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Abstract

Exploratory model analysis for machine learning
by
Biye Jiang
Doctor of Philosophy in Computer Science
University of California, Berkeley
Professor John Canny, Chair

Machine learning is growing in importance in many different fields. However, it is still
very hard for users to tune hyper-parameters when optimizing their models, or perform a
comprehensive and interpretable diagnosis for complex models like deep neural nets. Existing
developer tool like TensorBoard only provides limited functionality which usually visualizes
model statistics based on metrics predefined before the training starts. Almost nothing can
be adjusted during the training. But the real model optimization and diagnosis procedures
actually involve lots of interaction and continuous experiments. To tackle those challenges,
we developed a framework which allows users to perform exploratory model analysis based on
the hardware accelerated machine learning toolkit BIDMach. Our system is unique that we
allow users to interactively add visualizations and adjust hyper-parameters during training.
Also, we use Monte Carlo style algorithms to allow users to explore the entire model space
under different user preferences rather than only reaching the local optimums.

We demonstrate the usage of our system in several real-world applications. For problems
like advertisement optimization or clustering where multiple optimization objectives exist,
users can incorporate secondary criteria into the model-generation process and make trade-
offs in an interactive way. For deep convolution neural net diagnosis, users can use our
LDAM (Langevin Dynamic Activation Maximization) algorithm to systematically explore
the images that stimulate a given neuron. We conduct experiments and user studies on
several public datasets to show how users from different background can benefit from our
tools.
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Chapter 1

Introduction

1.1 Motivation

Machine learning has been widely used in many different fields and lots of machine learning
algorithms have been proposed. People are using machine learning to recognize objects from
images, find clusters or topics from millions of documents, recommend movie or product for
customers, and even learn to play Go against the best human players.

As defined in Wikipedia, machine learning is a field of computer science that uses statisti-
cal techniques to give computer the ability to “learn” (i.e., progressively improve performance
on a specific task) with data, without being explicitly programmed. This is kind of revealing
the magic behind machine learning, that the algorithm can learn by itself as long as we feed
it with data. As we are entering the era of big data, machine learning community benefits
a lot from the massive amount of data that we can collect and process nowadays. Also, the
recent success of deep learning introduces the concept of end-to-end learning and saves lots
of human labor which is previously used for feature engineering.

However, we should notice that, the triumph of machine learning or deep learning is also
due to the advancement of developer tools [1,/9,146]. The modern tools now enable users
to easily prototype machine learning models using high-level programming languages like
Python, Scala, Lua while providing high-performance backend implementations leveraging
hardwares like GPU. But those developer tools are far from perfect. The real workflow
for machine learning can still be very tedious and painful for both experts and beginners.
Users need to conduct many experiments to choose between different loss functions, model
structures and hyper-parameters. As models become more and more complex, debugging
and diagnosis also become very difficult.

As the typical training time for a machine learning model usually takes minutes or hours,
and even days, people usually analyze the training process by collecting statistics during
training and conduct the analysis after training. Such workflow also affects the design and
research for machine learning tools. As analysis is usually done after training ends, most
tools seem to assume no information is being gained during training, so that they don’t allow
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users to modify what kind of statistics should be collected after the training starts.

Another assumption people usually made is we should not manually adjust hyper-parameters
during training, otherwise the results may not be reproducible. This is because most machine
learning algorithms use gradient descent style optimization on a non-convex landscape. Ad-
justing the hyper-parameters could make the algorithm converge to a different local optimum
even if you switch back to the original hyper-parameters. However, we can take the view
from Bayesian machine learning [96], that we should not obtain just one single model after
training, but should obtain model samples from the posterior distribution. Recent research
also shows that, using methods like snapshot ensemble [43] even get better performance by
combining those model samples.

Therefore, we break those assumptions and introduce exploratory model analysis which
allows users to plug in new visualizations, and adjust hyper-parameters during training.
We build our system using the open source machine learning framework BIDMach [14]. In
this dissertation, we will discuss the implementation of our system and several real-world
applications.

1.2 BIDMach: high-performance, customized
machine learning toolkit

The first key to interactive and customized machine learning is an architecture which sup-
ports it. BIDMach [14] is a machine learning toolkit which has demonstrated extremely
high performance with modest hardware (single computer with GPUs), and which has the
modular design shown in Fig [I.I BIDMach uses minibatch updates, typically many per
second, so that models are being updated continuously. This is a good match to interactive
modeling, since the effects of analysts actions will be seen quickly. Rather than a single
model class, the system comprises first a primary model (which typically outputs the model
loss on a minibatch and a derivative or other update for it). Next an optimizer is responsible
for updating the model using the gradients. Several are available including simple SGD,
AdaGrad [26] etc. Finally, mixins represent secondary constraints or likelihoods. Gradient-
based primary models and mixins are combined with a weighted sum. In our interactive
context, these weights are set interactively.

BIDMach uses roofline design |97] to optimize computational kernels toward hardware
limits. On a large collection of benchmarks it has proved to be typically two orders of
magnitude faster than other single-machine toolkits (when BIDMach is used with a GPU),
and one to two orders of magnitude faster than cluster toolkits running on 10-100 nodes.
Part of the difference is due to BIDMach’s complete suite of GPU primitives. Almost all
computation is done on the GPU, CPU/GPU transfers are minimized, and custom kernels
give close to theoretically optimal GPU performance. GPUs typically achieve an order-of-
magnitude speedup in dense matrix operations vs. mid-range CPUs.

Less well known is their advantage in main memory speed, which (at 300 GB/s) is
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Figure 1.1: BIDMach’s Architecture

nearly an order-of-magnitude faster than recent quad-channel CPUs (at around 40 GB/s).
This memory speed gap also gives GPUs a similar advantage for sparse matrix operations
which are central to most real-world ML applications. These differences explain one order
of magnitude of the performance gap that we observe with BIDMach. The balance is due
to the fact that most other systems are not close to their (CPU) rooflines. Because of this
BIDMach has a significant performance edge for most ML algorithms even when run on one
CPU.

High performance is very important for interactivity. BIDMach has reduced the running
time of many non-trivial ML tasks from hours to minutes. And even for models that take
minutes to train fully, the effects of parameter changes are typically visible in seconds due
to mini-batch online learning algorithm.

BIDMach provides the building blocks for our interactive toolkit. In later chapters, we
will discuss in details about how to to implement systems for exploratory model analysis
using BIDMach.



Chapter 2

Interactive customized optimiztion

2.1 Introduction

Machine learning has evolved around the optimization of a single, usually narrowly-defined
criterion. However, in many areas, users really want solutions with good performance in
multiple dimensions. e.g. in computational advertising, the exchanges’ primary goal is to
maximize revenue. But they must also satisfy marketers by providing sufficient high-quality
ad impressions, and they must placate end-users by not deluging them with ads. More
generally, unsupervised models often under-specify users goals. Basic clustering methods
(e.g. K-Means) minimize only sample-to-centroid distance, and there is no control over
cluster size. But users often expect different clusters to be well-separated and similar-sized.
Topic models such as Latent Dirichlet Allocation (LDA) produces topics that best predict
the data, but users often want those topics to be well-separated which LDA does not model.
Finally, many unsupervised methods including K-Means and LDA, optimize non-convex
criteria with many local modes. Simulated annealing is one approach to improving model
quality, but it requires careful tuning and scheduling. Even for supervised learning, we need
to tune L1/L2 regularization to trade-off training accuracy and validation accuracy, or even
AIC (Akaike information criterion)/ BIC(Bayesian information criterion) which are used to
measure generalization ability. Therefore, including human control can steer the solution
more rapidly toward an optimum.

Because ML models today are not flexible enough to incorporate all these criteria, sec-
ondary constraints are often applied after model training (by overriding the model’s choices)
in a way that is inevitably sub-optimal. By contrast, interactive customization and opti-
mization allows the analysts to incorporate secondary constraints into the model-generation
process in an interactive way. There are several benefits to this:

e Models can be fully optimized given a suitable mixture of the criteria.

e Families of models can be trained to deal with variability in the application context.
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e Analysts can explore the effects of particular trade-offs instantly, without waiting for
a live test.

e Through this exploration, an analyst can gain intuition for the effects of various criteria,
and make better trade-offs in the long run.

In order to do so, we use a machine learning architecture which is modular and supports
primary and secondary loss functions. We use an weighted additive loss function to represent
different criteria and turn multi-objective optimization problem into a parameter tuning
problem, (i.e, tuning the weights for each individual loss function)

Even though people can trade-off different criteria by changing the weights of their cost
functions, hyper-parameter tuning remains to be a difficult task even for single-objective
machine learning problems. Lots of research [5,8,23,55,62,89] have been done just for
optimizing the training loss. In our case, however, tuning hyper-parameters will change the
loss function itself. The value of the loss functions are just performance indicators rather than
ultimate goals of the users. Users are supposed to discover the loss function combination that
best match their model preferences during the tuning process. Therefore, instead of using
those auto tuning algorithms, we allow the users to directly manipulate parameters during
training, and observe the feedback in real-time. Direct parameter manipulation such as
Tensorflow Playground [86] turns out to be very intuitive for people to tune and understand
their models. But that works only for small scale dataset. Our tool instead leverages GPU
hardware and mini-batch training strategy to deliver real-time user feedback on real-world
dataset for a variety of models. Users can dynamically create highly-interactive visualizations
and controls to match various optimization criteria. We will discuss the both system design
and the interface design in later chapters.

2.2 Related work

Interactive model refinement

In the context of supervised learning, Fail and Olsen [29] describes partially-supervised
learning with a user supplying some (sparse) labelled data to help an ML algorithm label
the rest. A number of other works have followed this route, by focusing on manipulation
of the training data rather than internals of a particular algorithm. Other work focused on
human-assisted feature selection (rather than algorithm training) [81]. The Prospect system
[77) automates model selection and tuning allowing users to focus on data manipulation.
EnsembleMatrix [94] uses custom visualizations to aid in the design of ensemble classifiers.
Amershi et al. [3] provides a detailed summary of the work in this area. Much of these
work attempt to improve only the accuracy of a machine learning problem by adding a
human in the loop, which is quite different from our work. Perhaps the closest to ours
is [49] which integrates a human-assisted optimization strategy with the design of multi-
class classifiers. But our framework is not limited to classification problem and we focus on
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different families of optimization algorithms. Another interactive hyper-parameter tuning
tool called Tensorflow playground [86] has been a good educational tool for people who want
to understand how neural network works and how hyper-parameters may affect the model.
But it runs on toy dataset while our system can provide real-time feedback when training
on real-world datasets.

