occurs due to the

lack of informative latent codes during the early stages of optimization. To overcome

this, we introduced a cyclical annealing schedule that allows for the progressive learning

of meaningful latent codes by leveraging informative representations from previous cycles

as warm re-starts. We validated the effectiveness of cyclical annealing on various NLP

tasks, including language modeling, dialog response generation, and unsupervised language

pre-training.

Second, we hypothesized that the Gaussian approximate posterior used in variational

inference may contribute to the training deficiency. To address this, we introduced semi-

implicit (SI) representations for the latent distributions of natural languages. This approach
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extends the commonly used Gaussian distribution family by mixing the variational param-

eter with a flexible implicit distribution. Our experiments demonstrated that SI provides

more informative latent codes for language modeling and generates more diverse dialog

responses, indicating its superior representational power compared to the Gaussian distri-

bution.

NAS for OOD Detection Recent advances in Out-of-Distribution (OOD) Detec-

tion [38] is the driving force behind safe and reliable deployment of Convolutional Neural

Networks (CNNs) in real-world applications. However, existing studies focus on OOD

detection through confidence score and deep generative model-based methods, without

considering the impact of DNN structures, especially dense connectivity in architecture

fabrications. In addition, existing outlier detection approaches exhibit high variance in gen-

eralization performance, lacking stability and confidence in evaluating and ranking different

outlier detectors. In this work, we propose a novel paradigm, Dense Connectivity Search

of Outlier Detector (DCSOD), that automatically explore the dense connectivity of CNN

architectures on near-OOD detection task using Neural Architecture Search (NAS). We

introduce a hierarchical search space containing versatile convolution operators and dense

connectivity, allowing a flexible exploration of CNN architectures with diverse connectivity

patterns. To improve the quality of evaluation on OOD detection during search, we pro-

pose evolving distillation based on our multi-view feature learning explanation. Evolving

distillation stabilizes training for OOD detection evaluation, thus improves the quality of

search. We thoroughly examine DCSOD on CIFAR benchmarks under OOD detection pro-

tocol.Experimental results show that DCSOD achieve remarkable performance over widely

used architectures and previous NAS baselines. Notably, DCSOD achieves state-of-the-art

(SOTA) performance on CIFAR benchmark, with AUROC improvement of ∼1.0%.

1.2 Dissertation Outline

The remainder of this dissertation is organized as follows:

3



Chapter 2 provides a novel explanation for the KL-vanishing issue in VAEs. Specifi-

cally, we introduce the concept of ”two paths generation” to help develop an understanding

of the strengths and weaknesses of existing scheduling methods. We further propose cycli-

cal annealing schedule that allows for the progressive learning of informative latent codes

by leveraging the representations of previous cycles as warm re-starts. We demonstrate

the effectiveness of our proposed method on a broad range of tasks, including language

modeling, dialog response generation, and unsupervised language pre-training.

Chapter 3 develops a semi-implicit (SI) approximation for posterior inference in VAEs.

The SI representation provides a trade-off between expressive power and computational

cost, which is controlled by a hyper-parameter K. We use this to derive an efficient in-

ference procedure that mitigates the KL vanishing issue with SI while maintaining low

computational cost. We demonstrate the effectiveness of our proposed method on two text

generation tasks, showing significant performance improvements compared to the standard

VAE.

Chapter 4 proposes DCSOD, a novel paradigm that leverages Neural Architecture

Search (NAS) to explore optimal outlier detectors within a highly flexible search space.

For the high variance issue in out-of-distribution (OOD) detection evaluation, we provide

an explanation based on multi-view feature learning. We further propose an outlier dis-

tillation loss along with an evolving distillation algorithm to stabilize training and reduce

variance in OOD evaluations. The best models crafted by DCSOD achieve state-of-the-art

AUROC on CIFAR near-OOD benchmarks, demonstrating the effectiveness of our proposed

approach.

Chapter 5 summarizes the dissertation and discusses the future works.
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Chapter 2

KL Annealing Methods for Text VAE

2.1 Introduction

Variational autoencoders (VAEs) [36, 39] have been applied in many NLP tasks, including

language modeling [37, 40], dialog response generation [41, 42], semi-supervised text clas-

sification [43], controllable text generation [44], and text compression [45]. A prominent

component of a VAE is the distribution-based latent representation for text sequence obser-

vations. This flexible representation allows the VAE to explicitly model holistic properties

of sentences, such as style, topic, and high-level linguistic and semantic features. Samples

from the prior latent distribution can produce diverse and well-formed sentences through

simple deterministic decoding [37].

Due to the sequential nature of text, an auto-regressive decoder is typically employed

in the VAE. This is often implemented with a recurrent neural network (RNN); the long

short-term memory (LSTM) [17] RNN is used widely. This introduces one notorious issue

when a VAE is trained using traditional methods: the decoder ignores the latent variable,

yielding what is termed the KL vanishing problem.

Several attempts have been made to ameliorate this issue [46, 47, 41, 48]. Among them,

perhaps the simplest solution is monotonic KL annealing, where the weight of the KL

penalty term is scheduled to gradually increase during training [37]. While these techniques

can effectively alleviate the KL-vanishing issue, a proper unified theoretical interpretation

is still lacking, even for the simple annealing scheme.

In this work, we analyze the variable dependency in a VAE, and point out that the auto-

regressive decoder has two paths (formally defined in Section 2.3.1) that work together to

generate text sequences. One path is conditioned on the latent codes, and the other path

is conditioned on previously generated words. KL vanishing happens because (i) the first
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path can easily get blocked, due to the lack of good latent codes at the beginning of decoder

training; (ii) the easiest solution that an expressive decoder can learn is to ignore the latent

code, and relies on the other path only for decoding. To remedy this issue, a promising

approach is to remove the blockage in the first path, and feed meaningful latent codes in

training the decoder, so that the decoder can easily adopt them to generate controllable

observations [37].

This work makes the following contributions:

• We provide a novel explanation for the KL-vanishing issue, and develop an under-

standing of the strengths and weaknesses of existing scheduling methods (e.g., con-

stant or monotonic annealing schedules).

• Based on our explanation, we propose a cyclical annealing schedule. It repeats the

annealing process multiple times, and can be considered as an inexpensive approach

to leveraging good latent codes learned in the previous cycle, as a warm restart, to

train the decoder in the next cycle.

• We demonstrate that the proposed cyclical annealing schedule for VAE training im-

proves performance on a large range of tasks (with negligible extra computational

cost), including text modeling, dialog response generation, and unsupervised language

pre-training.

2.2 Preliminaries

2.2.1 The VAE model

To generate a text sequence of length T , x = [x1, · · · , xT ], neural language models [49]

generate every token xt conditioned on the previously generated tokens:

p(x) =

T∏
t=1

p(xt|x<t),

where x<t indicates all tokens before t.
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The VAE model for text consists of two parts, generation and inference [36, 39, 37].

The generative model (decoder) draws a continuous latent vector z from prior p(z), and

generates the text sequence x from a conditional distribution pθ(x|z); p(z) is typically

assumed a multivariate Gaussian, and θ represents the neural network parameters. The

following auto-regressive decoding process is usually used:

pθ(x|z) =
T∏
t=1

pθ(xt|x<t, z). (2.1)

Parameters θ are typically learned by maximizing the marginal log likelihood log pθ(x) =

log
∫
p(z)pθ(x|z)dz. However, this marginal term is intractable to compute for many

decoder choices. Thus, variational inference is considered, and the true posterior pθ(z|x) ∝

pθ(x|z)p(z) is approximated via the variational distribution qϕ(z|x) is (often known as the

inference model or encoder), implemented via a ϕ-parameterized neural network. It yields

the evidence lower bound (ELBO) as an objective:

log pθ(x) ≥ LELBO = (2.2)

Eqϕ(z|x)
[

log pθ(x|z)
]
− KL(qϕ(z|x)||p(z))

Typically, qϕ(z|x) is modeled as a Gaussian distribution, and the re-parametrization trick

is used for efficient learning [36].

2.2.2 Training Schedules and KL Vanishing

There is an alternative interpretation of the ELBO: the VAE objective can be viewed as a

regularized version of the autoencoder (AE) [50]. It is thus natural to extend the negative of

LELBO in (2.2) by introducing a hyper-parameter β to control the strength of regularization:

Lβ = LE + βLR, with (2.3)

LE = −Eqϕ(z|x)
[

log pθ(x|z)
]

(2.4)

LR = KL(qϕ(z|x)||p(z)) (2.5)

where LE is the reconstruction error (or negative log-likelihood (NLL)), and LR is a KL

regularizer.
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The cost function Lβ provides a unified perspective for understanding various autoen-

coder variants and training methods. When β = 1, we recover the VAE in (2.2). When

β = 0, and qϕ(z|x) is a delta distribution, we recover the AE. In other words, the AE

does not regularize the variational distribution toward a prior distribution, and there is

only a point-estimate to represent the text sequence’s latent feature. In practice, it has

been found that learning with an AE is prone to overfitting [37], or generating plain dialog

responses [41]. Hence, it is desirable to retain meaningful posteriors in real applications.

Two different schedules for β have been commonly used for a text VAE.

Constant Schedule The standard approach is to keep β = 1 fixed during the entire

training procedure, as it corresponds to optimizing the true VAE objective. Unfortunately,

instability on text analysis has been witnessed, in that the KL term LR becomes vanishingly

small during training [37]. This issue causes two undesirable outcomes: (i) an encoder that

produces posteriors almost identical to the Gaussian prior, for all observations (rather than

a more interesting posterior); and (ii) a decoder that completely ignores the latent variable

z, and a learned model that reduces to a simpler language model. This is known as the KL

vanishing issue in text VAEs.

Monotonic Annealing Schedule. A simple remedy has been proposed in [37] to

alleviate KL collapse. It sets β = 0 at the beginning of training, and gradually increases

β until β = 1 is reached. In this setting, we do not optimize the proper lower bound in

(2.2) during the early stages of training, but nonetheless improvements on the value of that

bound are observed at convergence in previous work [37, 41].

The monotonic annealing schedule has become the de facto standard in training text

VAEs, and has been widely adopted in many NLP tasks. Though simple and often effective,

this heuristic still lacks a proper justification. Further, how to best schedule β is largely

unexplored.
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Figure 2.1: (a) Standard VAE learning, with only one path via {ϕ,θ} from x to

its reconstruction; (b) VAE learning with an auto-regressive decoder.

2.3 Cyclical Annealing Schedule

2.3.1 Identifying Sources of KL Vanishing

The learning parameters {ϕ,θ} in the two different paradigms is illustrated in Figure 2.1.

Starting from the observation x in blue circle, a VAE infers its latent code z in the green

circle, and further generates its reconstruction in the red circle. In the traditional VAE [36],

z generates x directly, and the reconstruction depends only on one path of {ϕ,θ} passing

through z, as shown in Figure 2.1(a). Hence, z can largely determine the reconstructed

x. In contrast, when an auto-regressive decoder is used in a text VAE [37], there are two

paths from x to its reconstruction, as shown in Figure 2.1(b). Path A is the same as that in

the standard VAE, where z is the global representation that controls the generation of x;

Path B leaks the partial ground-truth information of x at every time step of the sequential

decoding. It generates xt conditioned on x<t. Therefore, Path B can potentially bypass

Path A to generate x, leading to KL vanishing.
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From this perspective, we hypothesize that the model-collapse problem is related to the

low quality of z at the beginning phase of decoder training. A lower quality z introduces

more difficulties in reconstructing x via Path A. As a result, the model is forced to learn

an easier solution to decoding: generating x via Path B only.

We argue that this phenomenon can be easily observed due to the powerful repre-

sentation capability of the auto-regressive decoder. It has been shown empirically that

auto-regressive decoders are able to capture highly-complex distributions, such as natural

language sentences [49]. This means that Path B alone has enough capacity to model x,

even though the decoder takes {x<t, z} as input to produce xt. Zhang et al. [51] has shown

that flexible deep neural networks can easily fit randomly labeled training data, and here

the decoder can learn to rely solely on x<t for generation, when z is of low quality.

We use our hypothesis to explain the learning behavior of different scheduling schemes

for β as follows.

Constant Schedule The two loss terms in (2.2) are weighted equally in the constant

schedule. At the early stage of optimization, {ϕ,θ} are randomly initialized and the latent

codes z are of low quality. The KL term LR pushes qϕ(z|x) close to an uninformative prior

p(z): the posterior becomes more like an isotropic Gaussian noise, and less representative

of their corresponding observations. In other words, LR blocks Path A, and thus z remains

uninformative during the entire training process: it starts with random initialization and

then is regularized towards a random noise. Although the reconstruction term LE can be

satisfied via two paths, since z is noisy, the decoder learns to discard Path A (i.e., ignores

z), and chooses Path B to generate the sentence word-by-word.

Monotonic Annealing Schedule The monotonic schedule sets β close to 0 in the

early stage of training, which effectively removes the blockage LR on Path A, and the model

reduces to a denoising autoencoder 1. LE becomes the only objective, which can be reached

by both paths. Though randomly initialized, z is learned to capture useful information for

1The Gaussian sampling remains for qϕ(z|x)
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reconstruction of x during training. At the time when the full VAE objective is considered

(β = 1), z learned earlier can be viewed as the VAE initialization; such latent variables are

much more informative than random, and thus are ready for the decoder to use.