Interactive clustering

Interactive clustering is another active sub-area. Since clustering is widely-used to simplify
the interpretation of large datasets, and since the natural metrics for a new domain may be
difficult to articulate, interactive exploration |27,83./105] is a natural and powerful approach.
In [27,83], the authors used visualizations to rapidly explore the results of a clustering
algorithm, and these approaches have become important tools in computational biology [27].
AverageExplorer [105] allow users to explore and summarize large collection of images by
interactively posing constraints.

Recently, there has been much interest in using visualization to support the refinement
of topic models [18]42,199]. Since the latent topics extracted by the algorithm are not
always semantically meaningful [15.[70], different constrained topic models [64,69] have been
developed. Systems like [42,99] also allow users to iteratively refine the model based on
their preference. However, those models always require solving a complicated optimization
problem with some very specific constraint. In contrast, our framework remains flexible and
could adapt to different applications.

Hyper-parameter tuning

Hyper-parameter tuning has been an important yet difficult problem for machine learning.
Besides hand tuning, researchers have developed auto tuning algorithms including random
search [8], gradient based methods [5],62], reinforcement learning |23 or bayesian optimiza-
tion [89]. However, those auto tuning algorithms are compute-intensive and turn out to be
impractical for many problems. On the other hand, all those algorithms try to search the
parameter space based on the final training loss or validation loss of the current parameter
setting as well as some prior information of model structure. This is mimicking human tun-
ing strategy and human may actually do much better if machines can only conduct limited
number of experiments. Recently, methods using bandit optimization such as [55] began to
explore early stopping strategy which saves a lot of computation. This also provides intu-
ition that interactive parameter tuning could leverage information during live training. Also,
all these algorithms above require one fixed quantitative goal, while in our case such goal
doesn’t exist. Users often need to trade-off different criteria by observing their corresponding
performance indicators at the same time.

Hyper-parameters can be very different. There are structural hyper-parameters such as
the type of the activation function and number of layers in a neural network. Such hyper-
parameter can not be changed after the training is started. Also, there are hyper-parameters
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whose behavior are hard to interpret, such as the learning rate, momentum rate. Our toolkit
is not focusing on those hyper-parameters. Instead, we tune hyper-parameters which can
have interpretable visual feedback. As we are tuning the weights of the loss function which
therefore change the weights of their gradient directions, the value of the corresponding
loss functions will go up and down. Also, sparseness, correlation, cluster-size distribution
are human-interpretable concepts that can be seen directly from the model visualization of
Topic modeling or K-Means.

2.3 System design

Secondary criteria as Mixins

Model customization is useful for both supervised and unsupervised problems. Unsupervised
learning involves a certain amount of arbitrariness in the criteria for the “best” latent state.
Therefore regularization is widely used as a secondary constraint on the primary objective
[64,69,99].

In a bit more detail, clustering algorithms like K-Means usually use the measure of
sample/centroid similarity, and may use inter-cluster distance or cluster size as measures.
Indeed, unsupervised learning models are often evaluated using a variety of criteria that are
much more complex than the criteria used to derive the learning algorithms [15,70]. The
same holds true for topic models such as LDA, NMF and Word2Vec, and for collaborative
filtering.

This is a paradox. Clearly one should get better scores for these criteria if they were
directly optimized as part of training. Beyond these standard criteria, there are many others
that are commonly used in the applications of machine learning. Historically it has probably
been too difficult to optimize these criteria (the criteria may be expensive to evaluate, or
non-locally computable). Also simply scoring a model is not enough for optimization — one
needs to know how to change the model to improve it, e.g. through a likelihood derivative.

On the other hand, computing power is abundantly available now, especially in graphics
processors. The bottleneck is often moving data rather than computing on it. Thus it is
often practical to evaluate multiple, relatively complex criteria as part of optimization.

Combining these approaches, we can deal with a variety of secondary or “mixin” criteria
as part of the learning process. In our present implementation, we use a linear combination
of cost functions for primary and secondary criteria:

arg n%cin fo(z,d) + Z i * fi(z) (2.1)

Where x is the model parameters, d is data, fy is the primary cost function and f; are the
user-defined Mizin functions. The weights \; are “controls” that are dynamically adjusted
by the analyst as part of training. For the primary criterion f and each secondary criteria
fi there should be at least one dynamic graphic that captures changes in that criterion in
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an intuitive way. The analyst watches these as each of the controls are adjusted to monitor
the tradeoft between them.

Client-server visualization architecture

With all the pieces above, we are able to use a client-server architecture with 3 components as
shown in Fig : a computing (BIDMach) engine, a web server, and a web based front end.
BIDMach is implemented in the Scala language which supports concurrency with high level
“actor” primitives. Another thread runs in the same Scala runtime, communicating with
the web server. This thread receives parameter updates from the web server, and updates
the corresponding model training parameters. As the model is trained, primary and mixin
cost functions are evaluated on minibatches, providing regular updates which are passed to
the web server.

Grab data from

Using D3 js User inpu[t GPU 3~5 times/s
Through _

WebSocket Manipulate

— parameters

Model parameters

Figure 2.1: Visualization Architecture

In the client side, we implement a web based interface which uses D3.js [12] for data
visualization. D3 is widely used, has very powerful graphics elements and good support for
animation. As a browser-based system, it runs transparently with a local or remote server.
We will discuss the interface design in detail in the next section.

The communication between the client and server is bi-directional, with both client and
server initiating transfers. We therefore use WebSockets instead of e.g. a one-way RESTful
web service. For simplicity and extensibility, we use JSON as the over-the-wire exchange
format.
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2.4 Interface Design

In this section, we describe the visual interface of our interactive machine learning system.
Our approach relies on a dynamic visual interface that provides streaming feedback to the
user.

Visual dashboard

We use a dashboard approach where user can customize their own visualizations. As shown
in Fig[2.2] the left side of the interface contains the menus and control sliders. From the
menus, a user can select the metrics and controls for the modeling task. A corresponding
control or metric visualization is then added to the dashboard, which can then be dragged,
dropped and resized. There is at least one corresponding performance indictor for each
control parameter, and more than one can be added to the dashboard. The details of each
visualization component will be described next.

Select a Model

|
|

KMeans-MNIST -~

_ 46/6029974
Select a Metric 3787359494 2
similarityMatrix - 98230827530
Select a Parameter 3 S ( 7 (1 , / q i
R 94900/ 7436
sizeWeight
batchSize : 20000 7219479996
i 4535850163/
windowTime : 0.5000001 3 7 / 0 ¥ 2 6 1 9 7
rate : 0.5000001 060523286
sizeWeight : 10 736\ ¢ct6eé230

T R h kb e b hom SRS
Upper bound:-1360] | ol
Lower bound: -1450 L

Change Bide

Figure 2.2: Dashboard for KMeans using MNIST dataset

Visualizing the model

As mentioned earlier, machine learning algorithms can be formalized as finding the best
model parameters z given an objective function f(x,d). For a variety of models, directly
visualizing the model parameters provides a nice summarization for the current training and
users can gain a general understanding about the behavior of the algorithms. It can also
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help identify obvious errors and verify assumptions or intuitions. While there are different
types of data and algorithms, the visualizations are necessarily model-specific, and should
provide a natural interpretation of the model directly.

For image data, clusters can be visualized directly. The images we tend to visualize can
either be the cluster centers as in Fig [2.3a], or learned image dictionary using dictionary
learning algorithms like NMF [53], as in Fig

For more general matrix data, a simple direct visualization of element weights can usually
work well. This was the approach taken in the Termite system [18] and we use it for our
topic model, which will be described in details in the use cases section. As shown in Fig
and [2.3d] the area of each pink circle in row ¢ and column j encodes the corresponding value
from the matrix. In the topic model case, that encode the weight (likelihood) for word i to
be appeared in topic j. We also display the word label on the left side of each row to help
people interpret the results.

One common challenge for visualizing topic model comes from the huge size of the model.
Typically there are hundreds or thousands of topics and tens of thousands of different words.
Limited screen size and limited human perception power require us to filter out information
according to some saliency metric [18]. The metric will provide an ordering to show only
the most important words and topics. Also, such an approach can significantly reduce the
amount of data that need to be transferred from the server to the client.

However, as we are displaying in real-time an evolving model, having a simple, consistent
metric for ordering can actually help users interpret the visualization and avoid confusion.
We therefore only use the total weights across all topics to rank the words. This approach
will show more redundant words comparing to the original Termite design. But the main
goal here is to analyze the dynamics of the algorithm, rather than the model itself. In order
to support a detailed zoom in for each topic, we also support ranking words using weight
from a particular topic alone. This feature will be triggered when users mouse over the topic
title, as shown in Fig[2.3d]l It also helps the users to compare different topics.

Continuous visualization of model quality

As described in Equation [3.1, we are optimizing an additive function which consists of a
main loss term as well as several Mixin terms. The value of the cost function can reflect
how the model behaves under each criteria. As the engine computes the update, we visualize
those metrics as streaming data, as shown in Fig Visualizing the main loss function is
very important when we change the control parameters. It will reflect how the algorithm
responds to the user control and whether the tradeoff for Mizin functions may affect the
general model performance.

As discussed earlier, the main loss function is computed on each minibatch, and is a
single scalar. We use a simple, dynamic curve plot to display its state. This plot style is
easy to read and understand. With the parameters fixed, one normally sees a rapid initial
increase in likelihood, followed by a slow increase on a plateau as in Fig[2.4]
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Figure 2.3: Model visualization

Visualizing other performance indictors for clustering

As mentioned above, the evaluation of unsupervised clustering algorithm is hard in general.
Therefore showing multiple aspects of the clustering results at the same time would help
users better interpret the model.



CHAPTER 2. INTERACTIVE CUSTOMIZED OPTIMIZTION 12

-1,280
-1,290
-1,300

-1,310
-1,320

-1,330

-1,340

-1,350

-1,360

-1,370

-1,380 i

0 1'0 2‘0 3‘0 4'0 5'0 6'0 7'0 EIU 9'0 !
Upper bound:-1280
Lower bound:-1380

Change

Figure 2.4: Continuous visualization of the likelihood function

Cluster size distribution

To examine the cluster size balance, we are interested in the distribution of cluster sizes.
The natural visualization for this kind of data is a histogram or kernel density plot. Fig
shows the size distribution for the clusters of digits on the MNIST dataset.