To mitigate the KL-vanishing issue, it is key to have meaningful latent codes z at

the beginning of training the decoder, so that z can be utilized. The monotonic schedule

under-weights the prior regularization, and the learned qϕ(z|x) tends to collapse into a

point estimate (i.e., the VAE reduces to an AE). This underestimate can result in sub-

optimal decoder learning. A natural question concerns how one can get a better distribution

estimate for z as initialization, while retaining low computational cost.

2.3.2 Cyclical Annealing Schedule

Our proposal is to use z ∼ qϕ(z|x), which has been trained under the full VAE objective,

as initialization. To learn to progressively improve latent representation z, we propose a

cyclic annealing schedule. We start with β = 0, increase β at a fast pace, and then stay at

β = 1 for subsequent learning iterations. This encourages the model to converge towards

the VAE objective, and infers its first raw full latent distribution.

Unfortunately, Path A is blocked at β = 1. The optimization is then continued at

β = 0 again, which perturbs the VAE objective, dislodges it from the convergence, and

reopens Path A. Importantly, the decoder is now trained with the latent code from a full

distribution z ∼ qϕ(z|x), and both paths are considered. We repeat this process several

times to achieve better convergences.

Formally, β has the form:

βt =

f(τ), τ ≤ R

1, τ > R
with (2.6)

τ =
mod(t− 1, ⌈T/M⌉)

T/M
, (2.7)

where t is the iteration number, T is the total number of training iterations, f is a mono-

tonically increasing function, and we introduce two new hyper-parameters associated with
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Figure 2.2: Comparison between (a) traditional monotonic and (b) proposed cyclical

annealing schedules. In this figure, M = 4 cycles and R = 0.5.

the cyclical annealing schedule:

• M : number of cycles (default M = 4);

• R: proportion used to increase β within a cycle (default R = 0.5).

In other words, we split the training process into M cycles, each starting with β = 0

and ending with β = 1. We provide an example of a cyclical schedule in Figure 2.2(b),

compared with the monotonic schedule in Figure 2.2(a). Within one cycle, there are two

consecutive stages (divided by R):

• Annealing. β is annealed from 0 to 1 in the first R ⌈T/M⌉ training steps over

the course of a cycle. For example, the steps [1, 5K] in the Figure 2.2(b). β =

f(0) = 0 forces the model to learn representative z to reconstruct x. As depicted in

Figure 2.1(b), there is no interruption from the prior on Path A, z is forced to learn

the global representation of x. By gradually increasing β towards f(R) = 1, q(z|x)

is regularized to transit from a point estimate to a distribution estimate, spreading

out to match the prior.

• Fixing. As our ultimate goal is to learn a VAE model, we fix β = 1 for the rest

of training steps within one cycle, e.g., the steps [5K, 10K] in Figure 2.2(b). This

drives the model to optimize the full VAE objective until convergence.

12



As illustrated in Figure 2.2, the monotonic schedule increasingly anneals β from 0 to

1 once, and fixes β = 1 during the rest of training. The cyclical schedules alternatively

repeats the annealing and fixing stages multiple times.

A Practical Recipe The existing schedules can be viewed as special cases of the

proposed cyclical schedule. The cyclical schedule reduces to the constant schedule when

R = 0, and it reduces to an monotonic schedule when M = 1 and R is relatively small 2. In

theory, any monotonically increasing function f can be adopted for the cyclical schedule, as

long as f(0) = 0 and f(R) = 1. In practice, we suggest to build the cyclical schedule upon

the success of monotonic schedules: we adopt the same f , and modify it by setting M and

R (as default). Three widely used increasing functions for f are linear [52, 53], Sigmoid [37]

and Consine [54]. We present the comparative results using the linear function f(τ) = τ/R

in Figure 2.2, and show the complete comparison for other functions in Figure 2.7 of the

Supplementary Material (SM).

2.3.3 On the impact of β

This section derives a bound for the training objective to rigorously study the impact of

β; the proof details are included in SM. For notational convenience, we identify each data

sample with a unique integer index n ∼ q(n), drawn from a uniform random variable on

{1, 2, · · · , N}. Further we define q(z|n) = qϕ(z|xn) and q(z, n) = q(z|n)q(n) = q(z|n) 1
N .

Following [55], we refer to q(z) =
∑N

n=1 q(z|n)q(n) as the aggregated posterior. This

marginal distribution captures the aggregated z over the entire dataset. The KL term

in (3.5) can be decomposed into two refined terms [56, 57]:

FR = Eq(n)[KL(q(z|n)||p(z))]

= Iq(z, n)︸ ︷︷ ︸
F1: Mutual Info.

+ KL(q(z)||p(z))︸ ︷︷ ︸
F2: Marginal KL

(2.8)

2In practice, the monotonic schedule usually anneals in a very fast pace, thus R is small compared

with the entire training procedure.

13



where F1 is the mutual information (MI) measured by q. Higher MI can lead to a higher

correlation between the latent variable and data variable, and encourages a reduction in

the degree of KL vanishing. The marginal KL is represented by F2, and it measures the

fitness of the aggregated posterior to the prior distribution.

The reconstruction term in (3.5) provides a lower bound for MI measured by q, based

on Corollary 3 in [58]:

FE = Eq(n),z∼q(z|n)(log p(n|z))] + Hq(n)

≤ Iq(z, n) (2.9)

where H(n) is a constant.

Analysis of β When scheduled with β, the training objective over the dataset can be

written as:

F = −FE + βFR (2.10)

≥ (β − 1)Iq(z, n) + βKL(q(z)||p(z)) (2.11)

To reduce KL vanishing, we desire an increase in the MI term I(z, n), which appears

in both FE and FR, modulated by β. It shows that reducing KL vanishing is inversely

proportional with β. When β = 0, the model fully focuses on maximizing the MI. As β

increases, the model gradually transits towards fitting the aggregated latent codes to the

given prior. When β = 1, the implementation of MI becomes implicit in KL(q(z)||p(z)). It

is determined by the amortized inference regularization (implied by the encoder’s expres-

sivity) [59], which further affects the performance of the generative density estimator.

2.4 Visualization of Latent Space

We compare different schedule methods by visualizing the learning processes on an il-

lustrative problem. Consider a dataset consisting of 10 sequences, each of which is a
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10-dimensional one-hot vector with the value 1 appearing in different positions. A 2-

dimensional latent space is used for the convenience of visualization. Both the encoder and

decoder are implemented using a 2-layer LSTM with 64 hidden units each. We use T =40K

total iterations, and the scheduling schemes in Figure 2.2.

The learning curves for the ELBO, reconstruction error, and KL term are shown in

Figure 2.3. The three schedules share very similar values. However, the cyclical schedule

provides substantially lower reconstruction error and higher KL divergence. Interestingly,

the cyclical schedule improves the performance progressively: it becomes better than the

previous cycle, and there are clear periodic patterns across different cycles. This suggests

that the cyclical schedule allows the model to use the previously learned results as a warm-

restart to achieve further improvement.

We visualize the resulting division of the latent space for different training steps in

Figure 2.4, where each color corresponds to z ∼ q(z|n), for n = 1, · · · , 10. We observe

that the constant schedule produces heavily mixed latent codes z for different sequences

throughout the entire training process. The monotonic schedule starts with a mixed z, but

soon divides the space into a mixture of 10 cluttered Gaussians in the annealing process (the

division remains cluttered in the rest of training). The cyclical schedule behaves similarly

to the monotonic schedule in the first 10K steps (the first cycle). But, starting from the

2nd cycle, much more divided clusters are shown when learning on top of the 1st cycle

results. However, β < 1 leads to some holes between different clusters, making q(z) violate

the constraint of p(z). This is alleviated at the end of the 2nd cycle, as the model is trained

with β = 1. As the process repeats, we see clearer patterns in the 4th cycle than the 2nd

cycle for both β < 0 and β = 1. It shows that more structured information is captured in

z using the cyclical schedule, which is beneficial in downstream applications as shown in

the experiments.
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Figure 2.3: Comparison of the learning curves for the three schedules on an illus-

trative problem.
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2.5 Related Work

Solutions to KL vanishing Several techniques have been proposed to mitigate the

KL vanishing issue. The proposed method is most closely related to the monotonic KL

annealing technique in [37]. In addition to introducing a specific algorithm, we have com-

prehensively studied the impact of β and its scheduling schemes. Our explanations can be

used to interpret other techniques, which can be broadly categorized into two classes.

The first category attempts to weaken Path B, and force the decoder to use Path A.

Word drop decoding [37] sets a certain percentage of the target words to zero. It has shown

that it may degrade the performance when the drop rate is too high. The dilated CNN was

considered in [46] as a new type of decoder to replace the LSTM. By changing the decoder’s

dilation architecture, one can control Path B: the effective context from x<t.

The second category of techniques improves the dependency in Path A, so that the

decoder uses latent codes more easily. Skip connections were developed in [47] to shorten the

paths from z to x in the decoder. (author?) [41] introduced an auxiliary loss that requires

the decoder to predict the bag-of-words in the dialog response [41]. The decoder is thus

forced to capture global information about the target response. Zhao et al. [60] enhanced

Path A via mutual information. Concurrent with our work, (author?) [61] proposed to

update encoder multiple times to achieve better latent code before updating decoder. Semi-

amortized training [48] was proposed to perform stochastic variational inference (SVI) [62]

on top of the amortized inference in VAE. It shares a similar motivation with the proposed

approach, in that better latent codes can reduce KL vanishing. However, the computational

cost to run SVI is high, while our monotonic schedule does not require any additional

compute overhead. The KL scheduling methods are complementary to these techniques.

As shown in experiments, the proposed cyclical schedule can further improve them.

β-VAE The VAE has been extended to β-regularized versions in a growing body of

work [63, 64]. Perhaps the seminal work is β-VAE [63], which was extended in [65, 56]

to consider β on the refined terms in the KL decomposition. Their primary goal is to
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learn disentangled latent representations to explain the data, by setting β > 1. From an

information-theoretic point of view, [64] suggests a simple method to set β < 1 to ensure

that latent-variable models with powerful stochastic decoders do not ignore their latent

code. However, β ̸= 1 results in an improper statistical model. Further, β is static in their

work; we consider dynamically scheduled β and find it more effective.

Cyclical schedules Warm-restart techniques are common in optimization to deal with

multimodal functions. The cyclical schedule has been used to train deep neural net-

works [66], warm restart stochastic gradient descent [67], improve convergence rates [68],

obtain model ensembles [69] and explore multimodal distributions in MCMC sampling [70].

All these works applied cyclical schedules to the learning rate. In contrast, this work repre-

sents the first to consider the cyclical schedule for β in VAE. Though the techniques seem

simple and similar, our motivation is different: we use the cyclical schedule to re-open Path

A in Figure 2.1(b) and provide the opportunity to train the decoder with high-quality z.

2.6 Experiments

The source code to reproduce the experimental results will be made publicly available on

GitHub3. For a fair comparison, we follow the practical recipe described in Section 3.2,

where the monotonic schedule is treated as a special case of cyclical schedule (while keeping

all other settings the same). The default hyper-parameters of the cyclical schedule are used

in all cases unless stated otherwise. We study the impact of hyper-parameters in the SM,

and show that larger M can provide higher performance for various R. We show the major

results in this section, and put more details in the SM. The monotonic and cyclical schedules

are denoted as M and C, respectively.

3https://github.com/haofuml/cyclical annealing

19



5 10 15 20 25 30 35 40
# Epoch

102

103

104

105

106

107

108

E
LB

O

Cyc  VAE
Mon  VAE
Cyc  SA-VAE
Mon  SA-VAE

(a) ELBO

5 10 15 20 25 30 35 40
# Epoch

98

99

100

101

102

103

104

105

106

R
ec

on
st

ru
ct

io
n 

er
ro

r

(b) Reconstruction Error

5 10 15 20 25 30 35 40
# Epoch

1

2

3

4

5

6

7

K
L

(c) KL term

Figure 2.5: Learning curves of VAE and SA-VAE on PTB. Under similar ELBO,

cyclical schedule provides lower reconstruction errors and higher KL.
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Table 2.1: Comparison of language modeling on Penn Tree Bank (PTB). Since SA-

VAE tends to overfit, we report its best results in row M∗.

Schedule Rec KL ELBO PPL

VAE
M 101.73 0.907 -102.63 108.09

C 100.51 1.955 -102.46 107.25

SA-VAE

M∗ 100.75 1.796 -102.54 107.64

M 101.83 1.053 -102.89 109.33

C 100.50 2.261 -102.76 108.71

βm=0.5
M 97.36 9.605 -106.96 132.57

C 95.22 9.484 -104.70 118.78

2.6.1 Language Modeling

We first consider language modeling on the Penn Tree Bank (PTB) dataset [71]. Language

modeling with VAEs has been a challenging problem, and few approaches have been shown

to produce rich generative models that do not collapse to standard language models. Ideally

a deep generative model trained with variational inference would pursue higher ELBO,

making use of the latent space (i.e., maintain a nonzero KL term) while accurately modeling

the underlying distribution (i.e., lower reconstruction errors). We implemented different

schedules based on the code4 published by [48].

The latent variable is 32-dimensional, and 40 epochs are used. We compare the pro-

posed cyclical annealing schedule with the monotonic schedule baseline that, following [37],

anneals linearly from 0 to 1.0 over 10 epochs. We also compare with semi-amortized (SA)

training [48], which is considered as the state-of-the-art technique in preventing KL van-

ishing. We set SVI steps to 10.

Results are shown in Table 2.1. The perplexity is reported in column PPL. The cyclical

4https://github.com/harvardnlp/sa-vae
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Table 2.2: Generated dialog responses from the cyclical and monotonic schedules.

Context Alice: yeah you know it‘s interesting especially when my experience has always been at a public university.

Topic: Choose a College Target Bob (statement): yeah that’s right

C

1. yes

M

1. i’m not sure

2. oh really 2. and i’m not sure

3. and there’s a lot of <unk> there’s a lot of people 3. and i’m not sure

4. yeah 4. i’m not sure

5. and i think that’s probably the biggest problem i’ve ever seen in the past 5. i’m not sure

schedule outperforms the monotonic schedule for both standard VAE and SA-VAE training.

SA-VAE training can effectively reduce KL vanishing, it takes 472s per epoch. However,

this is significantly more expensive than the standard VAE training which takes 30s per

epoch. The proposed cyclical schedule adds almost zero cost.

We show the learning curves for VAE and SA-VAE in Figure 2.5. Interestingly, the

cyclical schedule exhibits periodical learning behaviours. The performance of the cyclical

schedule gets better progressively, after each cycle. While ELBO and PPL ar similar, the

cyclical schedule improves the reconstruction ability and KL values for both VAE and SA-

VAE. We observe clear over-fitting issues for the SA-VAE with the monotonic schedule,

while this issue is less severe for SA-VAE with the cyclical schedule.

Finally, we further investigate whether our improvements are from simply having a

lower β, rather than from the cyclical schedule re-opening Path A for better learning. To

test this, we use a monotonic schedule with maximum β = 0.5. We observe that the

reconstruction and KL terms perform better individually, but the ELBO is substantially

worse than β = 1, because β = 0.5 yields an improper model. Even so, the cyclical schedule

improves its performance.

2.6.2 Conditional VAE for Dialog

We use a cyclical schedule to improve the latent codes in [41], which are key to diverse

dialog-response generation. Following [41], Switchboard (SW) Corpus [72] is used, which

has 2400 two-sided telephone conversations.
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Table 2.3: Comparison on dialog response generation. Reconstruction perplexity

(Rec-P) and BLEU (B) scores are used for evaluation.

Model CVAE CVAE+BoW

Schedule M C M C

Rec-P ↓ 36.16 29.77 18.44 16.74

KL Loss ↑ 0.265 4.104 14.06 15.55

B4 prec 0.185 0.234 0.211 0.219

B4 recall 0.122 0.220 0.210 0.219

A-bow prec 0.957 0.961 0.958 0.961

A-bow recall 0.911 0.941 0.938 0.940

E-bow prec 0.867 0.833 0.830 0.828

E-bow recall 0.784 0.808 0.808 0.805

Two latent variable models are considered. The first one is the Conditional VAE

(CVAE), which has been shown better than the encoder-decoder neural dialog [73]. The

second is to augment VAE with a bag-of-word (BoW) loss to tackle the KL vanishing

problem, as proposed in [41].

Table 2 shows the sample outputs generated from the two schedules using CVAE. Caller

Alice begins with an open-ended statement on choosing a college, and the model learns to

generate responses from Caller Bob. The cyclical schedule generated highly diverse answers

that cover multiple plausible dialog acts. On the contrary, the responses from the monotonic

schedule are limited to repeat plain responses, i.e., “i’m not sure”.

Quantitative results are shown in Table 2.3, using the evaluation metrics from [41].

(i) Smoothed Sentence-level BLEU [74]: BLEU is a popular metric that measures the

geometric mean of modified n-gram precision with a length penalty. We use BLEU-1 to 4

as our lexical similarity metric and normalize the score to 0 to 1 scale. (ii) Cosine Distance

of Bag-of-word Embedding [75]: a simple method to obtain sentence embeddings is to
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take the average or extreme of all the word embeddings in the sentences. We used Glove

embedding and denote the average method as A−bow and extreme method as E−bow. The

score is normalized to [0, 1]. Higher values indicate more plausible responses.

The BoW indeed reduces the KL vanishing issue, as indicated by the increased KL

and decreased reconstruction perplexity. When applying the proposed cyclical schedule to

CVAE, we also see a reduced KL vanishing issue. Interestingly, it also yields the highest

BLEU scores. This suggests that the cyclical schedule can generate dialog responses of

higher fidelity with lower cost, as the auxiliary BoW loss is not necessary. Further, BoW

can be improved when integrated with the cyclical schedule, as shown in the last column

of Table 2.3.

2.6.3 Unsupervised Language Pre-training

We consider the Yelp dataset, as pre-processed in [76] for unsupervised language pre-

training. Text features are extracted as the latent codes z of VAE models, pre-trained

with monotonic and cyclical schedules. The AE is used as the baseline. A good VAE

can learn to cluster data into meaningful groups [36], indicating that well-structured z are

highly informative features, which usually leads to higher classification performance. To

clearly compare the quality of z, we build a simple one-layer classifier on z, and fine-tune

the model on different proportions of labelled data [77].

The results are shown in Figure 2.6. The cyclical schedule consistently yields the high-

est accuracy relative to other methods. We visualize the tSNE embeddings [78] of z in

Figure 2.9 of the SM, and observe that the cyclical schedule exhibits clearer clustered

patterns.

2.6.4 Ablation Study

To enhance the performance, we propose to apply the cyclical schedule to the learning

rate η on real tasks. It ensures that the optimizer has the same length of optimization

trajectory for each β cycle (so that each cycle can fully converge). To investigate the
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Figure 2.6: Accuracy of fine-tuning on the unsupervised pre-trained models on the

Yelp dataset.

Table 2.4: Comparison of cyclical schedules on β and η, tested with language mod-

eling on PTB.

Schedule Rec KL ELBO

Cyc β + Const η 101.30 1.457 -102.76

Mon β + Const η 101.93 0.858 -102.78

Cyc β + Cyc η 100.61 1.897 -102.51

Mon β + Cyc η 101.74 0.748 -102.49

impact of cyclical on η, we perform two more ablation experiments: (i) We make only β

cyclical, keep η constant. (ii) We make only η cyclical, keep β monotonic. The last epoch

numbers are shown in Table 2.4, and the learning curves on shown in Figure 2.10 in SM.

Compared with the baseline, we see that it is the cyclical β rather than cyclical η that

contributes to the improved performance.
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2.7 Conclusions

We provide a novel two-path interpretation to explain the KL vanishing issue, and identify

its source as a lack of good latent codes at the beginning of decoder training. This provides

an understanding of various β scheduling schemes, and motivates the proposed cyclical

schedule. By re-opening the path at β = 0, the cyclical schedule can progressively improve

the performance, by leveraging good latent codes learned in the previous cycles as warm

re-starts. We demonstrate the effectiveness of the proposed approach on three NLP tasks,

and show that it is superior to or complementary to other techniques.

2.8 Appendix

2.8.1 Comparison of different schedules

We compare the two different scheduling schemes in Figure 2.7. The three widely used

monotonic schedules are shown in the top row, including linear, sigmoid and cosine. We

can easily turn them into their corresponding cyclical versions, shown in the bottom row.

2.8.2 Proofs on the β and MI

When scheduled with β, the training objective over the dataset can be written as:

F = −FE + βFR (2.12)

We proceed the proof by re-writing each term separately.

Bound on FE Following [58], on the support of (x, z), we denote q as the encoder

probability measure, and p as the decoder probability measure. Note that the reconstruction

loss for z can be writen as its negative log likelihood form as:

FE = −Ex∼q(x),z∼q(z|x)[log p(x|z)]. (2.13)
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Lemma 1. For random variables x and z with two different probability measures, p(x, z)

and q(x, z), we have

Hp(z|x)

= −Ez∼p(z),x∼p(x|z)[log p(z|x)]

= −Ez∼p(z),x∼p(x|z)[log q(z|x)]

− Ez∼p(z),x∼p(x|z)
[

log p(z|x) − log q(z|x)
]

= −Ez∼p(z),x∼p(x|z)[log q(z|x)]

− Ep(x)(KL(p(z|x)∥q(z|x)))

≤ −Ez∼p(z),x∼p(x|z)[log q(z|x)] (2.14)

where Hp(z|x) is the conditional entropy. Similarly, we can prove that

Hq(x|z) ≤ −Ex∼q(x),z∼q(z|x)[log p(x|z)] (2.15)

From lemma 1, we have

Corollary 1. For random variables x and z with probability measure p(x, z), the mutual

information between x and z can be written as

Iq(x, z) = Hq(x) −Hq(x|z) ≥ Hq(x)

+ Ex∼q(x),z∼q(z|x)[log p(x|z)]

= Hq(x) + FE (2.16)

Decomposition of FR The KL term in (3.5) can be decomposed into two refined

terms [57]:
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FR

= Eq(x)[KL(q(z|x)||p(z))]

= Eq(z,x)[(log q(z|x) − log p(z))]

= Eq(z,x)[(log q(z|x) − log q(z)]

+ Eq(z,x)[log q(z) − log p(z))]

= Eq(z,x)[(log q(z,x) − log q(x) − log q(z)]

+ Eq(z,x)[log q(z) − log p(z))]

= Iq(z,x)︸ ︷︷ ︸
F1: Mutual Info.

+ KL(q(z)||p(z))︸ ︷︷ ︸
F2: Marginal KL

(2.17)

2.8.3 Model Description

Conditional VAE for dialog Each conversation can be represented via three random

variables: the dialog context c composed of the dialog history, the response utterance x,

and a latent variable z, which is used to capture the latent distribution over the valid

responses(β = 1) [41]. The ELBO can be written as:

log pθ(x|c) ≥ LELBO (2.18)

= Eqϕ(z|x,c)
[

log pθ(x|z, c)
]

− βKL(qϕ(z|x, c)||p(z|c))

Semi-supervised learning with VAE We use a simple factorization to derive the

ELBO for semi-supervised learning. α is introduced to regularize the strength of classifica-

tion loss.

log pθ(y,x) ≥ LELBO (2.19)

= Eqϕ(z|x)
[

log pθ(x|z) + α log pψ(y|z)
]

− βKL(qϕ(z|x)||p(z)) (2.20)

where ψ is the parameters for the classifier.
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Figure 2.7: Comparison between traditional monotonic and proposed cyclical an-

nealing schedules.

Good latent codes z are crucial for the the classification performance, especially when

simple classifiers are employed, or less labelled data is available.

2.8.4 More Experimental Results

CVAE for Dialog Response Generation

Code & Dataset We implemented different schedules based on the code5 published

by (author?) [41]. In the SW dataset, there are 70 available topics. We randomly split

the data into 2316/60/62 dialogs for train/validate/test.

Results The results on full BLEU scores are shown in Table 2.5. The cyclical schedule

outperforms the monotonic schedule in both settings. The learning curves are shown in

Figure 2.8. Under similar ELBO results, the cyclical schedule provide lower reconstruction

errors, higher KL values, and higher BLEU values than the monotonic schedule. Inter-

estingly, the monotonic schedule tends to overfit, while the cyclical schedule does not,

particularly on reconstruction errors. It means the monotonic schedule can learn better

latent codes for VAEs, thus preventing overfitting.

Semi-supervised Text Classification

5https://github.com/snakeztc/NeuralDialog-CVAE
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Dataset Yelp restaurant reviews dataset utilizes user ratings associated with each re-

view. Reviews with rating above three are considered positive, and those below three are

considered negative. Hence, this is a binary classification problem. The pre-processing

in [76] allows sentiment analysis on sentence level. It further filters the sentences by elimi-

nating those that exceed 15 words. The resulting dataset has 250K negative sentences, and

350K positive ones. The vocabulary size is 10K after replacing words occurring less than 5

times with the “<unk>” token.

Results The tSNE embeddings are visualized in Figure 2.9. We see that cyclical β

provides much more separated latent structures than the other two methods.

Hyper-parameter tuning The cyclical schedule has two hyper-parameters M and R.

We provide the full results on M and R in Figure 2.11 and Figure 2.12, respectively. A

larger number of cycles M can provide higher performance for various proportion value R.
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Figure 2.8: Results of CVAE and BoW+CVAE on SW. Under similar ELBO, cycli-

cal schedule provides lower rec errors, higher KL, and higher BLEU.
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Figure 2.9: Comparison of tSNE embeddings on Yelp dataset. More structured

latent patterns usually lead to better classification performance.
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Table 2.5: Comparison on dialog response generation. Monotonic (M) and Cyclical

(C) schedules are tested on two models.

Model CVAE CVAE+BoW

Schedule M C M C

B1 prec 0.326 0.423 0.384 0.397

B1 recall 0.214 0.391 0.376 0.387

B2 prec 0.278 0.354 0.320 0.331

B2 recall 0.180 0.327 0.312 0.323

B3 prec 0.237 0.299 0.269 0.279

B3 recall 0.153 0.278 0.265 0.275

B4 prec 0.185 0.234 0.211 0.219

B4 recall 0.122 0.220 0.210 0.219
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Figure 2.10: Ablation study on cyclical schedules on β and η. It is the cyclical β

rather than cyclical η that contributes to the improved performance
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Figure 2.11: The impact of hyper-parameter M : number of cycles. A larger number

of cycles lead to better performance.
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A larger R leads to better performance for various M .
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Chapter 3

Text VAE with Flexible Latent
Distribution

3.1 Introduction

Deep latent variable models such as variational autoencoders (VAEs) [36, 39] are becom-

ing increasingly popular in natural language processing (NLP). They have contributed to

fundamental advances in many NLP tasks, such as language modeling [37, 40], dialog re-

sponse generation [41, 42]. Compared with the traditional neural language models [49],

VAE is designed to explicitly capture the global features of natural languages in a contin-

uous latent variable. It provides an effective mechanism for reasoning about the observed

languages directly in the abstract level, enabling one step further towards controllable text

generation [44].