Silhouette graph

Another useful metric is the widely used silhouette graph (Fig[2.5b)) for evaluating clustering
results. The silhouette score is calculated for each data point x; as:

% (2.2)

5 max(ag.by)

Where a; is the average distance between x; and all other data points in the same cluster,
b; is the lowest average distance of x; to any other cluster.

It could be seen that —1 < s; < 1 and larger values indicate better clustering results.
Silhouette graph then shows the silhouette score for each data point as horizontal line.
Data points are grouped by cluster and are sorted by their silhouette score vertically. The
silhouette graph can intuitively show how tight it is for each cluster by showing the silhouette
score distribution within that cluster. A low silhouette score typically indicates small clusters
are at the periphery of larger ones.

Slider controls

Along with the visual interface, we also provide several kinds of control including weights
for Mizin, learning rate, temperature etc. So far these are all continuous scalars, and are all
implemented as slider widgets. When the user selects one of the controls from the menu, a
labeled slider widget is created on the dashboard.
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silhouetteGraph

(a) Distribution of Cluster Size (b) Silhouette graph

Figure 2.5: Performance indictors for clustering

2.5 Use cases

In this section, we will demonstrate how to use our system for interactive model customization
using KMeans and topic model algorithms on some real-world datasets.

KMeans

Our first application is the KMeans algorithm, which is a widely used clustering algorithm.
Though the algorithm is simple, it can find very useful feature representations if used properly
. Also, it is well known that KMeans is very sensitive to initialization and distance
metrics. It can easily go into local optimum and hard to escape during the training. In this
section, we will discuss how to address those problems using our system.

Implementation and evaluation for KMeans

For KMeans, the primary loss function is inertia: the sum of squared distances from points to
their centroid. The KMeans algorithm starts off by randomly initializing k cluster centers.
Then, during each iteration, it assigns data points to their closest cluster, and for each
cluster, re-computes its center using the average of the elements in that cluster.

However, as mentioned previously, the evaluation and tuning of the KMeans algorithm
turn out to be hard. We therefore use multiple criteria to examine different aspects of the
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Figure 2.6: Interactive tuning for KMeans

clustering results. Aside from the main loss, we use silhouette graph to measure how tight it
is for each cluster. A low silhouette score typically indicates small clusters at the periphery
of larger ones.

Besides, we also use cluster size balance as a criteria, which adds penalty to clusters that
have bigger size. The optimization problem is then to partition the dataset X into £ disjoint
sets s by minimizing the following loss:

argmin S (3 [l — gull3 + Alsif?) (23)

i JES;

Where |s;| represents size of the i-th cluster, and pu; represents the center of the i-th
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cluster.

The size balance criteria could be naturally visualized with a histogram. This criteria can
also be approximately optimized within the KMeans algorithm. The overall minimization
algorithm then becomes:

id(x) :argmiinH,ui — z|[5 + Alsi (2.4)

Where id(x) is the assigned cluster id for data point z.

The loss term A x |s;| penalizes clusters with a larger size. The algorithm would prefer
to assign new data points to a smaller cluster, which will tend to balance cluster sizes over
time. Size homogeneity matches most users’ intuition about clustering, and it may also be
important for accurate estimation of cluster statistics. The A also becomes a parameter that
we can interactively tune.

Incremental update

In order to take the advantage of mini-batch processing which can return early feedback
during the training, we follow a similar approach to |103] for incremental KMeans updating.
And we also need an averaging update for size; to maintain its scale and make the visual-
ization consistent. For each batch {z;}, we compute the update as:

> @y * L(id(x;) = 1)

>, L(id(z;) = )

i = (1 —n) % p; +n * average; (2.5)
size; = (1 — @) * size; + a % Z L(id(z;) = 7)

J

average; =

Normally n and « are set to 0.1 ~ 0.2.

Experiment on MNIST dataset

We ran an experiment on the MNIST dataset [52], which contains 8 million 28 x 28 x 3 RGB
images of hand written digits. We train the model using NVIDIA Titan X GPU, which could
process roughly 500MB raw data (16.7k images) per second. As we set the mini-batch size
to be 50000, every second the system could perform 3 batch updates, which is enough for
real-time visualization.

In our dashboard shown in Fig [2.2] we choose to visualize the main loss, cluster size
distribution, as well as the silhouette graph. The main loss is the averaging distance between
the data points and their assigned cluster centers.

The parameter that we choose to tune is the weight for size balance A in eq, which
we refer as sizeWWeight in the interface. Initially, we set the number of clusters K as 256
and we assigned a small value to sizeWeight, so that the algorithm will behave as the
original KMeans algorithm. As shown in Fig the likelihood is gradually improving
and it quickly converges to local minimum. The cluster size distribution is quite diverse.
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We then slightly increase the sizeWWeight , which gives us a more concentrated cluster size
distribution, while the main loss and silhouette score are not affected, as shown in Fig [2.6D]
This implies that the algorithm now moves to another local optimal by assigning some data
points to a suboptimal but smaller cluster. Notice that this has almost no effect on the
primary likelihood.

However, as we continue to increase sizelWWeight, the loss will start to increase, and the
silhouette graph also shows more defects (more negative area) (Fig . From here, we
decrease the sizeWeight. Since the KMeans algorithm is incremental, this change brings
us back to the loss that it has before, as shown in Fig [2.6d] This example illustrates the
tradeoffs that can be made, and the speed of recognizing poor parameter choices.

Experiment on ImageNet dataset

ImageNet [24] is a widely used image-classification dataset which contains millions of labeled
images. The recent success of applying convolutional neural network [51] not only achieves
human-level performance in image-classification task, but also provides powerful feature
embedding methods that could be used for semantic image clustering [25] and neural style
transfer [32] which decomposes each image into different semantic features. For examples,
image clustering can have many different criteria such as clustering by shape of the objects,
by scene of the background, or by semantic meaning of the objects. Those criteria can be
expressed as different distance metrics in KMeans algorithm, and can be merged into one
metric using tunable weights. Therefore, users can tune those weights via our interface to
try different combinations of the distance metric in real-time.

To conduct the experiment, we use the caffe [46] toolkit to generate feature embedding
by feeding each image into a pre-trained neural network for a forward pass. The activation
output from each network layer then becomes the feature for that image. We use the reference
caffenet model (AlexNet), and to reduce memory footprint, we only use output from pooll,
pool2, pool5 layer. The pooll and pool2 layers capture low-level visual features while the
poolb layer has higher-level features which are invariant to scale and location. One 227 x
227 x 3 RGB image will then generate a 27 x 27 x 96 pooll feature, a 13 x 13 x 256 pool2
feature and a 6 x 6 x 256 pool5 feature. We concatenate these 3 features into one 122464
dimensional vector. The distance function we used is straightforward: just apply the L2
distance on each of these 3 features and then compute the weighted sum:

d(x,y) = s1% a1 % || Zpoorr — Ypooin ||
+S9 * (g * pr00l2 - ypool2H2 (26)
+33 * Qg X proolt') - ypool5H2
Where oy, as, ag are normalization constants to make those 3 metrics have the same scale.
During training, users can tune si, so, s3 via the interface to change the distance metric.

We use 8 different classes of images from the ImageNet dataset, which contains about
13000 images. Since each image contains a huge dense feature vector, our system can process
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about 1200 images per second when K is 128 We therefore set mini-batch size to be 512.
The interface of the system is shown in Fig[2.7 We sort the clusters by their size which are
shown in the titles. For each cluster, we show 20 randomly selected images to represent that
cluster.

Select a Model o
imageClusters
KMeans-Imag... - C usterln #9: 511
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likelihood -
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s3 v
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Figure 2.7: Clustering on ImageNet data

By tuning the weights for the distance metric, we can get different clustering results as
shown in Fig 2.8 and Fig[2.9, Clusters generated by pool5 feature usually have consistent
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semantic meaning, that most images come from the same category. While clusters generated
by pooll feature usually contain images with similar object shape or color.

Clustering#2: 1074 Clustering#12: 211

Figure 2.8: Clustering using pool5
Clustering#14: 250

ol

Figure 2.9: Clustering using pooll

Besides using only one kind of feature, we can use a mixture of them. We can even
smoothly transit from one distance metric to the other during the training. Such transit is
equivalent to using the previous clustering results as the initial cluster centers. Comparing to
the random initialization, this gives us more flexibility and can yield more interesting results,
as shown in Fig On the other hand, changing the distance metric during training can
help the algorithm escape from local optimal.
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(a) Images that have something in red (b) Images with a lot of barrels

Figure 2.10: Transit from pooll to poolb

Topic Model

We then apply our system to topic modeling using Latent dirichlet allocation(LDA) [11], one
of the most widely used topic model algorithm. Topic model has many applications since
it can find compact representation of a large document set. However, as discussed in [15],
results generated by maximizing the likelihood objective may actually infer less semantically
meaningful topics. This raises the question of how to do model selection. On the other
hand, automatic evaluation of topic quality is complicated and users may have different
criteria at the same time. Our system allows users to make judgement directly from the
model results, and to fine-tune the model by adjusting weights of the mixin functions.

Implementation

LDA is a generative process to model the documents. For each document d, it proceeds as
follows (K is the number of latent topics):

e Draw a topic distribution for the document d as 64 ~ Dirichlet(«), a K-dimensional
Dirichlet prior.

e For each word position ¢ (across all docs), draw a topic index z4; € {1,..., K} from
Zai ~ ba

e Draw the word wg; from the multinomial distribution wg; ~ ¢.,,, which also has a
prior: @.,, ~ Dirichlet(3)

Where «, and ( are hyper-parameters specifying the Dirichlet prior. The other two
parameters of the model are #, which can be represented as a document-topic matrix, and
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©, the word-topic matrix. The algorithm therefore is to use Gibbs sampler to draw samples
for hidden states z;:

Px(za; = k|z—a, o, B, Ta; = w) ~ 041 * Op (2.7)

After drawing the samples, model updates for #” and ¢’ can be computed via Maximum
Likelihood Estimation. In addition, the strength of the model is measured by the likelihood.
In order to apply annealing to the optimization procedure, we use SAME sampling [102] to
draw m independent samples instead of just one from Z each time. This results in a cooled
Gibbs sampler and the parameter m can be used to control the temperature. A low value of
m gives a higher-variance random-walk while increasing m can cause parameters converge
to a nearby optimum. By default m is set to 100, and it can be tuned during the training.
We refer to m as nsamps in the interface.