While VAE models provide a rich, flexible framework for modeling many NLP tasks,

difficulties exist: deep parameterizations of conditional likelihoods usually make posterior

inference intractable, and latent variable objectives often complicate backpropagation by

introducing points of non-differentiability [79]. To perform approximate posterior inference,

the Gaussian form is usually assumed for the approximate distribution to facilitate efficient

learning in variational inference [36, 39].

This Gaussian approximate is a simple and effective approach for image analysis, where

multi-layer perceptron (MLP) and convolutional neural networks (CNN) [50] are often used

to parameterize the decoder, and the entire image sample is generated from the latent space

in one shot. However, due to the sequential nature of text, an auto-regressive decoder is

typically employed in the text VAE. This decoder often parameterized with a recurrent

neural network (RNN) such as the long short-term memory (LSTM) [17]. The word token

of a sentence is generated in a sequential manner, where the ground-truth previous word
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tokens are fed into the decoder in conjunction with the latent feature. This introduces

one notorious issue when a VAE is trained using Gaussian approximates: the learned

Gaussian-shaped representations for all observations collapse into a single uninformative

prior Gaussian distribution, yielding what is termed the KL vanishing problem [37].

Various attempts have been made to ameliorate this issue from different perspectives,

including weakening the dependency on the ground-truth previous word tokens [37, 46], aug-

menting the dependency on latent codes [47], reducing the amortized inference errors [48],

modifying the training objective [41], and rescheduling the training dynamics [37, 61, 80].

Among them, it is recently concluded in [61, 80, 48] that feeding high quality latent codes

into the decoder at its early training stage can mitigate the KL vanishing issue. While their

proposed techniques are effective, the best latent codes they can feed to the decoder still

inherit the Gaussian form, yielding a gap from the target distributions. This implies that

the model may still suffer from KL vanishing, leading to sub-optimal representations.

In this work, we investigate the more flexible variational approximate in learning text

representations, and make the following contributions:

• We develop a semi-implicit (SI) approximate for the posterior inference. It can be

viewed as Gaussian mixtures, but can easily represent an infinite number of Gaussian

components without adding extra inference network weights.

• The SI representation enjoys an attractive property to enable the trade-off between

expressive power and computational cost, controlled by an hyper-parameter K. This

allows us to derive an efficient inference procedure to mitigate the KL issue with SI,

while maintaining low cost.

• We demonstrate that the proposed SI representation improves performance on two

NLP tasks, including language modeling and dialog response generation.
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3.2 Background

3.2.1 VAE Model Description

For a text sequence of length T , x = [x1, · · · , xT ], neural language models [49] generate the

t-th token xt conditioned on the previously generated tokens:

p(x) =
T∏
t=1

p(xt|x<t),

where x<t indicates all tokens before t.

However, language models lack an efficient inference mechanism, which prevents them

from reasoning about data at an abstract level. For instance, language models don’t allow

the sort of neural sentence manipulations showcased in [37]. The VAE was introduced to fill

the gap, simultaneously learning generative models with higher-quality sentence samples

while learning an efficient inference network [36, 39, 37]. The generative model (decoder)

draws a continuous latent vector z from prior p(z), and generates the text sequence x from

a conditional distribution pθ(x|z); p(z) is typically assumed a multivariate Gaussian, and

θ represents the network parameters. The following auto-regressive decoding process is

usually used:

pθ(x|z) =
T∏
t=1

pθ(xt|x<t, z). (3.1)

Parameter learning of θ typically employs maximizing the marginal log likelihood log pθ(x) =

log
∫
p(z)pθ(x|z)dz. However, this marginal term is intractable to compute for many de-

coder choices. Thus, variational inference is considered, and the true posterior pθ(z|x) ∝

pθ(x|z)p(z) is approximated via the variational distribution qϕ(z|x). This distribution is

often produced with an inference model or encoder, implemented via a ϕ-parameterized

neural network. It yields the evidence lower bound (ELBO) as an objective:

log pθ(x) ≥ L = (3.2)

Eqϕ(z|x)
[

log pθ(x|z)
]
− KL(qϕ(z|x)||p(z))
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In summary, the encoder qϕ(z|x) provides an efficient way to infer the latent global

representations z for the observation x, while the decoder pθ(x|z) aims to generate the

sentence samples, controlled by z.

3.2.2 VAE Training and Failure Modes

The ELBO can be viewed as a regularized version of the autoencoder (AE) [50]. It is thus

natural to extend the negative of LELBO in (3.2) by introducing a hyper-parameter β to

control the strength of regularization:

Lβ = E − βR, with (3.3)

E = Eqϕ(z|x)
[

log pθ(x|z)
]

(3.4)

R = KL(qϕ(z|x)||p(z)) (3.5)

where E is the log-likelihood or the negative reconstruction error term, and R is a KL

regularization term.

It is beneficial to understand VAEs from the cost function Lβ. β = 1 yields the standard

VAE in (3.2), while β = 0 yields the AE objective (when qϕ(z|x) is defined as a delta

distribution). One may need to carefully train VAEs with Lβ to avoid the following two

failing modes.

Over-fitting Issues When the KL regularization term R is weak (as in the AE), only a

point-estimate represents the text sequence’s latent feature, as the learned representations

are not effectively regularized toward a prior distribution. In practice, it has been found that

learning with an AE is prone to over-fitting [37], or generating plain dialog responses [41].

Hence, it is desirable to retain meaningful posteriors in real NLP applications.

KL Vanishing Issues The VAE objective in (3.2) suggests keeping β = 1 constant

during the entire training procedure. Unfortunately, instability on language modeling has

been witnessed, in that the KL term R learns faster than the NLL term E , and R quickly
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(b) SI-VAE with an auto-regressive decoder

Figure 3.1: Illustration of learning bottleneck in two methods: (a) Vanilla VAE and

(b) Semi-implicit VAE.

becomes vanishingly small during training [37]. This is known as the KL vanishing issue,

which causes undesirable outcomes: the encoder produces posteriors almost identical to the

Gaussian prior, for all observations (rather than a more informative posterior); the decoder

ignores the z, and the VAE model reduces to a simpler language model. To address the

issue, monotonic annealing schedule was proposed to increase β from 0 to 1 during the early

stage of VAE learning [37].

3.3 Semi-Implicit Text Representations

3.3.1 Diagnostics of KL Vanishing

It has been recently shown that the auto-regressive decoder in VAE has two paths working

together to generate text sequences, the KL vanishing issue happens due to the destruc-
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tive competition between the two paths for the information flows [80], illustrated in Fig-

ure 3.1(a). The circles with blue, green and red indicate observed, latent, reconstructed

variables, respectively. Path A consists of {ϕ,θ} passing through z. It firstly extracts the

global representation z, then generates x directly. Path B employs the partial ground-truth

information of x at every time step of the sequential decoding, it generates xt conditioned

on x<t. Hence, both paths compete to generate the observed text; the KL vanishing issue

would appear when Path B dominates Path A.

However, it is unknown why Path A tends to be weak in this competition. In this

work, we hypothesize that there is a bottleneck on Path A that may weaken the information

flow from x to xt. Let’s examine the bottleneck by reviewing the the assumption made

in variational approximate. Typically, qϕ(z|x) is modeled as a fully factorized Gaussian

distribution for its simplicity and efficiency:

qϕ(z|x) = N (µ,diag(σ2)), with µ,σ2 = fϕ(x) (3.6)

where fϕ is a ϕ-parameterized inference network, which outputs the mean µ and variance

σ2 of the Gaussian distribution.

The learning of VAE is highly scalable to large datasets because the inference network

shares the parameters to amortize inferential cost. This amortized approach contrasts with

traditional variational techniques that have separate local variational parameters for every

data point. The inference network aims to find the variational parameters for all sentences

in the space of Gaussian distribution. The performance is determined by two factors [81]:

(i) the capacity of the Gaussian distribution to match the true posterior; and (ii) the ability

of the inference network to produce good variational parameters for each sentence.

Specifically, the inference gap of a VAE, as described in [48], is defined as the KL

divergence between inference network posterior qϕ(z|x) and true posterior distribution

pθ(z|x). The inference gap can be decomposed into two distinct terms (the approximation
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gap and the amortization gap) as follows:

KL(qϕ(z|x)||pθ(z|x)) = KL(qλ∗(z)||pθ(z|x))︸ ︷︷ ︸
Approximation Gap

(3.7)

+ KL(qϕ(z|x)||pθ(z|x)) − KL(qλ∗(z)||pθ(z|x))︸ ︷︷ ︸
Amortization Gap

(3.8)

Here λ = [µ,σ2] represents the mean and variance for Gaussian distribution. The approx-

imation gap is the difference between the true posterior and the best possible variational

posterior within the family of distributions Q. This gap arises due to the limited expres-

siveness of the variational family, such as the multivariate Gaussian used in vanilla VAE.

The amortization gap, on the other hand, is the difference between the inference network

posterior and the best possible posterior. This gap arises because the shared parameters

from the inference network are used for each data point. Both the approximation and

amortization gaps have an impact on the learned generative model.

In practice, the inference networks may always have a capacity limit, which can result

in imperfect variational parameters. In certain extreme cases, the limited capacity may

produce all variational Gaussian parameters that share a similar configuration such as the

prior, i.e., KL vanishing. Alternatively, we may relax the Gaussian approximation to more

expressive forms. Recent studies show that the KL vanishing can be alleviated if the high-

quality latent codes are provided at the beginning of decoder training [48, 61, 80]. It is thus

promising to reduce the issue by feeding z samples that are beyond Gaussian, and close to

the target distributions.

3.3.2 From GMM to Semi-Imipclit Posteriors

One natural idea to extend the Gaussian posterior in (3.6) to more flexible distribution is

the Gaussian Mixture Models (GMM) [82]:

qϕ(z|x) =

K∑
k=1

πkN (µk, diag(σ2
k)),

with {πk,µk,σ
2
k}Kk=1 = fϕ(x), (3.9)
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where K is the total number of Gaussian components, µk and σ2
k is the mean and variance

of the k-th component, and π = [π1, · · · , πK ] is the mixture coefficient. The traditional

GMM is restrictive in that (i) K needs to be pre-defined, and (ii) the size of network ϕ for

amortized inference will increase as K increases.

To bypass these issues, we propose the following semi-implicit (SI) form of GMM [83]:

qϕ(z|x) =

∫
λ
q(z|λ)qϕ(λ|x) (3.10)

where λ = [µ,σ2] is the mean and variance for Gaussian distribution q(z|λ) = N (z;µ,σ2),

whose distribution parameters are drawn from an implicit distribution λ ∼ qϕ(λ|x). Specif-

ically, the sampling process is:

λ = fϕ(x, ϵ), with ϵ ∼ q0(ϵ) (3.11)

where q0(ϵ) can be any easy-to-sample distribution, fϕ is a ϕ-parameterized network with

input {x, ϵ}.

Note that (3.10) can be viewed as GMM with an infinite number of components. As

once ϕ is well trained, one can draw an arbitrary number of samples via (3.11), each of

which corresponds to a new Gaussian component. In contrast to (3.9), this sampling process

only requires adding a small constant number of network parameters in ϕ.

We show the probabilistic graphical model of SI in Figure 3.1 (b). Path A is now

composed of {x, ϵ} → λ → z → xt, where qϕ(z|x) has a much more flexible distribution

family to choose from than a Gaussian form. It allows z to encode x more easily. The

enriched z can strength path A, and keep it stay informative in the two-path competition.

3.3.3 Learning and Inference with SI

Though flexible, the SI representation in (3.10) introduces additional difficulty in learning:

the evaluation of the KL term in (3.5) becomes inefficient because its closed form disappears.
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Fortunately, there is a lower bound for the KL term:

R = − KL(qϕ(z|x)||p(z)) (3.12)

= − KL(Eqϕ(λ|x)q(z|λ)||p(z))

≥− Eqϕ(λ|x)
[
KL(q(z|λ)||p(z))

]
≜ R. (3.13)

Note that (3.13) is efficient to evaluate due to the Gaussian form of q(z|λ). Therefore,

we can maximize the lower bound of ELBO:

L = E + R ≥ E + R ≜ L (3.14)

However, directly optimizing (3.14) causes a degeneracy issue that qϕ(λ|x) could converge

to a point mass density, making qϕ(z|x) reduce to the vanilla Gaussian form. To prevent

degeneracy, a repulsive term is added to regularize L [83]:

BK =Eλ,λ(1),...,λ(K)∼qϕ(λ|x)KL(q(z|λ)||q̃K(z|λ)),

where q̃K(z|λ) ≜
q(z|λ) +

∑K
k=1 q(z|λ(k))

K + 1
. (3.15)

It leads to LK ≜ L + BK . Note that maximizing LK with K ≥ 1 would encourage

positive BK and drive qϕ(λ|x) away from degeneracy. In another word, BK guarantees the

SI in (3.10) to spread out as an infinite number of Gaussian mixtures, rather than collapsing

into one single Gaussian.

3.4 Mitigating KL Vanishing with SI

The KL vanishing issue happens due to a lack of good latent codes z in the initial stages

of decoder training [61, 80], and the decoder passively chooses to use the previous word

tokens x<t alone to generate the next word xt. Based on this observation, two algorithms

are proposed independently:

• Aggressive encoder training: He et al. [61] propose to aggressively optimize the

encoder Ta times (Ta > 0) before performing each model update.
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• Cyclical β-annealing schedule: Fu et al. [80] propose simply repeats the mono-

tonic β annealing procedure M times (M > 1). Within each cycle, only a proportion

R ∈ (0, 1) is used to increase β from 0 to 1, and while the 1 −R for fixing β = 1. A

linear annealing scheme is:

βt =

τ/R, τ ≤ R

1, τ > R
with (3.16)

τ =
mod(t− 1, ⌈T/M⌉)

T/M
.

Both work share a similar motivation: improving the quality of z before it is used for decoder

training. However, they optimize the latent codes in the space of Gaussian distribution,

due to the variational assumption.

In this work, we propose to further mitigate the KL issue through improving the latent

codes using SI. The update of SI is based on the tractable bound:

LK =L + BK = E + R + BK (3.17)

=Ez∼qϕ(z|x)[log pθ(x|z) + p(z) − q̃K(z|λ)].

≈ 1

J

J∑
j=1

[
log pθ(x|zj) + log p(zj) (3.18)

− log
1

K + 1
[

K∑
k=1

q(zj |λk) + q(zj |λj)]
]
,

where the expectation in (3.17) is estimated via J samples in (3.18), with the j-th sample

drawn as:

zj ∼ q(z|λj), λj ∼ qϕ(λ|x) (3.19)

On the impact of K The representational power of SI relies on K, the number of

samples used to approximate (3.10). Each sample is used to construct the variational

parameters for one Gaussian mixture, thus larger K indicates more Gaussian mixtures. It

has been shown in [83] that the regularized lower bound LK is an asymptotically exact

ELBO that satisfies L0 = L and limK→∞ LK = L.
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Table 3.1: Comparisons of vanilla VAE and SI. The SI representation provides a

trade-off between expressive power and computational cost.

VAE SI

K K = 0 K ≥ 1

Speed Fast Larger K yields higher compute cost

Flexibility Limited Larger K yields higher flexibility

We summarize the connection/comparison of vanilla VAE and SI in Table 3.1. Note

that vanilla VAE can be considered as a special case of SI-VAE when K = 0. SI can

balance the trade-off between the posterior flexibility and the computational cost using K.

To leverage both advantages, we suggest an annealing training procedure via scheduling K.

It performs in two stages: (i) A small K is first used. We can leverage the speed advantage

to push the variational distribution towards the target distribution at a fast pace. (ii) We

gradually increase K to a pre-defined Kmax. It refines the distribution learned in the first

stage into highly flexible SI representations.

This annealing training procedure can be integrated into the aggressive encoder train-

ing [61] or the cyclical schedule [80] to get better performance, while maintaining low

computational cost. Note the key to reduce KL vanishing is to feed high-quality z to de-

code in the initial stage of decode learning. Here, this initial stage means the time after

each aggressive training loop ends in [61], or each cyclical period ends in [80]. Hence, the SI

annealing training periods can be synchronized with them. By the time the next aggressive

loop or cyclical period start, we can make sure the flexible SI latent codes are fed into the

decoder.

We summarize the full training in Algorithm 1. Kt is iteration-dependent; it is reserved

to implement the stacked training. Note that when M = 1 and R < 0.5, we have the

standard monotonical annealing scheme. When Ta = 0 we have the standard encoder-

decoder update.
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Algorithm 1: SI Training

Input: encoder ϕ, decoder θ, Kt, Ta, M , R

1 Initialize: ϕ, θ;

2 for t = 1, 2, . . . , T do

3 % β annealing schedule

4 Evaluate βt using (3.16) ;

5 % Aggressive encoder training

6 for ta = 1, 2, . . . , Ta do

7 Sample a minibatch X ;

8 Compute gradient gϕ = ∇ϕLβt,Kt
(X) ;

9 Update ϕ using gradient gϕ ;

10 end

11 % SI update

12 Sample a minibatch X ;

13 Sample λk using (3.11) for k = 1, · · · , Kt ;

14 Sample zj using (3.19) for j = 1, · · · , J ;

15 Compute gradient gϕ,θ=∇ϕ,θLβt,Kt
(X);

16 Update θ, ϕ using gradient gϕ,θ;

17 end

3.5 Related Work

Good latent representations are key for a wide range of NLP tasks. We recommend [79] for

a comprehensive study for deep latent variable models in natural languages. Several VAE

model variants have been developed to reduce the approximate errors in Gaussian proposals

via more flexible posteriors, including normalizing flows (NFs) [84], adversarial variational

Bayes (AVB) [85], particle-based methods [86]. Our method is based on on [83]. It bypasses

the strict invertibility requirement of NFs, the instability of adversarial training in AVB,
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and prohibitive computation in particle-based methods. Nevertheless, all these methods

can provide more accurate posterior approximate than the Gaussian variants when carefully

tuned. However, to the best of our knowledge, they are only evaluated on image datasets

with MLP/CNN decoders. In the text domain, the use of auto-regressive decoders in VAE

brings additional difficulties in learning representations. Our work presents the first work to

investigate the flexible posterior learning for auto-regressive decoders. We gain the insights

that the KL vanishing issue is less severe than previously thought when trained with more

flexible posteriors such as SI.

3.6 Experimental Results

We implement SI in Pytorch. The source code to reproduce the experimental results will

be made publicly available on GitHub1. The M and C indicate training with monotonic

and cyclical β schedule, respectively; A indicates the results to combine with aggressive

encoder training.

3.6.1 Visualization of Latent Spaces

To illustrate the learned z of SI and VAE, we visualize the latent space of a synthetic dataset.

Consider a dataset consisting of 10 sequences, each of which is a 10-dimensional one-hot

vector with the value 1 appearing in different positions. A 2-dimensional latent space is

used for the convenience of visualization. A 1-layer LSTM with hidden units is employed

for the decoder in analog with the sentence decoding process. The encoder is implemented

using a 2-layer MLP with 64 hidden. We use T =4K total iterations, K = J = 100. Three

β-scheduling schemes are considered [80].

We visualize the resulting latent space division of the last training step in Figure 3.2,

where each color corresponds to z ∼ q(z|n), for n = 1, · · · , 10. The Gaussian VAE results

are in the top row. The constant schedule produces heavily mixed latent codes z for

1https://github.com/
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different sequences. The monotonic schedule divides the space into a mixture of 10 thin

and long cluttered Gaussians. The cyclical schedule behaves similarly but with more circled

distributions. It shows that Gaussian VAE results heavily depend on the β-scheduling

schemes. This is perhaps because the learning process is conducted in the restrictive space

of Gaussian variational forms, carefully-crafted searching schedules play an important role.

However, the proposed SI method consistently produces well-divided latent representations

for all three schedules. Importantly, its posteriors q(z|n) have non-Gaussian forms such as

slice-shaped distributions.

We refer q(z) =
∑N

n=1 q(z|n)q(n) as the aggregated posterior [55]. This marginal

distribution characterizes the aggregated z after embedding the entire dataset into the

latent space. Good latent representations should have low KL(q(z)||p(z)). Ideally, it means

the overall shape of z samples is close to p(z) = N (0, 1). The flexibility of SI allows the

learned posteriors to adapt arbitrarily well to fit the prior, thus produces high-quality q(z).

In contrast, the limitation of Gaussian assumptions in vanilla VAE leads to some holes

between q(z|n) and p(z), making q(z) violate the constraint of p(z). The SI representations

capture more clear patterns and structured information is captured in z, which is beneficial

in downstream applications below.

3.6.2 Language Modeling

Dataset and Setup We first consider to apply VAEs to the language modeling task on

the Penn Tree Bank (PTB) dataset [71]. Following [48, 61], we set the word embedding di-

mension as 512. The encoder and decoder is an LSTM with 1024 hidden units, respectively.

J =5, K is linearly increased to Kmax = 50.

Evaluation In addition to generating high-quality sentences as in the traditional neural

language models that only, VAEs also aim to learn a good posterior distribution in the latent

space. The language modeling performance is evaluated with ELBO, perplexity (PPL) and

importance weighted perplexity (IWP) [61]. To compute IWP, Importance weighted nega-
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(a) Constant (b) Monotonic (c) Cyclical

Figure 3.2: Comparison of VAE (top row) and SI (bottom row) in terms of the

learned latent spaces for the three schedules.

tive log likelihood (IWNLL) is first calculated according to − logEqϕ(z|x)([(pθ(x|z))p(z)/qϕ(z|x)].

The exponential of the mean of the IWNLL for each word gives IWP. Note that IWP pro-

vides a tighter bound to log p(x) than PPL. Higher ELBO and lower PPL/IWP indicate

the model fits the observed sentences better. More importantly, we are interested in the

learned z, which is evaluated using the following three metrics:

• AU: The total number of active units in z, defined as Az = Covx(Ez∼q(z|x)[z]) >

0.01 [87];

• MI: The mutual information I(x, z);

• KL: The posterior-prior KL divergence, i.e., R defined in (3.5). The KL for SI is

reported as its bound RK + BK .

The results are reported in Table 3.2. We implement SI based on the Github repos-

itory 2. We first compare SI with VAE trained with monotonic and cyclical β schedule,

2https://github.com/jxhe/vae-lagging-encoder
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Table 3.2: Results on PTB. Blue numbers indicate SI performs than VAE. Bold

means the highest compared with all other methods.

Methods AU MI KL PPL IWP

M

VAE 1 0.56 0.68 94.6 93.1

SA - - 1.05 109.2 -

SI 7 2.73 4.83 105.6 96.73

C

VAE 4 0.95 1.26 95.74 96.23

SA - - 2.26 108.7 -

SI 5 4.08 2.63 106.3 96.87

M A
VAE 14 3.33 9.02 101.9 92.26

SI 32 3.73 9.20 100.3 88.51

respectively. We see that SI achieves higher AU, MI, and KL than VAE for both schedules.

It means SI can provide more informative latent codes than VAE. We also compare with

the semi-amortized (SA) training [48]. SI outperforms SA in terms of KL while maintaining

the same PPL. It implies that learning with more flexible distribution forms can indeed

lead to more informative latent codes. When training VAE and SI with the aggressive

encoder training, both methods get improved. SI still achieves substantially better results

than VAE in terms of AU. Interestingly, it activates all 32 latent units. We argue that the

aggressive encoder training can be particularly important for the proposed SI, as it allows

SI getting fully optimized to release its representational power.

3.6.3 Dialogue Response Generation

Dataset and Setup The conditional VAE (CVAE) is often used in dialogue response

generation, the learned representations are crucial in generating relevant and diverse re-

sponses. We evaluate our model on Switchboard dataset [88], which contains 2,400 two-way
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Table 3.3: Performance comparison on the SwitchBoard dataset. Blue numbers

indicate SI performs than VAE. Bold means the highest.

Methods
BLEU BOW Embedding Intra Distinct Inter Distinct

L
R P F1 A E G dist-1 dist-2 dist-1 dist-2

HRED 0.262 0.262 0.262 0.820 0.537 0.832 0.813 0.452 0.081 0.045 12.1

CVAE 0.295 0.258 0.275 0.836 0.572 0.846 0.803 0.415 0.112 0.102 12.4

CVAE+BOW 0.298 0.272 0.284 0.828 0.555 0.840 0.819 0.493 0.107 0.099 12.5

CVAE+CO 0.299 0.269 0.283 0.839 0.557 0.855 0.863 0.581 0.111 0.110 10.3

DialogWAE 0.394 0.254 0.309 0.897 0.627 0.887 0.713 0.651 0.245 0.413 15.5

DialogWAE+GMP 0.420 0.258 0.319 0.925 0.661 0.894 0.713 0.671 0.333 0.555 15.2

SI + M 0.376 0.248 0.299 0.888 0.640 0.890 0.832 0.461 0.209 0.298 11.5

CVAE + M 0.360 0.245 0.292 0.884 0.634 0.884 0.826 0.459 0.204 0.282 11.2

SI + C 0.441 0.246 0.315 0.937 0.683 0.905 0.888 0.782 0.499 0.77 12.1

CVAE + C 0.440 0.244 0.314 0.937 0.688 0.906 0.876 0.741 0.461 0.72 12.0

telephone conversations under 70 specified topics. We use SI to replace the Gaussian pos-

teriors in CVAE. Our model architecture and hyper-parameters are identical to [41] except

that we concatenate the context and sentence embedding with 100-dim noise vector as the

input of the SI inference network. J =5, K is linearly increased to Kmax = 30.

Evaluation We adopted the same metrics from [82] to quantify the performance, in-

cluding BLEU, BOW Embedding and Intra & Inter Distinct. We detailed the model and

evaluation description in Appendix.