Incremental update for LDA as described in [39] is used. Model will be updated after
each mini-batch data is processed.

Mixins
Mixins are functions that capture users’ intention for model customization. Here we use two
kinds of mixins: A L1-norm function to approximately measure sparseness:

fi(w) = |l (2.8)

and a pairwise cosine-similarity function to measure the similarity of the topics:

fo(0) = Y (D Piwtin) (2.9)

1#j  w

As describe in the system design section, the implementation is very straightforward. For
each mini-batch, after computing the model update ¢’, we also compute the sub-gradient
update for the mixins:

91(Prw) = sign(Yiw)
92 (Prw) = (Z Giw) — Phow (2.10)

We then add them into the model using the weighted averaging approach we discussed
above:

i1 = (1 — ) + ay’ — Migi(pr) — Aaga(yr) (2.11)

We refer the weight Ay as L1 —reg since it is equivalent to the common L1-regularization
technique, and Ay as C'osineSim in the interface.
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Experiment on NYTimes dataset

We run an experiment on the NYTimes dataset [56], which contains about 300K documents,
102K different words and a total of 100 million word tokens. The size of the sparse matrix
format data file is about 522MB. We train our model using Titan X GPU.

To demonstrate the usage of our system, we set the topic number K to be 32, since smaller
topic number makes topics more likely to overlap with each other. We also set the initial
weights for both mixins as 0. Our system can process about 15000-20000 documents per
second. We therefore set mini-batch size to be 5000 in order to receive 3-4 update per second.
The algorithm’s behavior is shown in Fig|2.11] The likelihood quickly converges to a local
optimal, but the topic results are still very noisy, and the topics are overlapping. We then
adjust the L1 — reg slider away from zero. However, tuning L1 — reg alone may not always
yield changes because the model may be trapped in a local optima. Since SAME sampling
is used in our LDA implementation, we can decrease nsamps to increase the variance of the
random-walk, which makes it easier to jump between possible solutions.

After we increase the temperature, as shown in Fig[2.12] the likelihood drops significantly
but we get a very sparse model. Afterward, we set the L1 — reg back to a small value and
use a large nsamps which prevents large changes in model state. This is equivalent to only
allowing the model to make very small movement around that local optimal. From Fig|2.13]
we can see that the likelihood returns to a normal value while the sparsity is maintained.
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Figure 2.11: Overlapping topics, K=32

Such hyper-parameters scheduling is hard to obtain without interaction. The model
likelihood and sparseness seems to be conflicting goals, but we are able to optimize both
when using a particular scheduling.

With the same topic number K, after the algorithm converges to a local minimum, we
instead increase parameter cosineSim to a reasonable scale. As we can see in Fig the
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Figure 2.12: High temperature with high L1l-reg
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Figure 2.13: Likelihood back to normal, sparsity preserved

cosineSim mixin function value starts to decrease and converges to 0 at last. While at the
same time, the likelihood function maintains at the original level. Besides the original goal
to reduce pair-wise topics similarity, we can observe that the model becomes sparse and the
noise is removed as well.

This implies that two mixin functions can both improve sparseness, and that they have
very different effects on the model likelihood. If we compare the two mixin gradient functions
carefully, the L1 — reg update is actually performing a hard thresholding that each entry
in the matrix will be subtracted by a constant value. On the other hand, the cosineSim
gradient subtracts a value that is relative to the total weight in other topics: (D, ¥iw) — @r.w-
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Therefore, L1 — reg will force many long-tail words to have 0 weight in any topics which
results in worse model likelihood. But for the cosineSim gradient update, at least the
dominant weight for each word will be kept. And the noisy weights, which are relatively
smaller than the dominant ones will receive a higher penalty, and quickly approach 0.

This example demonstrates that even a simple mixin function can have multiple effects
on the model quality. And it would be hard to predict the final outcome when multiple
optimization objectives are combined together. In our system, this problem is expressed as
a hyper-parameter tuning task and we allow the users to do model selection based on the
full spectrum of information.

2.6 Conclusion

In this chapter, we have demonstrated how to perform interactive optimization on cus-
tomized models using our system. Using mini-batch based online algorithms with the GPU
accelerated toolkit, we are able to get real-time feedback which makes the interaction possi-
ble. The use of Mizin function or secondary loss function provides a convenient and useful
way to capture user’s intuition and create customized model. To solve those multi-objective
optimization problems, we allow users to fine-tune hyper-parameters based on the feedback
from visual dashboard during training time. In the examples of KMeans and topic model
algorithm, we show that interactive optimization has several benefits including trading off
multiple criteria at the same time, setting adaptive temperature schedule, helping algorithm
to escape from local optimal etc. In the next chapter, we will describe a case study which
allow users to fine-tune topic modeling and KMeans algorithms on several real-world dataset.
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Chapter 3

A case study of interactive machine
learning

3.1 Introduction

In the previous chapter, we describe the implementation of our system which allows users
to perform interactive customized optimization. As we mentioned earlier, more and more
people from different background start to use machine learning algorithms to process and
analyze their data. With the help of open source toolkits like Scikit-learn [78], Tensorflow [2],
users can reuse algorithms and models for their own data with least amount of work. Though
using those toolkits saved a lot of time for coding, people now spend more and more time
on tuning and improving their models by running empirical experiments again and again.
The tuning process typically involves exploring the parameters space and understanding the
outcome of algorithms along the way. Similar to explorative data analysis, this should be
a iterative process that users keep trying and gaining insights, in order to make a better
decision. However, traditional parameter tuning workflow usually has huge latency between
user action and system feedback, since user can only see results after the model is fully
trained.

We therefore developed the toolkit that supports interactive visual analysis for parameter
tuning. As it could provide real-time visual feedback during training and to allow users to
interactively manipulate model parameters, we are wondering, is our toolkit really useful
for the users? In this chapter, we will describe a user study we conducted to analyze how
interactive parameter tuning could help users improve the model and gain insights.

While automatic parameter tuning is a hot research topic in machine learning community;,
we are particular interested in one kind of parameter that usually requires human domain
knowledge. That is the parameter to control the trade-offs between multiple objectives.
This may sound a bit uncommon since most machine learning algorithms optimize a single
narrow criterion. For example, supervised learning algorithms usually optimize training
accuracy/loss, unsupervised learning algorithms optimize model likelihood, reinforcement
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learning algorithms optimize expected rewards. However, real-world applications usually
involves multiple evaluation criteria and sometimes we need to make trade-offs between those
competing goals. For example, in computational advertising, while maximizing click through
rate and revenue is the primary goal, user satisfaction and advertiser satisfaction are also
important. For classification methods, users need to trade off between training accuracy and
validation accuracy to obtain a model that has nice generalization property. While machines
can automatically optimize single criterion quite well, optimizing and trading off multiple
objective remains challenging and requires human intelligence. Besides, we hypothesize
that this kind of parameter is relatively easier for human to tune, since they can observe
the changes of the values in evaluation functions to manage their progress. By monitoring
the effects of their control, users should be able to learn to anticipate the outcome of the
parameters, and to make better trade-offs.

To test our hypothesis, we recruited 28 subjects to conduct the user study. The visual
interface we used is shown in[Figure 4.3} It contains control sliders as well as streaming graphs
that showing the real-time changes of the measurements. Subjects were asked to adjust the
parameters to improve the quality of model. We used topic modeling and KMeans clustering
algorithms for the study.

In this paper, we will describe the setup of the study in details and summarize both
quantitative and qualitative findings. The major findings include:

e Most subjects can quickly learn to use the toolkit to tune parameters and gain insights
about the model

e Streaming graphs showing the changes of numerical measurements are the most effec-
tive for tuning parameters, while other visualizations could provide more context and
information to help subjects understand the meaning of those numbers

e The existence of latency, the non-linear the non-reversible behavior of machine learning
algorithms can lead to confusion and misunderstanding

e Multiple objective optimization is hard for human as well. Subjects need to have either
a predefined goal, or a deep understanding about each objective in order to make trade
offs

e Displaying more than 3 graphs would be difficult for subjects to track at the beginning,
but as their familiarity increases, less effort is required

3.2 Related work

Interactive machine learning

Interactive machine learning has been an active research direction in recent years. Its goal is
to plugin in different kinds of user interaction to improve either the performance or usability
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of machine learning algorithms. Amershi et al. [3] provides a detailed summary of the work
in this area. Since the workflow of using machine learning algorithms typically involves
multiple steps such as data labeling, data modeling, parameter tuning and model selection
etc. researchers therefore have applied interaction techniques in different ways to solve
different problems.

In the context of supervised learning, label-and-learn [4,92] is a well-studied and useful
technique that human can interactively label the dataset while seeing how accuracy is being
improved as more labels are provided. EnsembleMatrix [94] allows users to interactively en-
semble multiple classifiers into one while using confusion matrices to provide visual feedback
about the performance.

For unsupervised learning, interactive clustering is an active sub-area. AverageEx-
plorer [105] allows users to explore and summarize large collection of images by interactively
posing constraints. iVisClustering [54] is a interactive document clustering system which
allow users to iteratively refine the model, by looking at different views of the current model.
Scatter/Gather Clustering [41] is another system which could incorporate user-supplied con-
straints into the optimization process. However, it is typically hard to evaluate the results of
clustering algorithms, which makes it hard for users to know whether or not they’re making
progress.

On the other hand, interactive manipulation requires fast system response. Otherwise,
it has been found in [59] that latency can reduce the rate at which users perform explorative
analysis. However, as it is often takes hours or days to train machine learning algorithms
on large scale dataset, many existing interactive machine learning systems either use pre-
trained model, or can only be used on small scale dataset. Recently years, by using mini-
batch algorithms and GPU acceleration, systems like Tensorflow [2], BIDMach [14] can
greatly speed up training process and can even provide real-time feedback during training.
Therefore, interactively manipulate training parameters has became possible and has been
implemented as interactive machine learning toolkit [47].

Nonetheless, to our best knowledge, no research has been done to analyze how inter-
active parameter manipulation would benefit the users. One relevant research may be the
Tensorflow playground [85], which allows users to interactively manipulate the parameters of
a small scale neural network and gain insights by comparing different configurations. How-
ever, it only works for toy dataset and it is not clear what kind of insights users would really
gain.