Baselines We compare the performance of SI-CVAE with six recently-proposed base-

lines for dialogue modeling: (1) HRED: a generalized sequence-to-sequence model with

hierarchical RNN encoder [73]; (2) CVAE: a conditional VAE model with KL-annealing

[89] [41]; (3) CVAE-BOW: a conditional VAE model with a BOW loss [41]; (4) CVAE-CO:

a collaborative conditional VAE model [90]; (5) DialogWAE: a conditional Wasserstein

autoencoder model [82] and (6) DialogWAE-GMP: a conditional Wasserstein autoencoder
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Table 3.4: Generated dialog responses from SI and CVAE methods.

Context mind of the jury is probably a better vehicle for sentencing than the judge himself

because then there’s the consensus thing rather than a single person

Target well there is an argument in that a judge has seen a lot more cases and you know perhaps he sees one crime

SI

1. yeah that is true

CVAE

1. yeah

2. that’s a very good idea i guess is not even the

jury system

2. that’s right

3. i think the judges should be a little more like a

man

3. um - hum

4. uh - huh 4. oh i can’t believe that

5. right i should be able to get on the jury that’s

not necessarily the way

5. uh - huh yeah i think that’s a good idea

but i’m not sure about it

Context favorite type of music or musician or any

Target i don’t really have a favorite type i like a lot of different types of music

SI

1. i’m in classical music and i enjoy listening to

music CVAE

1. what kind of music do you like i said i like

to read a lot of music

2. so i just love the whole bunch of different kinds

of music

2. i like to watch tv and stuff like that

3. i used to watch cartoons and watch cartoons 3. have you ever been to a concert or

4. purple buddy in a lot of fun i like to 4. uh - huh

5. do you have a favorite show on the show 5. oh okay well i’m not sure what the name

is on tv or
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model with Gaussian mixture prior [82].

Table 3.3 summarizes the results for the various methods. All baseline results from [82].

We implement SI based on their Github repository 3, and report CAVE and SI results

based on our runs. We compare SI with Gaussian CVAE for both monotonic and cyclical β

schedules. SI improves CVAE in terms of all evaluation metrics for the monotonic schedule.

When the cyclical schedule is used, SI provides higher BLEU scores than CVAE, indicating

that SI is able to generate more relevant responses. It also implies that SI is able to learn

more informative z, and suffer less from the KL vanishing issue. When comparing with the

state-of-the-art methods, SI provides the highest BLEU Recall and BOW Embedding (A).

Meanwhile, SI achieves the best Intra/Inter Distinct values, this shows the evidence that

SI can produce the most diverse response generation.

Table 4 shows examples of generated responses from the CVAE and SI. Given a context,

five samples are drawn for each method. SI-CVAE can generate more coherent responses

that cover multiple plausible aspects. In contrast, the responses generated by CVAE ex-

hibits relatively limited variations or less informative contents.

3.7 Conclusion

We have introduced the semi-implicit approximate in the posterior learning of VAEs to infer

text representations. The flexibility of SI helps reduce the representational bottleneck in the

latent space and thus alleviate the KL vanishing issue. The effectiveness of SI is validated

with the clear latent space division in the synthetic dataset and improved performance on

two NLP tasks: providing more informative latent codes in VAE language modeling, and

promoting the diversity in conditioned dialogue response generation.

3https://github.com/guxd/DialogWAE
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3.8 Appendix

3.8.1 Conditional VAE for Dialog

Model Description Each conversation can be represented via three random variables:

the dialog context c composed of the dialog history, the response utterance x, and a latent

variable z, which is used to capture the latent distribution over the valid responses(β = 1)

[41]. The ELBO can be written as:

log pθ(x|c) ≥ LELBO (3.20)

= Eqϕ(z|x,c)
[

log pθ(x|z, c)
]

− βKL(qϕ(z|x, c)||p(z|c))

Evaluation We adopted the same metrics from [82] to quantify the performance for

dialog response generation:

• BLEU: BLEU measures how much a generated response contains n-gram overlaps

with the reference.

• BOW Embedding: The cosine similarity of bag-of-words embeddings between the

hypothesis and the reference. The Glove vectors [91] are used. For each test context,

we report the maximum BOW embedding score among the 10 sampled responses.

We use three metrics to compute the word embedding similarity: Average, Extrema

and Greedy.

• Intra & Inter Distinct: dist-n is defined as the ratio of unique n-grams (n = 1, 2)

over all n-grams in the generated responses. Note that intra-dist and and inter-dist

are defined as the average of distinct values within each sampled response and among

all sampled responses, respectively. Higher values indicate higher diversity.

55



Chapter 4

Neural Architecture Search for Vision
OOD Detection

4.1 Introduction

The success of Convolutional Neural Network (CNN) achieve record-breaking performance

under various real-world applications, such as medical image analysis [92, 93], autonomous

driving [94, 95], and human pose estimation [96, 97]. Modern machine learning system

requires that the models not only be accurate but also robust to distribution shift and

outliers. While modern CNN architectures enjoy high performance on computer vision

benchmarks thanks to continuous development and techniques from latest research, the

robustness of these models in addressing data distribution shift is rarely studied. Thus,

Out-of-Distribution (OOD) detection [38] becomes an essential part for safe deployment of

CNN models.

Detecting OOD inputs has made significant progress in recent years. Most previous

studies have focused on developing post-hoc techniques using confidence score [98, 99, 100]

or methods based on deep generative models [101, 102]. Another branch of OOD detection

methods makes use of auxiliary outlier samples with extra regularization during train-

ing [103, 104] to help models learn ID/OOD discrepancy. However, there is an orthogonal

aspect from the intrinsic influence of structure to OOD detection which still remains unex-

plored. The significance of network architectures in OOD detection has emerged in several

previous experiments. Liang et al. [105] find out different architectures with close clas-

sification accuracy on in-distribution data demonstrate clear OOD detection performance

difference using MSP and ODIN method. According to Hendrycks et al. [106], pretrained

transformers [19] are more effective in identifying OOD examples than other network struc-

tures. Koner et al. [107] proposed a new architecture OODformer that leverages the
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contextualization capabilities of the transformer to improve OOD detection performance.

Recent development and evolution in CNN architectures [108, 109, 34] significantly

boost the performance on image applications with chain-structured CNN architectures.

For example, Neural Architecture Search (NAS) boosts ImageNet classification accuracy

from 72% in MobileNetV2 to 80% in Once-for-all under mobile computation regime. De-

spite the significant impact of architecture on the performance, existing OOD research

overlooks such advancements and instead, use conventional chain-like CNN architectures

(e.g., ResNet [9]) as backbones to carry outlier detection, achieving modest AUROC gain

compared to prior state-of-the-art baselines. Thus, a systematic approach that thoroughly

studies the relationship between CNN architecture fabrications and the quality outlier de-

tectors is beneficial to push the boundary of outlier detection.

Motivated by the strong advancements brought by Neural Architecture Search (NAS)

on image classification, a natural idea is incorporating NAS into the search of CNN ar-

chitectures dedicated for outlier detection. However, NAS has two major challenges in

crafting optimal outlier detectors. First, image-based NAS approaches use hand-crafted

design motifs (e.g., ResNet block [9]) as building block to craft CNN architectures, taking

advantage of its strong performance on image classification. Yet, these design motifs may

not prove effective on outlier detection, see Figure 4.1. This calls for a more flexible search

space to cover more flexible CNN designs, i.e., dense connectivity of versatile convolution

operators. Second, evaluating outlier detectors require precise techniques to distinguish

the OOD performance of different NAS models. While existing OOD research [38] made

efforts to enhance the quality of outlier detector, their evaluation metric suffers from high

variance and thus, not feasible to be deployed in NAS process. This calls for a more stable

and robust evaluation strategy to improve the ranking of different CNN models.

Given the above challenges and motivations, our solution is establishing a systematic

framework to search for the dense connectivity of versatile convolution building operators

for outlier detection. Thus, we focus on the following question in this paper, “Can the

search of dense connectivity in CNN architectures benefit outlier detectors?”
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Figure 4.1: Classification Accuracy v.s. OOD AUROC of ResNets with different

number of layers. Better accuracy does not indicate higher AUROC.

To fully answer the question, we propose a new paradigm, Dense Connectivity Search

of Outlier Detector (DCSOD), that employ Neural Architecture Search (NAS) to automat-

ically search for the optimal outlier detectors for out-of-distribution samples. We focus on

the challenging near-OOD detection task, where the outliers exhibit semantic similarity to

the in-distribution classes. To enable comprehensive exploration of dense connection pat-

terns within neural networks, We introduce a flexible convolutional neural network (CNN)

search space containing dense connectivity of versatile building operators. More specfically,

we represent the hierarchical structure of CNN architectures as a composition of Directed

Acyclic Graphs (DAGs). Each DAG represents a building cell in a particular hierarchy. The

DAG representation captures the edge connections between heterogeneous building oper-

ators, including convolution and depthwise convolution with varying filter sizes. As such,

our search space includes a wealth of potential candidates and encompasses a wide range

of design motifs (e.g., ResNet [9], DenseNet [10]), allowing versatile dense connectivity

between diverse computation operators with minimal structural constraints.

We obtain the optimal outlier detector from our search space by leveraging neural pre-

dictor [32]. We identify the challenge of high evaluation variance on OOD detection evalua-
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tion based on multi-view feature learning: The subset of features that are acquired through

cross entropy training exhibit differing levels of ability in recognizing out-of-distribution

(OOD) data, resulting in a significant fluctuation in the efficacy of OOD detection. To

tackle the challenge, we introduce a new outlier distillation training objective that offers

more informative guidance and enables efficient multi-view learning for outlier detection,

and propose an evolving distillation algorithm to mitigate the variance in OOD evaluation.

The proposed algorithm searches for an evolving ensemble of teacher models, resulting in

a progressively improved training loss landscape and providing better guidance on ranking

candidate CNN architectures in predictor-based NAS.

We examine the proposed methods on CIFAR near-OOD benchmarks and achieve state-

of-the-art (SOTA) performance over existing CNN-based structures and NAS methods.

More specifically, DCSOD achieve 95.8% (95.1%) AUROC score on CIFAR-10 vs. CIFAR-

100 (CIFAR-100 vs. CIFAR-10) detection task, improving previous state-of-the-art by 0.8%

(1.1%). We also conduct extensive experiments to study the effects of hyper-parameters,

loss landscape structures, and extract beneficial structural patterns for outlier detection.

We summarize our contributions as follows:

• We propose DCSOD, a novel paradigm that leverages Neural Architecture Search (NAS)

to explore optimal outlier detectors within a highly flexible search space, brewing CNN

architectures with dense connectivity of versatile convolution operators.

• We provide an interpretation based on multi-view feature learning and propose an outlier

distillation loss along with an evolving distillation algorithm to stabilize training and

reduce variance in OOD detection evaluations.

• The best models crafted by DCSOD, achieve the state-of-the-art OOD AUROC on CI-

FAR near-OOD benchmarks.
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4.2 Preliminaries

4.2.1 OOD Detection.

Most popular techniques for OOD detection involve designing a confidence score to dis-

tinguish outlier data. One of the most basic methods for OOD detection is to use the

maximum softmax probability (MSP)[98] as the confidence score. Lee et al.[99] proposed

fitting a class-conditional Gaussian distribution with feature embeddings and using the

Mahalanobis distance (Maha) for OOD detection. Another line of work focus on modifying

the training loss with usage of outlier examples. For instance, Outlier Exposure (OE)[103]

trains the model to predict a uniform distribution over in-distribution classes. Liu et al.

[100] proposed energy-bounded learning objective to explicitly shape the energy surface for

differentiation between in- and out-of-distribution data.

The following provides a more detailed introduction to the methods mentioned above:

1. Maximum softmax probabilities (MSP) [98] is a simple yet strong baseline using

information from output space. Assume that the neural network f = (f1, ..., fC) is

trained to classify C classes. It takes the maximum over softmax output as confidence

score for OOD detection.

SMSP (x) = max
i∈{1,...,C}

Si
soft(x) (4.1)

where Si
soft(x) =

exp(f i(x))∑C
j=1 exp(f j(x))

2. Mahalanobis distance (Maha) [99]: Mahalanobis is a distance-based detection method.

Let N be the training size, C be the total class number, and h(x) be the feature or

embedding of input x obtained from certain hidden layer (usally the penultimate

layer) of neural network. They fit a Gaussian distribution to the embeddings by

computing per-class mean µi and shared covariance matrix Σ. The score SMaha(x)
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can then be computed by taking the maximum of negative distances:

SMaha(x) = max
i∈{1,...,C}

{−(h(x) − µi)
TΣ−1(h(x) − µi)} (4.2)

where µi =
1

Ni

∑
j:yj=i

h(xj) and Σ =
1

N

C∑
i=1

∑
j:yj=i

(h(xj) − µi)(h(xj) − µi)
T

3. Outlier exposure (OE) [103] is proposed to improve detection performance by utilizing

the auxiliary out-distribution data Dout. Specifically, they fine-tune the model by

encouraging it to make uniform distribution on outlier data. The training loss is a

combination of two cross-entropy losses, one for in-distribution data and another for

out-of-distribution data, with λ as the controlling weight (H is is cross-entropy loss,

U is uniform distribution.):

E(x,y)∼Din
[L(f(x), y)] + λEx∼Dout [H(U ; f(x))] (4.3)

4. Energy OOD (Energy): Instead of relying on softmax confidence score, Liu et al.[100]

proposed using the energy score defined as: E(x) = −T · log
∑C

i=1 e
fi(x)/T (where T

is the temperature parameter, C is the total class number), to differentiate in- and

out-of-distribution examples. Furthermore, they also propose an energy-bounded

learning objective, where the neural network is fine-tuned to assign lower energies to

the in-distribution data, and higher energies to the OOD data:

E(x,y)∼Din
[L(f(x), y)] + λLenergy (4.4)

where Lenergy = E(x,y)∼Din
(max(0, E(x) −min))2 + Ex∼Dout(max(0,mout − E(x)))2

(4.5)

4.2.2 Neural Architecture Search (NAS).

Neural Architecture Search (NAS) democratizes the development of Convolutional Neu-

ral Network (CNN) models on computer vision applications [28, 96, 110]. Reinforcement

Learning [28, 29], differentiable-based search [30, 31], predictor-based [32], and one-shot
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search [34, 35] are popular search methods in delivering state-of-the-art vision models.

However, most existing NAS methods utilizes design motifs as building blocks to brew a

limited search space, with strong human priors on the quality of image perception. Yet,

the same prior may not be optimal on outlier detection problems dealing with data dis-

tribution. A few NAS works attempt to explore the structural wiring of CNN architec-

tures [111, 112, 113], yet end up with constraints (e.g., limitation of building operators

between nodes) in search space and modest performance on vision benchmarks. Our ap-

proach extends the search space to enable dense connectivity between different convolutions

with minimal constraints in search space, thus provides more opportunity in obtaining bet-

ter outlier detectors.

4.3 Methodology

The relationship between CNN architectures and OOD evaluation quality is left unexplored

in existing literature. In this work, we propose a novel paradigm, Dense Connectivity

Search of Outlier Detector (DCSOD), to explore optimal outlier detectors using Neural

Architecture Search. DCSOD searches for the optimal structural wiring of convolution

operators within a dense connectivity search space, see Figure 4.2. The dense connec-

tivity between different convolution operators allow information to be aggregated without

structural constraints, thus extending the flexibility in CNN architecture designs compared

to chain-structured counterparts (e.g., ResNet). DCSOD utilizes a neural predictor [32] to

explore the design space, and introduces evolving distillation algorithm to enhance the rank-

ing of CNN architectures. The evolving distillation algorithm enables efficient multi-view

learning for outlier detection, thus obtains a more precise and robust OOD evaluation.

4.3.1 NAS Framework for OOD Detection

In this section, we introduce the dense connectivity space and predictor-based NAS.

Dense Connectivity Search Space. Modern CNN architectures are composed of a series
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of building blocks (i.e. stages), where each stage is responsible for transforming features

at the same input resolution. Our search space follows the same paradigm but focuses

on structural design in terms of connectivity between operators inside each stage. As

shown in Figure 4.2, the dense connectivity search space has three stages, each consisting

of three identical cells. The cells from different stages are independent and can be different.

We represent each building cell as a Directed Acyclic Graph (DAG) to capture the edge

connections between diversified vertices (i.e., operators). Each vertex in the DAG is an

atomic convolutional operator selected from {Convolution 1×1, 3×3, 5×5} and {Depthwise

Convolution 3×3, 5×5}. This constitutes a large search space covering several standard

architectures, such as ResNet, DenseNet, etc.

Specifically, among all vertices in a DAG from stage s defined as G(s) = (V(s), E(s)),

v0 is the input that receives the output from the previous cell, and vK is the output that

concatenate all leaf vertices in the DAG. Each intermediate vertex vi ∈ {v1, v2..., vK−1} can

connect to its preceding vertices and produce the output Xvi with the assigned operators

op(i):

Xvi = op(i)(Concat{vj |j<i,eji∈E(k)}[Xvj ]) (4.6)

Given the selected K vertex operators, the entire architecture A can then be represented

as the union of independent DAGs, i.e. A = Arch(G(1),G(2),G(3); op(1), ...op(K)) and the

searching goal is to find the optimal dense connectivity inside each DAG as follows:

E∗ = arg max
E

Val(Arch(G(1),G(2),G(3); op(1), ...op(K))). (4.7)

where Val(·) is the validation function. In practice, we set K exceed the number of operator

choices to enable more versatile dense connection. The total search space contains 2
3K(K−1)

2

unique architectures.

Predictor-based NAS Framework. We utilize predictor-based NAS[32] to systemati-

cally explore beneficial structure patterns for OOD detection. Compared to other popular

NAS methods that use weight sharing techniques, predictor-based NAS uses a neural pre-

dictor as a surrogate for ground-truth performance. This approach avoids co-adaptation
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issues and provides trustworthy predictive performance, demonstrated as follows:

1. Randomly sample N architecture from the search space, train and evaluate their outlier

detection performance. Construct Dpredictor = (archi, zi)
N
i=1 where archi is the encoding

of the architecture, and zi is AUROC.

2. Train a neural predictor on Dpredictor. Use the trained predictor to explore the search

space for top-performing CNN architectures.

3. Retrain and evaluate the optimal CNN architecture.

Searching with Neural Predictor A neural predictor is trained using a carefully

curated high-quality dataset, whose construction details will be elaborated in the next

section. We employ a multi-layer perceptron as the predictor backbone and the training

loss is computed as the sum of the mean squared error and ranking loss. Can we say

regularized evolution? We utilize a modified version of the evolutionary algorithm (EA)[114]

in conjunction with our trained predictor to comprehensively explore the vast search space

for dense connection. Our EA is equipped with two types of mutation steps:

• Adding/removing an edge from a selected DAG.

• Re-sampling a new DAG to replace the old one.

To overcome the tendency of EA to converge to a local optimal solution, we incorporate

an accepting-rejection mechanism inspired by the Metropolis-Hasting algorithm [115]. This

allows us to maintain the best structure while still considering weaker candidates based on

the difference between their score and the current best score. The acceptance rate is defined

as

ac = min(1, exp((score∗ − score)/T )) (4.8)

where score∗ and score denote the score of the current best and candidate structure re-

spectively, as evaluated by our predictor.
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Figure 4.3: Evaluation variance of sampled networks from search space. Energy(S)

and Energy(T) stands for energy scoring and training respectively.

4.3.2 Evaluation with Evolving Distillation

In this section, we identify the main challenges in OOD evaluation, and propose the solution

to mitigate this issue.

Noisy Evaluation Issue in OOD Detection. When using predictor-based NAS, it

is crucial to assess the accurate performance of each architecture to build a high-quality

dataset for training the predictor. However, for OOD detection performance, the evaluation

of neural architectures can be severely noisy. This can lead to inaccurate estimates of the

true OOD performance of an architecture and bias the NAS search towards sub-optimal

solutions.

We evaluate the noisy level of several post-training OOD detection methods - MSP,

Mahalanobis distance (Maha), ODIN [105], energy score, and outlier training methods -

OE, energy training. To do this, we use CIFAR-10 as our in-distribution dataset and

CIFAR-100 as our out-distribution dataset. We randomly sample 10 architectures from

our search space and initialize each one with 5 different seeds. We then train the models
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for 20 epochs by minimizing the cross-entropy loss on the in-distribution data only. For

outlier exposure methods, we further fine-tune 5 epochs by using 80M tiny images [116] as

auxiliary outlier dataset. We assess the noise level of the trained models by calculating the

variance of AUROC on CIFAR-10 versus CIFAR-100, while using in-distribution accuracy

on CIFAR-10 as the baseline.

Based on our experiments, we find that the noise level of AUROC is significantly higher

than that of ID-accuracy for both post-training and outlier exposure methods. This ob-

servation is consistent with our additional experiments, revealing poor Kendall’s τ of the

trained predictor for OOD detection. These results suggest that vanilla cross-entropy train-

ing with post-training OOD detection methods is strongly impacted by the noisy behavior

resulting from the network’s random initialization. However, we observe that a few epochs

of fine-tuning with outlier exposure methods could substantially reduce the evaluation vari-

ance. To build a high-quality predictor, it is crucial to understand the root cause of the

significant variance in OOD detection performance. This understanding will enable us to

develop a more stable training procedure that can effectively reduce the evaluation noise

for NAS.

Multi-view Learning with Outlier Distillation From a multi-view feature learn-

ing perspective [117], we can gain insight into the behavior of noisy OOD detection evalu-

ation. Cross-entropy training with different initialization learns a subset of useful features

for the classification task. Although different feature subsets may perform similarly on the

classification task, they can have varied capabilities in identifying out-of-distribution data,

leading to a high variance in OOD detection performance. To mitigate this problem, the

outlier exposure method explicitly encourages the model to learn features that can distin-

guish between in-distribution and OOD samples. While the vanilla OE training aims to

produce a uniform distribution on outlier sample, assigning equal probabilities to each class

for outlier data can be misleading, particularly for near-OOD samples that are semantically

close to the in-distribution data. This can hinder the model’s ability to perform effective

multi-view feature learning and may also hurt the performance of in-distribution accuracy.
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We use Knowledge Distillation [118] to provide more accurate and informative super-

vision from both in-distribution and out-of-distribution training data. Our key idea is to

encourage the model to imitate the behavior of a highly performing OOD detection model,

enabling it to acquire beneficial multi-view features. Specifically, we have access to a labeled

in-distribution training dataset Dtrain
in and an unlabeled outlier dataset Dtrain

out . Assume that

the neural network use a softmax layer to produces class probabilities on each class i:

Pi(x) =
exp(zi/T )∑
j exp(zj/T )

, (4.9)

where T is the temperature scaling parameter to affect the final output distribution. Let

P t(x) = (P t
1(x), ..., P t

C(x)) (P s(x)) denotes the probability output over C classes from the

teacher model (student model). The distillation loss is the distance between the teacher

and student predictions, given by:

LDS(x) = −
∑
i

[P t
i (x) · logP s

i (x)]. (4.10)

It should be noted that the distillation loss is added to both in-distribution and outlier train-

ing data, encouraging the model to imitate the teacher’s predictive behavior on both data

types. In addition, we also include the cross-entropy loss LCE(y;P s(x)) for in-distribution

data and LCE(U ;P s(x)) for outlier data respectively, where U denotes the uniform distri-

bution over C classes. We introduce hyper-parameters α and β to control the trade-off

between the distillation loss and cross-entropy loss, and use λ to balance the contribution

of the in-distribution and outlier losses. The final training loss can be expressed as follows:

L = E(x,y)∼Dtrain
in

[αLDS(x) + (1 − α)LCE(y;P s(x))]

+ λ Ex∼Dtrain
out

[βLDS(x) + (1 − β)LCE(U ;P s(x))] (4.11)

Evolving Distillation Algorithm. Obtaining a high-performing OOD detection teacher

model is crucial in providing valuable knowledge for student learning. Rather than incurring

a significant cost to train another model, we can obtain our teacher model by selecting

from the sampled networks and using an ensemble of them, see algorithm 8. Specifically,
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we first sample N architectures from our search space and train them using the vanilla

outlier exposure loss. Next, we evaluate the OOD detection performance of the trained

architectures on the validation set. Then in each iteration, we select the top-performing

architectures and ensemble their outputs as the teacher’s output. In practice, we find that

a combination of top-performing and randomly selected models can regularize the training

and lead to better exploration. We then retrain all architectures using equation 4.11 and

re-evaluate their performance to prepare for the next iteration. This procedure can be

repeated multiple times, resulting in an evolving ensemble of teacher models that provides

a progressively improved training loss landscape. At the end of the process, we save N

pairs of (arch, AUROC) for predictor training. The final teacher models from last iteration

are also saved to provide supervision for re-training.

Algorithm 2: Evolving OOD Distillation

1 Sample N architecture, train on Dtrain
in and Dtrain

out with cross-entropy and

outlier exposure.

2 Evaluate trained archs on Dval, then add N pair of (arch, AUROC) to H.

3 repeat

4 Create teacher set T by a combination of top K% and randomly selected

k% archs from H.

5 Train all N archs with ensemble teacher using equation 4.11

6 Evaluate trained archs on Dval, then update H.

7 until maximum iteration is reached ;

8 Use H for predictor training; Save teacher set T for later use.

4.4 Experiments

In this section, we empirically evaluate the performance of DCSOD on near-OOD detec-

tion task. First, we present the detailed configuration of architecture search, evaluation
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Table 4.1: OOD AUROC and in-distribution classification accuracy on CIFAR. OT

stands for Outlier Training, () indicates improvement over ERD.

Methods
CIFAR-10 vs CIFAR-100 CIFAR-100 vs CIFAR-10

MSP Maha OT ID-Acc MSP Maha OT ID-Acc

Standard Arch

ResNet-110 86.4 86.3 92.1 94.2 74.1 73.8 76.2 77.4

WideResNet-40-2 87.5 87.7 93.0 95.2 74.4 74.9 75.6 78.1

DenseNet-100-12 87.9 88.1 92.7 94.6 75.2 75.5 76.8 77.1

NAS BL
Random Search 88.3 88.4 92.3 94.7 76.1 76.4 78.3 77.3

Regularize EA 88.9 89.2 93.2 94.9 77.1 77.5 79.5 77.9

Predictor NAS
Cross Entropy 88.1 88.3 92.4 94.8 76.2 76.3 78.1 77.5

DCSOD (Ours) 90.6 91.0 95.8(+0.8) 95.1 89.2 89.9 95.1(+1.1) 78.3

metrics and baselines for comparison. Next, we demonstrate the empirical results on CI-

FAR benchmarks, followed by a comprehensive ablation study to examine the effect of

hyper-parameters. Finally, we visualize the loss landscape and optimal searched cell.