Parameter tuning for machine learning

Hyper-parameter tuning has been an important yet difficult problem for machine learning.
Besides hand tuning, researchers have developed auto tuning algorithms including random
search [8], gradient based methods [5,62], reinforcement learning [23] or bayesian optimiza-
tion [89]. However, those auto tuning algorithms are compute-intensive and turn out to be
impractical for many problems. On the other hand, all those algorithms try to search the
parameter space by using a single objective such as training loss or validation loss, and they
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usually need to fully train the model. Recently, methods using bandit optimization such
as [55] began to explore early stopping strategy which saves a lot of computation. This also
provides intuition that interactive parameter tuning could leverage information during live
training.

On the other hand, to our best knowledge, no research has been done to analyze how
human would tune parameters for machine learning algorithms. Researchers in machine
learning community have summarized practical ways for parameter tuning [7]. But it remains
unclear how novice can gain those knowledge by exploring the parameter space.

3.3 Experimental method

The goal of this study is to understand how users would use interactive parameter tuning for
machine learning, and whether or not the visual interface can help subjects finish the tasks
and gain insights. However, the intrinsic property of the machine learning algorithms, the
design of the visual interface, the background knowledge of the subjects, the communication
during the study will all have effects on the results. Therefore, we try out best to design the
study to confront those issues. In this section, we will describe the details about how the
study is designed and conducted.

Experimental System

We use the open source machine learning toolkit called BIDMach [14,/47] to conduct the
experiments. BIDMach [14] has demonstrated extremely high performance with GPU ac-
celeration. Instead of using batch-update methods where each update is performed after
scanning the whole dataset, BIDMach uses mini-batch updates that only a small fraction
of data will be used for each update. Models are being updated continuously, usually many
per second. Therefore the effects of subjects actions will be seen quickly. BIDMach has
reduced the running time of many non-trivial ML tasks from hours to minutes. And even
for models that take minutes to train fully, the effects of parameter changes are typically
visible in seconds due to the mini-batch online learning algorithms like stochastic gradient
descent.

Using BIDMach, it is also flexible and easy to incorporate secondary criteria into the
optimization process. This is implemented by using a linear combination of cost functions
for primary and secondary criteria:

arg mmin fo(z,d) + Z i * fi(x) (3.1)

Where z is the model parameter, d is data, f, is the primary cost function and f; are the
user-defined secondary cost functions. This way to construct the cost function is similar to
what computational graph can achieve in other machine learning systems like Tensorflow [2]
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Figure 3.2: Visualization Dashboard for topic modeling

and Theano ﬂgﬂ Subjects can flexibly express their preference on the model by adjusting
weight \; of each cost function.

To perform interactive parameter tuning, we use a similar but modified interface from ,
as shown in and For the primary criterion fy and each secondary
criteria f;, there is a slider bar which is used for adjusting the corresponding weight A;, as
well as one streaming graph showing changes in that criterion. Their relationship between
them is shown in The subjects can first adjust the slider bar and then watch the
changes in its corresponding graph.
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Datasets and algorithms

BIDMach [13] supports a variety of models such as logistic regression, K-Means clustering,
Topic modeling (Latent Dirichlet Allocation [11]), and Deep neural nets. We choose topic
modeling and KMeans clustering for the study since it has been widely used by people from
different domains. We will describe them in details in this section.

Topic modeling

Topic modeling is a widely used algorithm to find out topics within a large document set.
It has many useful applications in science [34] and industry. The input of the algorithm
is a document-word matrix representing the word distribution in each document, and the
algorithm is to estimate the model parameters of the data generative process. The most
useful model parameters is the word-topic matrix ¢,,,; describing the distribution of each
individual word w within topic i. By visualizing this word-topic matrix using a visualization
similar to the Termite system [18], subjects without machine learning background can also
intuitively understand the outcome of the algorithm. Subjects can also hover the topic title
to inspect individual topic, as shown in [Figure 3.5

Another reason to choose Latent Dirichlet Allocation is because we use Collapsed Gibbs
Sampling [80], a Markov Chain Monte Carlo algorithm to maximize the likelihood of the
words within each document. Comparing to other gradient descent based algorithms such
as neural nets, Gibbs sampling algorithms can easily escape local minimum smoothly by
increasing the variance of the sampling process [102]. This is a very important and useful
feature since analyst can frequently get stunk into some local minimums. For algorithms
like neural nets or KMeans which we will describe later, restarting the training process is
usually required. Topic modeling is therefore easier for us to conduct the user study.

On the other hand, though Gibbs sampling algorithm is optimizing the likelihood of
observed data, it has been found in [15] that models with higher likelihood may actually
infer less semantically meaningful topics. Thus likelihood is not the best or at least not the
only way to measure model quality. Many research have been done to develop new ways to
evaluate topic modeling results [70,095], and to improve the model quality by incorporating
regularization [69] or domain knowledge [6] into the model.

To perform the study, we choose two relatively simple evaluation criteria and their con-
trols:

e LI1-reg is controlling the density of the weights in the model

e Dissimilarity is controlling the pair-wise cosine similarity between topics

To be specific, we add the following two cost functions into the model:
A Ll-regularization function:

filp) = Z |, (3.2)



CHAPTER 3. A CASE STUDY OF INTERACTIVE MACHINE LEARNING 30

and a pairwise cosine-similarity function to measure the similarity of the topics:

£200) =Y 0O bwipw) (3.3)

i#£]  w

Where ¢ is the word-topic matrix. ¢,,; represents the probability of word w in topic i.
Zw Puw,i = 1.

During the optimization, the gradient of these two cost functions will be applied to the
model matrix . Please note that there is a normalization step in LDA algorithm so that
the probability of all words sum up to 1. Therefore the value of f; remains unchanged after
the normalization, but its gradient will affect model updates.

We instead use g; to measure the density:

2w La>0.01(Pw,i)

= 3.4
nlp) = 2 (34)
and use g9 as a normalized measurement for similarity:

92(90) = Zi;ﬁj Zw 1

Besides the model likelihood, the value of g; and ¢, are visualized via the streaming graph,
named Density and CosineSim, as shown in A1 and Ay for the two cost functions
can also be adjusted via the slider bar, named LI1-req and Dissimilarity. It is coherent that
when A;/ Ag is increased, ¢;/go should decrease correspondingly. We also provide a third
parameter called temperature, which controls the variance of the Gibbs sampling algorithms
as described in [102]. When temperature is high, the algorithms will become more unstable
and can be easier to escape from those local minimums. While temperature is low, the
algorithm will be more likely to converge.

We use the UCI NYTimes dataset [56] which contains around 300K documents, 102K
different words and a total of 100 million word tokens. The online LDA algorithm [39] is
used to perform mini-batch updates. Using a Titan X GPU, training for one full pass takes
around 20s.

KMeans clustering

The other algorithm we used in the study is KMeans, which is the most widely used clustering
algorithm due to its simplicity. However, KMeans algorithm can easily fall into local optimum
and its performance is very sensitive to initialization. The evaluation criterion we added into
the model is the variance of the size for different clusters, since users often try to avoid the
case that some clusters are much bigger than the others. In order to improve this criterion,
we add size Weight parameter to control how much penalty that will be added to the bigger
clusters when computing cluster assignment. When adjusting size Weight to a large value,
the variance of the cluster size should go down. However, if sizeWeight is too big, it may
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Figure 3.3: Visualization Dashboard for KMeans

make the clustering results almost like random assignment. Therefore we use the MNIST
dataset to conduct the study and visualize the cluster centers to help subjects avoid bad
clustering results. The interface of tuning the KMeans algorithm can be seen in [Figure 3.3

The KMeans algorithm only has 1 parameter to tune, therefore it is relatively easier than
the topic modeling. Also, only limited subjects have tried KMeans after they finished topic
modeling experiments. In the rest of the paper, we will mainly discuss our experiments and
findings for topic modeling.

Subject background

We recruited 28 subjects from the college campus via posters, emails. 17 subjects are un-
dergraduate students, while others include 9 graduate students and 2 post-doc researchers.
They come from a variety of background. The distribution of their home department is
shown in [Table 3.1 Majority of the subjects have few or none machine learning experience.
18 subjects claim they almost never used clustering or any unsupervised learning algorithms
before. On the other hand, 22 subjects have ever used regression methods. 17 subjects have
programming experience including R, MATLAB, Python etc.
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’ Major ‘ Subject number ‘

Electrical Engineering and Computer
Science

Natural science

Social Science

Engineering

Mathematics and Statistics
Undeclared major

QDN | | ~J| Ot

Table 3.1: Subject background distribution

Study Procedure

The main task that subjects are supposed to finish is to explore the parameter space via the
visual interface and to improve the topic modeling algorithm. However, since most subjects
don’t have machine learning background, it would be hard for them to learn how to make
trade off between different evaluation criteria in a limited time. Therefore, we separated
subjects into two groups. The first group contained 13 subjects and the second contained 15
subjects. The first group did not receive a concrete goal about what kind of improvement
should be made. Instead, they were told to improve the model in terms of sparseness,
topic uniqueness, which is more open-ended. In contrast, subjects in the second group are
given a predefined goal which is to keep likelihood higher than -9, while making density and
cosineSim as low as possible.

During the study, we first gave each subject an instruction sheet which includes the
description of the dataset, the outcome of the algorithm and how to use the visual interface.
We describe the system in such a way that no machine learning experience is required in order
to use the toolkit. Subjects are told that LI-reg corresponds to density, and dissimilarity
corresponds to cosineSim, temperature is controlling the variance and fluctuation level of
the algorithm. Before the subject start to tune the model, we double checked that the
subject understand the basic of the topic modeling algorithm, understand the meaning of
the visualizations and the controls. Subjects are allowed to ask questions during the study,
but we didn’t answer questions that would give more information than the instruction sheet.

We record the computer screen for the whole tuning process. Video/audio recording
is optional but preferred. During the study, we encourage subjects to think aloud when
they were using the toolkit. We also record how many insights did each subject find out
by observing their behaviors and confirming with them via some necessary questions. The
criteria to determine if the subject has gained the insights include: (a). The subject can
describe the insight in his/her own language. (b). The subject can reproduce
the phenomenon using the correct operations. The full list of the insights that we are

trying to measure can be seen in [section 3.3

For each subject, We also measured and recorded the completion time (Only the first
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time of completion will be recorded) for the following subtasks:

e 1. The subject successfully decreased density or cosineSim by any amount

e 2. The subject successfully turned cosineSim into 0 (See [Figure 3.8¢])

e 3. The subject successfully increased density/likelihood after decreasing them first (See
Figure 3.8b)

The completion time is measured by counting how many values has passed in the stream-
ing graph, as the streaming graph has a constant rate of showing 40 values per minutes. After
they finished tuning, we continue to conduct a short interview to further discuss their findings
and comments about the tuning process.