4.4.1 Experiment Setup

Dataset. We evaluate our proposed paradigm on both the CIFAR-10 versus CIFAR-100

and CIFAR-100 versus CIFAR-10 detection tasks, where the former is an in-distribution

dataset and the latter is an out-of-distribution dataset. We consider two scenarios: with or

without auxiliary outlier training data. (”OT” stands for outlier training, corresponding to

the scenario with auxiliary outlier data.) We utilize a modified version of 80 Million Tiny

Images as auxiliary outlier training data, wherein all examples that appear in the CIFAR

dataset are removed.

Baselines. To focus our study on the impact of network architecture, we consider a few

popular out-of-distribution (OOD) detection techniques. Specifically, for the case without

auxiliary outlier data, we consider the MSP and Mahalanobis distance methods, while

for the available auxiliary outlier cases, we consider the vanilla outlier exposure method.

Our baseline models consist of three types: (1) widely used human-designed architectures,
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including ResNet, Wide-ResNet [119], and DenseNet. (2) NAS baselines include random

search and predictor-free regularized EA. (3) predictor-based NAS training using cross-

entropy loss. We also compared our results with the current CNN state-of-the-art method

ERD [120].

Search Configuration. To construct the neural predictor, we randomly sample 2000

architectures from our search space. Each candidate architecture was first pre-trained on

50% of the CIFAR dataset for 20 epochs, using SGD with an initial learning rate of 0.1 and

batch size of 128 via a cosine learning rate schedule. The trained models were evaluated

using the aforementioned OOD detection methods. To train for distillation, we select the

top 10 performing and 1 randomly selected architectures as teachers. Following the advice

from [118], we utilized a high temperature of T = 20 to facilitate more knowledge transfer

from the teacher to the student model. The hyper-parameters chosen for the cases with

(without) auxiliary outlier data are (λ, α, β) = 0.5, 0.5, 0.2 ((λ, α) = 0, 0.5), which were

determined using validation data. We repeat the iterative process for three times.

The collected dataset, denoted as Dpredictor = (archi, auroci)
2000
i=1 , is split into training

data (85%) and testing data (15%). We use a multi-layer perceptron as the predictor

backbone, and the training loss was computed as the sum of the mean squared error and

ranking loss. We employed a modified version of the evolutionary algorithm (EA)[114] in

conjunction with our trained predictor to comprehensively explore the vast search space

for dense connections. Our EA was equipped with two types of mutation steps: either

adding/removing an edge from a selected DAG or re-sampling a new DAG to replace the

old one. Finally, we took the optimal searched architecture and re-trained (using previously

saved teacher) on the full CIFAR dataset for 300 epochs and evaluate it on the test set.

Evaluation Metrics. We assess both the quality of neural predictors and the out-of-

distribution (OOD) detection performance of each architecture. To measure the ranking

quality provided by the predictor, we use Kendall’s Tau and Pearson’s Rho. For evaluating

OOD detection performance, we use the area under the receiver operating characteristic

curve (AUROC), as it exhibits less variance compared to other metrics such as FPR95.
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Additionally, we report the in-distribution classification accuracy to ensure that the model

can maintain its performance on the original task.

4.4.2 CIFAR Benchmark Results

As shown in Table 4.1, DCSOD consistently outperforms all baselines across various OOD

detection methods and configurations. Specifically, our method has improved the previous

state-of-the-art (SOTA) ERD on CIFAR by ∼1.0%. For NAS baseline, without auxiliary

outlier data, DCSOD improves Regularized EA performance by an average of 2.6% (13.3%)

for CIFAR-10 vs. CIFAR-100 (CIFAR-100 vs. CIFAR-10). When trained with auxiliary

outlier data, the optimal architecture searched by DCSOD outperforms regularized EA by

3.4% for CIFAR-10 vs. CIFAR-100 (from 92.4% to 95.8%), and by 15.6% for CIFAR-100 vs.

CIFAR-10 (from 79.5% to 95.1%). However, NAS predictor with cross-entropy training only

achieves similar performance as random NAS search due to its low Kendall’s Tau, as shown

in Table 4.2. These results suggest that the neural predictor obtained from DCSOD can

more efficiently explore the vast search space for optimal architectures. Additionally, the

distillation training loss, constructed by teachers from the evolving distillation algorithm,

enhances OOD detection performance and helps maintain classification accuracy.

Table 4.2: Evaluation of neural predictor on CIFAR-10 vs CIFAR-100. High-quality

predictors should exhibit high Kendall’s τ and Pearson’s ρ.

Predictors Kendall’s τ Pearson’s ρ

In-dist Acc 0.77 0.86

Cross Entropy-MSP 0.44 0.57

Cross Entropy-OT 0.51 0.62

DCSOD-MSP 0.72 0.81

DCSOD-OT 0.74 0.83
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4.4.3 Ablation Study

Number of iteration. The trade-off between the number of iterations and sample size

in the evolving distillation algorithm plays a central role in determining the quality of the

neural predictor. To find the appropriate trade-off under a given computational budget,

we experimented with multiple iteration-sample size combinations with similar computa-

tional costs. For instance, 3000-0 indicates no iteration for teacher selection and distillation

training. We conducted experiments on the CIFAR-10 vs. CIFAR-100 task with access to

auxiliary outlier data. The results are shown in Figure 4.4: vanilla outlier exposure training

suffers from a high evaluation variance issue, and the poor quality predictor cannot effec-

tively guide architecture search. With only one iteration of evolving distillation, there is

a sharp improvement in both predictor Kendall’s τ and final AUROC performance. From

the 1800-1 to 900-3 combinations, a fair improvement can still be witnessed on AUROC,

even though Kendall’s τ became saturated. We hypothesize that this is because a better

distillation loss term can enhance the final performance of OOD detection. A better version

of teacher also reduces the need for a large sample size to train the predictor. However, if

we keep reducing the sample size, the predictor will become under-trained without seeing

enough examples. We also considered another setup by fixing the sample size to 2000 and

increasing the number of iterations. The results show that increasing iterations can con-

sistently increase predictor quality and OOD detection performance, and the improvement

starts to saturate after 3 iterations.

Hyper-parameters in Outlier Distillation. We conducted a study on the effect of

hyper-parameters λ, α, and β for outlier distillation training, see Table 4.3. We began with

vanilla cross-entropy training without any distillation loss term. As expected, this setup

suffered from high OOD evaluation issues and gave poor performance. After adding the

distillation loss on in-distribution data, we observed a significant increase in Kendall’s τ .

This suggests that imitating the out-performing teacher’s behavior only on in-distribution

data can facilitate multi-view feature learning and stabilize the OOD detection performance.

Next, we used auxiliary outlier data, but with only LCE(U ;P s(x)), and observed a no-
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Figure 4.4: Comparison of out-of-distribution (OOD) AUROC and predictor

Kendall’s τ for different sample-iteration trade-offs.

ticeable decrease in in-distribution classification accuracy. Finally, we added the distillation

loss on outlier data, and the accuracy increased to the level before. This indicates that the

outlier distillation term is beneficial to both OOD detection and the original classification

task.

Table 4.3: Ablation study of hyper-parameter λ, α, β.

Hyper-parameters (λ, α, β) Kendall’s τ AUROC ID-Acc

(0, 0, -) 0.44 88.1 94.8

(0, 0.5, -) 0.67 89.4 95.1

(0.5, 0.5, 0) 0.71 93.7 94.3

(0.5, 0.5, 0.2) 0.73 95.8 95.1
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Figure 4.5: Visualization of the loss landscape. The outlier distillation loss had

smoother and wider minima with a convex-like contour.

4.4.4 Visualization

We utilized the ”filter normalization” technique [121] to visualize the landscape of the train-

ing loss function searched by the evolving distillation algorithm. We took the architecture

searched by DCSOD and compared the loss landscape for the vanilla cross-entropy and

outlier distillation loss. Specifically, we plotted the loss near each minimizer separately

using two random filter-normalized directions. The outlier distillation loss had smoother

and wider minima with a convex-like contour and fewer local minima. This suggests that

the outlier distillation loss is easier to train and leads to stable evaluation performance on

out-of-distribution (OOD) detection.

Last, we visualize several representative cell from top-performing architectures searched

by DCSOD, see Fig 4.6. The discovered models contain versatile structural wirings that

effectively aggregate and communicate information within different parts of the CNN archi-

tecture, showing superior accuracy/AUROC over hand-crafted arts and NAS-crafted arts.

Thus, we answer the question that, allowing dense connectivity within CNN architectures

help outlier detection evaluation, and boost the performance of outlier detectors.
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4.5 Conclusion

In this work, we pioneer the study on the relationship between CNN architectures and

their performance on outlier detection. We propose a novel paradigm, Dense Connectivity

Search of Outlier Detector, that leverages Neural Architecture Search (NAS) to explore

the structural wiring of CNN architectures containing dense connectivity of versatile con-

volution operators. DCSOD utilizes a neural predictor to guide the search, and improves

the evaluation of candidate outlier detectors by proposing evolving distillation algorithm.

Evaluation results show that our NAS-crafted models achieve the state-of-the-art perfor-

mance on CIFAR benchmarks, distinguishing out-of-distribution examples from CIFAR-

10/CIFAR-100 benchmarks with higher accuracy and AUROC, answering the question

that dense connectivity is beneficial for the construction of outlier detectors.

4.6 Appendix

4.6.1 Evolving Distillation with Smaller Overhead

The main concept behind the evolution OOD distillation algorithm is to continually improve

the teacher and utilize it to guide the training of sampled architectures. In the original

algorithm, all the initially sampled architectures were iteratively trained and evaluated with

the evolving teachers, resulting in a significant computational overhead. However, a more

efficient approach is to first sample a small batch of architectures and progressively increase

the sample size in each iteration. This can be achieved by sampling new architectures and

training them with the teachers selected in the current iteration. The newly trained and

evaluated architectures can then be added to the pool P for teacher selection in the next

iteration. By the final iteration, all previously sampled architectures are retrained and

evaluated to update H and the teacher set T . This version of the algorithm allows for a

larger dataset to be used in predictor training, without compromising the OOD evaluation

quality.
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Algorithm 3: Evolving OOD Distillation

1 Sample P archs, train on Dtrain
in and Dtrain

out with cross-entropy and outlier

exposure.

2 Evaluate trained archs on Dval, then add N pair of (arch, AUROC) to P and H.

3 repeat

4 Create teacher set T by a combination of top K% and randomly selected k%

archs from P.

5 Sample q new archs, train new archs with ensemble teachers using

equation 4.11.

6 Evaluate on Dval, update P by adding q newly evaluated archs and removing

’dead’ archs; also add q new archs to H.

7 until maximum iteration is reached ;

8 Retrain and evaluate all archs from H. Select teacher set T for later use.
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Figure 4.6: Visualization of representative cell from DCSOD. The discovered models

contain versatile structural wirings between various CNN operators.
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Chapter 5

Conclusion

This dissertation focuses on the architecutal influence of neural network for training pro-

cess and model performance and robustness. In the field of NLP, we address the training

deficiency of text VAEs with auto-regressive decoders through two approaches. First, we

provide a novel two-path interpretation to explain the KL vanishing issue, and identify

its source as a lack of good latent codes at the beginning of decoder training. The cycli-

cal schedule can progressively improve the performance, by leveraging good latent codes

learned in the previous cycles as warm re-starts. Second, we have introduced the semi-

implicit approximate in the posterior learning of VAEs to infer text representations. The

flexibility of SI helps reduce the representational bottleneck in the latent space and thus

alleviate the KL vanishing issue. These two approaches together contributes to addressing

the training deficiency, enabling controllable text generation and abstract reasoning with

text. In the field of computer vision, we pioneer the study on the relationship between CNN

architectures and their performance on outlier detection. We propose a novel paradigm,

Dense Connectivity Search of Outlier Detector, that leverages Neural Architecture Search

(NAS) to explore the structural wiring of CNN architectures containing dense connectivity

of versatile convolution operators. DCSOD utilizes a neural predictor to guide the search,

and improves the evaluation of candidate outlier detectors by proposing evolving distillation

algorithm. Evaluation results show that our NAS-crafted models achieve the state-of-the-

art performance on CIFAR benchmarks, distinguishing out-of-distribution examples from

CIFAR-10/CIFAR-100 benchmarks with higher accuracy and AUROC, answering the ques-

tion that dense connectivity is beneficial for the construction of outlier detectors.

We have identified several potential avenues for future research, including: (1) Exploring

the effectiveness of pre-trained transformer-based generative models on large text corpora.

By leveraging the smooth latent space learned by the pre-trained text generative model, we
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may be able to achieve better generalization especially for language tasks under low-resource

regime. (2) Building upon our investigation of the impact of dense connectivity in CNNs

on confidence-score based OOD detection, we suggest two potential extensions: Firstly,

expanding the search space to include transformer-based models; Secondly, exploring the

architectural influence on generative model-based OOD detection. These extensions could

help to complete our understanding of the structural factors affecting OOD detection and

enhance the robustness of models in more challenging scenarios.
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