Expected insights
We list a checklist of those expected insights below:

e 1. There is trade off between density and likelihood. As density went low, likelihood
would go low as well.

2. cosineSim can be optimize to as low as 0, while keeping likelihood almost unchanged.

3. In default temperature, first increase and then decrease L1-reg can make density
fall and then rise. But decreasing dissimilarity after first increasing it has no effect on
cosineSim.

4. Increasing temperature can help escaping local optimum. For example decreasing
dissimilarity can make cosineSim rise again.

e 5. Decreasing density can shorten the list of words within each topic

e 6. Decreasing cosineSim can make topics independent to each other

The first 4 insights are describing the relationship between the parameters and the loss
functions. They can be observed by looking at the streaming graph alone. The latter 2
insights are about the meaning of those 2 loss functions, and subjects need to look at the
model visualization in order to find out such insights.

3.4 Quantitative results

As mentioned in [section 3.3 for each subject we recorded which insights did he/she find,
and the time to complete those subtasks. We conduct a thorough analysis on the user data
and we will discuss several quantitative findings In this section.
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Overall statistics

All 28 subjects successfully finished the subtasks we described in The averaging
completion time is as follow:

Subtask 1 | Subtask 2 | Subtask 3
Group 1 193.2s 464.4s 571.0s
Group 2 196.3s 454.4s 333.7s

Table 3.2: Averaging completion time

The details of the completion time are shown in [Figure 3.4, Subtask 1 is relatively easy
to complete since subjects only need to increase L1-req or dissimilarity to reach a threshold
value. Also, 9 subjects finished all subtasks within the first 3 minutes. However, since we
didn’t explicitly recommend subjects to try extreme parameter values, which can lead to
fast completion time, some of the subjects used a more conservative strategy to gradually
increase the parameters. Therefore it could take a while before noticeable change can be
seen in the graph. Also, the averaging completion time of subtask 1 and subtask 2 is very
similar between the two subject groups. For subtask 3, the difference between the two
groups is not significant, either. We perform a two sample t-test on the data and result is :
t(df = 17.257) = 1.4487,p = 0.1653.

Besides, in terms of measuring how many insights (Those described in ), we
found that only 24 subjects are able to gain the first 2 insights, as shown in [Table 3.3, This
means at least 4 subjects finished those subtasks without really understood their cause. This
is because subjects can finish the tasks by randomly moving the sliders without conducting
any analysis about them.

On the other hand, the temperature parameter is much harder to understand and therefore
is hard to use it in the right way. Even though we told subjects in the instruction sheet that
temperature is used to control the level of variance and fluctuation of the algorithm, it is
hard to perceive its effect from the graphs after adjusting temperature. Typically, increasing
temperature will increase the level of noise in topic visualization, as shown in [Figure 3.7 It
may also lead to drastic changes in other streaming graphs. Usually it increases cosineSim
while decreasing likelihood and density. Therefore it is hard for subjects to anticipate its
effect without domain knowledge in machine learning and optimization. Only 3 subjects
obtained insight 4 by successfully escaping from a local optimum under high temperature
condition.

Insight 3 is also hard to gain, since most subjects are not familiar with such non-reversible
behavior. We will discuss subjects response to it in the next section.

Having predefined goal reduces topic inspection

As described in the study has two subject groups. Subjects in the second group
are given a predefined goal which is to make density and cosineSim as low as possible while
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Figure 3.4: Distribution of task completion time
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Table 3.3: Number of subjects who gain the insight

maintaining likelihood higher than -9. Other instructions and experiment environments are
the same. During the study, we found that, the 13 subjects from group 1 are more willing to
spend time on the topic visualization. Subjects would dive into each topic one by one and
try to understand how they are correlated with the streaming graphs.

Though we don’t have equipment like eye tracking device, we instead measure how long
did subjects put their mouse on the topic visualization. This is due to the fact that, in order
to look at the words in individual topic, subject needs to hover the title of each topic. We
plot the data in [Figure 3.6, and it can be seen that there is huge difference between the two
groups. We also conducted a two sample t-test, and group 1 spent significantly higher time
than group 2 (t(df = 14.491) = 4.1363,p < 0.01).

By spending more time to inspect the topics, group 1 were on average doing better on
finding insight 5, 6 as well. The success rate to find insight 5, 6 for group 1 is 3/13 and
8/13, while the rate for group 2 is 2/15 and 4/15. On the other hand, as mentioned earlier,
even though group 1 spent more time on look at topic visualization, there was no significant
difference for subtask completion time between the two groups. This may be partly due to
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Figure 3.6: Group 1 spent more time looking at topic visualization

that inspecting the topics and tuning parameters could be done in parallel.

3.5 Subjects response

We encouraged subjects to think aloud and their verbal responses were being recorded. We
therefore analyze how subjects are describing their tuning strategies as well as comments
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(a) Before increasing temperature (b) After increasing temperature

Figure 3.7: Effect of adjusting temperature

to the toolkit. We describe several qualitative findings in this section. When listing the
quotations from the subjects, we include their subject id. S1 to S13 are in group 1, while
S14 to S28 are in group 2. We also add necessary explanations within a parenthesis if subjects
are pointing something on the screen or something that need to be inferred from the context.
Such as: “look at this one (cosineSim)”

Strategy

It is very important to analyze how subjects plan their strategies. We therefore encouraged
subjects to explain their actions during the study. Here are some of the common actions
that subjects would perform.

Understanding the measurements:

The first thing that subjects usually did, especially for those in group 1, is to understand
the relationship between numerical measurements and the topic visualization. Here is some
quotation:

S4: “I notice that when the cosineSim was higher, there would be more similarity between
the topics on a given word. Hum, and, I could go through in just, you know, kind of look at
all of those (topics), or I could just, you know, trust the cosine similarity was capturing it.
I mean, yep, like, this seems to reflect this petty well. So I start to just try to get this looks
nice.”

S6: “The cosineSim is good for, like making sure you're actually, like, similar, so this is
going to get rid of, eh, like cross identification”
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S12: “When the cosineSim is higher, then, hum, it will have like more dots in other
topics. Density is just, huh, the higher is, the more like, the more dots there are in general.
Likelthood is just, the higher likelithood, the bigger the circle is. ”

S17: “One point is that, when likelihood went down, the performance of the model didn?t
go down, in terms of human judgment. ”

It can be seen that subjects have variety of ways to describe the meaning of the measure-
ments. And subjects can actually gain wrong insights such as the meaning of the likelihood.

Trying extreme values:

Another useful strategy is to move sliders to the extreme and to observe what happen.
This can quickly show an overview about what does the parameter space look like. Here are
some quotations about how people apply this strategy:

S4: “When I move the parameters to the extreme, It does kind of gave me better under-
standing about what the parameters are doing, to begin with.”

S23: “Just flip around, to maybe, kind of doing an extreme, and then kind of doing the
other extreme, and then maybe less extreme on the other side, until you find where it actually
drops.”

S18: “Maybe I try some extreme cases first and then bound it to like, to make the region
smaller about when it will get to the place we want.”

Making tradeoft:

Subjects are supposed to use the toolkit to make tradeoff between those competing goals,
which in this case are density and [ikelihood. However, it turned out that without knowing
the meaning of the numbers, trade off are hard to make. Here are two quotations:

S5:“ am OK with black box as long as I know what the payoff function is for myself.
Right now I am not 100% clear on when I make changes, whether the result is better or
worse..... I don’t feel like I have done anything that requires domain knowledge yet. So far
it seems like this should all be automatic.”

S6: “I think, using this plot (topic visualization) was more meaningful, because I can
see, you know, I can put like what my goals were to like have less overlapped column and
shorter column. What numbers are exactly correlated with those two? I think of a more like
a guidance. I do not think you want them (Measurements) to be like way off, but I do not
think I would use this to exactly get as optimal as possible. I think I would use like looking
at the data, as it would guide me in choosing the optimal values. ”

Streaming graph

Streaming graph is effective for parameter tuning:
Streaming graph is good at showing changes in time-series data. But it is not clear if it
is also useful in interactive environment. As many subjects claimed they only used static
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visualization before, we therefore asked them if they think the dynamic graph is hard to read
and track. Here is one quotation from the subjects:

S21: “No, I don’t think so. I feel like that is actually kind of helpful because that’s your
way of seeing the change happen, that’s your way of being able to monitor whether the pa-
rameters that you’re changing are actually impacting the model.”

The response is quite representative, and the changes in streaming graph are the main
source of insights when subjects are describing their findings. Here are quotations from two
different subjects stating its usefulness in finding insights.

S5: “There is no better way to do it with interactive visual system, otherwise is all
abstract. And I would never, I would probably never be able to get this level of intuitive
graphs of that process, without being to able to do just like this. Very useful learning tool. ”

S6: “Something like this where like, looks at it visually, and looks at the interplay between
different choices, would be helpful.”

Also, subjects claimed that looking at the topic visualization (Figure 3.5b)) and inspect-
ing the topics one by one is very time-consuming and is hard to make comparison. Instead,
They would rather look at the numerical statistics. Here are two quotations:

S4: “Changing a parameter and then checking through every single topic and looking for,
you know, its immediate effect, is, is kind of, you know, makes me more incline to look at
the abstraction of it, in cosineSim and likelihood. ”

S6: “Because right now this looks like they are plausible topics, so could be right. If they
change, I am not sure if I can detect there is improvement or not. So then what I have to
do 1s go topic by topic, which is kind of a lot of work, to do this. ”

Also, streaming graph makes it much easier to compare current state and the history.
Being able to make meaningful comparison is very important, if the main goal is to under-
stand the effects of parameter manipulation. Here are quotations from two subjects stating
the difficulties in reading topic visualization.

S6: “Those plots (Streaming graph) help a lot, cause just looking at this (topic visualiza-
tion) is more difficult to absorb like how the shape is changing”

S17: “I can’t do this. I can’t remember what those topics are in the last iteration. ”

Tracking 3 graphs could be hard:

During the study, we did notice that sometimes subjects would ignore the changes in one
streaming graph while they’re looking at the others. And subjects confirmed with us that 3
graph is hard for them to track. Here are quotations from two different subjects:
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S18: “I think I can focus on 2 at a time, to compare the difference. But 3 maybe, maybe
take time.”

S21: “I think 3 graph isn’t too much. It just takes time to find the pattern ...... Because
when you try to make a goal considering 3 parameters and 3 graphs here, you have to keep
in mind the two other goals that you want for these, and try to relate them so that you get
a perfect state. I feel like it depends, but I think that 1 or 2 is just simpler”

As pointed out by the subjects, it is normal to look at 1 graph, or comparing 2 graphs at
the same time. Having 3 graphs introduces complexity and subjects need to allocate their
attention wisely. Since our system didn’t support pausing the training, subjects therefore
need to simultaneously decide where to look at as the graphs are changing all the time. This
is quite challenging at the beginning when subjects are not yet familiar with the system.
But as they became familiar, they could kind of anticipate what would happen. Here is one
quotation:

S6: “I think the second time around, it is like when you read something before coming to
the class, even if you don’t really read it. You still like are familiar with the vocab, and you
are familiar with kind of like with how things fit it, that you know the general behavior of it.”

Gaining such experience, subjects could therefore focus on different graphs at different
time. The most common strategy is to ignore the third graph unless something drastic hap-
pened. Here are quotations from two different subjects:

S6: “I don’t think it is too overwhelming. I think like, just these 3 is OK. Cause I can
kind of see these out of the core of my eye. Yep, if I am expecting this (L1-reg) only impact
this one (likelihood/density), then I can just focus on this one. I don’t have to look at this
one (cosineSim). This is kind of the experience you gain like doing it multiple times. Like
which one impact which one.”

S18: “I just see the changes, and then generally see the other one the third one, if it does
not change a lot, then I will just keep going.”

This also informed us that, being able to display the history of changes is very important.
Since subjects may frequently ignore some graph at first, but would come back to see it later.
If the history data is not being shown, then the subjects would have no way to tell what
have changed. The streaming graph is therefore doing a better job than other visualizations
in such scenario.

Reversibility

Since machine learning algorithms can fall into local optimum, changing the parameter back
to its original value does not necessarily bring the model back to its previous state. During
the study, subjects can figure this out, even though they might not realize this at the begin-
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ning. However, only 4 subjects can clearly describe the non-reversible behavior of cosineSim.
Here are two quotations:

S10: “It seems that cosineSim is still low even if I adjust dissimilarity back to 0 ...... So
this model, it seems like it has two properties, not reproducible and not reversible. ”

S18: “Sometimes dramatic change would make cosineSim stay 0, and even though I
change it back, it will stay 07

On the other hand, realizing the non-reversible property seems to make subjects more
conservative about their tuning strategy. Here is one quotation:

S5: “I would not have to if it behaves like a real parameters tweaker that I used to. Which
1s that if I go back, the state returns. This one though, is more like going through, exploring
a maze. And if you take several steps, it is not easy getting back. I am cautious about just
mouving the sliders. ”

Conservative strategy is also more important in KMeans experiments, since large sizeW eight
can break the model and the only way is to restart the algorithm.

Latency

In any explorative data analysis, the existence of latency can affect how users interact with
the system. As pointed out in [59], increased latency reduces the rate at which users make
observations, draw generalizations and generate hypotheses. In our case, we observe that
the latency in machine learning algorithm not only slow down the analytic process, but can
also give subjects wrong intuitions.

Comparing to the usually fixed-time system latency in explorative data visualization,
latency in machine learning algorithms comes from several different sources. There is system
latency which includes data loading time, data processing time, communication and render-
ing time. Since BIDMach uses mini-batch algorithms, system latency actually means how
long does it take to process one small batch of data so that subjects can see visual feedback.
Besides, there is algorithm latency, or so called convergence rate. Empirically it means how
many mini-batch data is needed for algorithm to converge and show noticeable changes on
the screen. In practice, for the topic modeling algorithm in our study, system latency is
around 300ms, algorithm latency is around 5 to 10s.

After subjects changed the parameters, usually there are three types of system response,
as shown in Fig[3.8] Fig|3.8a] shows the case that the weight of loss function is too small to
cause any noticeable changes. This usually happened at the beginning of the tuning process
that default parameters are all very small. Fig|3.8b| shows the case that significant changes
can be seen in the graph. Fig|3.8¢ is similar to Fig|3.8b] with the difference that the value of
cosineSim can not reverse back in the default temperature. Therefore no visual changes can
be seen no matter how the subjects change the parameter. We found that, before getting
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Figure 3.8: Different types of system response

familiar with the system, subjects may not be able to distinguish the situation between Fig
and Fig hence spent lots of unnecessary time waiting for the results. Here are two
quotations:

S10: “It seems that cosineSim is still low even if I adjust dissimilarity back to 0
S23: “It is kind of interesting that when you sliding this (L1-reg), there is hum? they
will be not changed for a long time, then they will just all of a sudden reach 0.17

However, some subjects would use a much better way to handle the latency:

S5: “And it takes about 10 seconds to scan the whole things. So it shouldn’t take more
than 10 second before it get stable. ”

S6: “I think what I was doing was that, I change it, and like if I didn’t see anything
change within 5 seconds, then I will just change it again. I think it was relatively easy to
find the behavior, once I play with it around long enough.”
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On the other hand, most subjects didn’t realize tuning the weight of loss functions not
only changed the converged value, but also changed the convergence rate. Therefore the ex-
pected algorithm latency should be changing depending on the scale of the parameter. This
can lead to some unexpected non-linear behavior that confused the subjects. But subjects
could also adapt their strategies accordingly. Here are two quotations:

S4: “This is definitely a strategy that more gradual change which would allow me to kind
of control specific outcome, without having wider, more drastic effect.”

S23: “Like I said, there will be times when you increase it, as it feel exponential or
something, and you will increase for a long time and nothing will happen to the likelihood or
density, and then you will reach a point, and it will just, likelihood will drop.”

3.6 Conclusion

In this chapter, we discussed a user study about how visual interface would help subjects
perform interactive parameter tuning. 28 subjects participated in our study. We had 2
major quantitative findings that on average users can learn to use the toolkit in less than 10
minutes, while giving subjects a predefined goal can significantly reduce the time spending
on topic inspection. Based on subject responses, we also found that subjects are able to gain
useful insights despite of having difficulties understanding the behavior of machine learning
algorithms. Also, streaming graph turned out to be very effective in tracking progress and
making comparison, while other graphs like topic visualization can help subjects understand
the meaning of the measurements which are extremely important when making tradeoffs
between different criteria.

During the study, we also found that, many students felt uncomfortable for multiple-
objectives optimization. They kept asking for a more specific goal so that they could figure
out the direction towards it. We sometimes need to use the analogy that GPA can not fully
represent a person’s potentiality to explain the concepts of multiple-objectives optimization.
It turns out in the modern world, KPI (Keep performance indicator) driven rules have shaped
the way how people think and how people make decisions. However, as we mentioned before,
finding the right loss function (KPI) could be difficult in the first place. Once the goal is
decided, optimization becomes straightforward. But how should we choose the goal itself?
The tool we built didn’t give us a thorough solution. We only make it possible for users
to explore the parameter space so that they could make comparison and gain knowledge.
This is somehow similar to our daily life. Balancing all those different factors is hard, but
exploring the life itself gives us knowledge and memories. And it always takes some time
and cost to figure out the goal that you really need.
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Chapter 4

Diagnostic visualization for deep
learning

4.1 Introduction

In this chapter, we will describe how to use the idea of exploratory model analysis in deep
learning by providing interactive diagnostic visualizations. As deep neural networks (DNNs)
have seen wide adoption, their ability to learn ad-hoc features also makes them hard to un-
derstand and diagnose. Existing tools such as TensorBorad [98] and VisualDL [75] provide
low-level APIs for deep network visualization. While Tensorflow is primarily an offline visu-
alization tool, VisualDL can produce live training visualizations when used with a define-by-
run tool like PyTorch. Both tools however use log files to flow data between the deep network
runtime and the visualization system and are not reconfigurable during training. Here we
focus on visualization as a diagnostic tool with tighter coupling between visualization and
training, and the ability to dynamically add/terminate visualizations during training runs.
We explore several computational approaches that improve the quality of diagnostic visual-
ization for image-based networks. Visualization for deep networks has a long history with
approaches like guided backpropagation [88}90], activation maximization [71-73]. These ap-
proaches have produced impressive visualizations for fully-trained networks, however their
emphasis seems to be on similarity between sythesized and real image regions. Here we
focus on the direct interpretability of neuron visualizations and in making the trade-off with
interpretability explicit.

A naturally-interpretable approach among these methods is activation maximization
(AM), which displays the behavior of a particular neuron by finding images maximally
activating it. AM directly computes the gradient of the input image with respect to a target
activation of the selected neuron, and follows these gradients to produce an input image
visualization. This process is highly underconstrained however, so regularization must be
added to produce a unique image. AM can then be posed as an optimization problem over
the image space Z: Given f,(x), the activation of a neuron « on an input image x, and R;(x)
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the regularization terms, compute:

argmax,,c= fo() + Z NiR;i(x) (4.1)

In contrast to image based visualization which finds patches of training images that
maximally activate the neuron, AM generates images that derive solely from the neuron’s
properties. However, the optimization problem is non-convex, therefore there are multiple
possible maximally activating images. As [72] pointed out, neurons can have multifaceted
behavior, in that they fire in response to many different types of features. Therefore for
diagnostic purposes, users should be able to explore the space of images that highly activate
the neuron. This presence of many maxima, combined with the multi-faceted behavior of
neurons makes gradient ascent algorithms unappealing. Any particular initialization leads
to a single local optimum, but it can be difficult to choose these initial images to thoroughly
explore the space of highly-activating images et. al. [28]. The typical solution revolves
around picking clever initializations on the image manifold G(z). For example, [72] used
multiple pre-clustered images as starting points to cover the image space.

In contrast to the customized initialization approach, we propose an algorithm, Langevin
Dynamics Activation Maximization (LDAM), which samples images from the entire
image space based on the activation score ratio. LDAM is a gradient-based MCMC (Monte
Carlo Markov Chain) algorithm using Langevin Dynamics [96] which samples directly from

the distribution: AR
Vo € E P(r) o exp (fa(x) . %’: i i(@) 2

where T is a temperature parameter.

Thus, LDAM will traverse the manifold of highly-activating images directly. The differ-
ence between gradient-based optimization and gradient-based sampling algorithm is demon-
strated in Fig [£.1 Using LDAM, we can visualize the manifold traversal in real time as
a live animation while allowing users to directly manipulate the hyper-parameters of the
traversal. As discussed in [87], such direct manipulation can be particularly beneficial for
users’ understanding during training.

Figure 4.1: Monte carlo sampling can obtain samples (blue dots) from the entire space while
optimization method usually only obtains one local optimal and is highly dependent on
initialization (red dot).

Since activation-maximization is an under-constrained problem, AM algorithms often
generate meaningless noise with high o neuron activation, and can be used to create “adver-
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sarial” examples [93] which lead to incorrect class outputs. To help solve this problem, 73]
summarized several different regularization techniques which can make results smoother |63]
or more human-interpretable [71]. However the goal of most regularizers is to make AM
images that more closely mimic image regions. This can help interpretability in terms of
image regions, but also distorts the visualization as a representation of the underlying neuron
properties (i.e. its sensitivity to particular pixels). Here we explore the trade-off between
pixel-direct "mechanistic” visualization and interpretability in terms of input image regions
since both can aid the understanding of neuron behavior.

Therefore, our goal is to explore the image-space while limiting our regularization to
improve the diagnostic power of our system. Our major contributions are:

1. We introduce a sampling algorithm, LDAM, based on Langevin Dynamics which can
explore the activating-image manifold.

2. We use L2 regularization (only) and sample averaging to obtain interpretable pixel
values.

3. We use a tunable discriminator loss to control the trade-off between mechanistic (pixel-
based) and image-like interpretation.

4. We evaluate LDAM on several image datasets and model architectures. We also report
a novel insight about the training of deep networks with parameter averaging.

This chapter is structured as follows. Section 2 summarizes related work. Section 3
describes our algorithm in detail. Section 4 and 5 demonstrate the usage of our algorithm
to diagnose networks trained with MNIST and CIFAR10 dataset. We compare models with
different architecture or trained with different methods. The analysis of parameter averaging
technique is discussed there. Section 6 discusses how to diagnose and explore the relationship
between intermediate-layer neurons for AlexNet trained on the ImageNet dataset. Section 7
ends with conclusion and some future work.

4.2 Related work

Diagnostic deep learning visualization

There are a myriad of techniques for visualizing deep learning systems that have been pre-
sented in the last few years. Hohman et. al. [40] provides a comprehensive survey of existing
visualization techniques for understanding and diagnosing deep neural nets - however we
summarize a few of the more influential here. Many recent tools focus on visualizing the
neurons during training. One of the most recent tools, ActiVis [48], is an industry scale
toolkit which allow users to perform instance and subset level inspections using clustering
techniques. Their toolkit allows for analyzing and viewing clusters of neuron activations, and
provides activation-level information about the images. Rauber et. al. [82] take a different
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direction by applying dimensional reduction techniques to visualize relationships between
activations and between artificial neurons. Liu et. al. [58] uses graph visualization to show
relationship between the neurons, and visualizes their activation space. Zeng et. al. [101]
use side by side visualization to compare the activations of pairs of CNNs during training,
Chung et. al. [19] allow users to manipulate particular neuron during training to see the
training effects, and Liu et. al. [57] analyzes the training process of deep generative models,
by providing several visualizations to identify problems during training.

While activation-level techniques can be exceptionally useful in understanding which
neurons contribute to mis-classifications and understanding neural layouts (Bilal et. al. [10]
analyzes hierarchies of similar classes to discover which neurons correspond to different levels
of class hierarchy), a more general issue with many of these activation-level techniques is
that they provide no way for users to understand image-level features that correspond to
neuron activations. Recently, Pezzotti et. al. [79] provides a visualization tool which allows
users to view the receptive fields of neurons composed over the entire training set. This could
help users identify several diagnostic properties of a model such as stable layers, degener-
ated filters, undetected patterns, over-sized or unnecessary layers. However, visualizing the
receptive fields using the image patches from the training set only highlights what stimulus
the neuron responds to but not how it responds. In contrast, images generated by AM can
give us information about the network gradient and model parameters. We will discuss the
insights derived from AM in later sections as well.

Activation maximization

Central to the idea of visualizing the behavior of a neuron is the activation maximization
technique. Olah et. al.summarizes different activation maximization methods in [73] and
describe several applications in [74]. The first issue with activation-maximization is that it
is underconstrained. Highly-activating images can be chosen which are visually far from the
target class, as demonstrated by Szegedy et. al. [93]. By starting with an image of one class,
and using activation maximization, [93] showed that adversarial examples could be created
with very small perturbations in the pixel space.

To better constraint AM images, various regularlizers have been proposed. Mahendran
et. al. [63] proposed two of the most popular regularizers: total-variation (TV) regularization
and jitter. Total-variation regularization penalizes images which have locally non-correlated
pixels and can help with de-noising the activation-maximized image. Jitter regularization
often helps to control for fine detail, and can create sharper and more vivid reconstructions.

Besides using regularization, Nguyen et. al. [72] take the view that interpretability of
the activation-maximized images is highly dependent on the initialization of the image.
By using images from the training set clustered according to activation as the starting
point, [72] shows that more interpretable images can be generated. In a follow-up, [71] uses
a pre-trained generator to limit the optimization space, which then produces realistic images
corresponding to higher-level activations. While the interpretability of generated images
can be high, the creation of a single image is both computationally expensive and highly
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dependent on the generator itself, which makes it unsuitable for diagnostic purpose. LDAM
borrows the ideas presented in [71] by replacing the generator with an adjustable adversarial
discriminator. The adjustable discriminator enables LDAM to generate interpretable image
samples without introducing bias in an uncontrolled manner.

Guided back-propagation [90] is another visualization method that also uses the gradient
for the input images. It can be used to visualize the saliency map for a given input image.
Smilkov et. al. [88] improves the results from [90] by adding gaussian perturbations to
gradients multiple times and average the results to achieve smoother gradients. LDAM
borrows the idea from [88] by performing sample-averaging on a series of noisy samples to
improve the interpretability of the results.

Generative Adversarial training

Recent advances in generating realistic images have primarily been due to the introduction of
adversarial training first presented by Goodfellow et. al. |33] in the construction of Generative
Adversarial Networks (GANs). A GAN consists of two components, a generator and a
discriminator. The generator G(z) = =z generates an image using a random input (z),
while the discriminator D(z) takes in an image = and attempts to determine if z is from
a real dataset or was generated. By jointly training the generator and the discriminator,
the generator gets better and better at “fooling” the discriminator, leading to more realistic
images produced by the generator. In addition, the formulation for a GAN also discourages
the generator from copying images that are already in the dataset. The GAN training
process minimizes the Jensen-Shannon divergence between the distribution of G(z) and the
distribution of training images. Zhu et. al. |104] have built an interactive toolkit which
can allow users to explore such learned image manifolds in a user-controllable way. LDAM
borrows a number of ideas from GANs to improve the interpretability of the generated
images, and to allow users to explore and define the interpretable image space.

Langevin dynamics

One of the biggest problems with activation maximization techniques is that given an ini-
tialization, there is only a single maximum which can be achieved by gradient ascent. Not
only is this the case, but Erhan et. al. [28] found that even with relatively distributed initial-
ization, activation maximization produced only very few unique samples in practice. This is
particularly unsatisfying for visualizing images which maximize a neuron activation, because
we would like to see a large number of unique images corresponding to a neuron’s activation
(or a cluster of neuron’s activations). Thus, we would like to sample images corresponding
to high activations of a neuron.

To sample from this space LDAM borrows the optimization technique from Welling et.
al. [96], which uses a combination of a stochastic optimization algorithm with Langevin
Dynamics which injects noise into the parameter updates in such a way that the trajectory of
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the parameters will converge to the full posterior distribution rather than just the maximum
a posteriori mode.

A few optimizations over [96] have been studied. Feng et. al. [30] uses Stein Variational
Gradient Descent to improve the diversity of the samples drew from a posterior distribution.
Neelakantan et. al. [68] use gradient noise to help train deep neural nets, and Gulcehre
et. al. [35] propose using noisy activation function to allow the optimization procedure to
explore the boundary between the degenerate (saturating) and the well-behaved parts of the
activation function.

4.3 Proposed Algorithm

Preliminaries & Notation

Let f.(x;0) be the activation of a neuron « in a neural network f with parameters 6 given
the image x from some image space =. We also let II be the pixel space.

The goal of our algorithm is to sample images x € = with high values f,(x). To do so,
we first define the random variable X, and the probability mass function P(X = z|f,, ) as:

Vee=Z P(X =z|fs,0) xexp (%) (4.3)

As we can see, the probability of sampling any image from the manifold is proportional to
the activation of that image by the classifier f,(x; ). The only issue with the formulation in
equation is that it depends on an image manifold =, which may not be available for direct
sampling, or may be difficult to sample from. To resolve this issue, we can sample directly
from pixel space II, giving rise to the PMF"

Ve ell P(X =z|fa,0) xexp (%) (4.4)
The issue with equation is that we are now no longer constrained to the image manifold

=, but a much more general space II. To rectify this we use a regularization function R(z)
to define a second PMF over the images of II:

Vzell Pl €X) oexp (R(T:’:)> (4.5)

We make the assumption that P(z € =) and the probability that z activates f,(x) are
independent to give us our final PMF, hx(x) for X from which we can sample:
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Note that the regularization (z) could be viewed as a prior distribution on the image man-
ifold. This prior could be provided by a discriminator D(x), or could be a simple regular-
ization, such as the L2 norm. Each of these different regularization functions provides for
differing characteristics in the final images, which is easily seen by this factorization. In
addition, this factorization into activation and regularization parts means that at the time
of diagnosis, the user can smoothly vary the regularization function to view the effects that
different image-manifold assumptions have on the sampling process (something which is im-
possible for traditional activation maximization techniques). The parameter X in equation
is also important, as it represents a trade-off between sampling images that lie on =, and
images that are highly activating the selected neuron.

Monte Carlo Sampling Using Langevin Dynamics (LDAM)

In order to sample from the distribution proposed in the previous section, we propose LDAM,
an algorithm which uses Monte Carlo sampling rather than pure gradient ascent. While pure
gradient ascent could be used to optimize the function

argglqax falx) 4+ zl: NiR;i(x)
we find gradient ascent unsatisfying, as it cannot sample from the PMF given in equation
4.6, and only finds a local maximum of that function, so it may miss a large number of highly
probable activating images.

In Bayesian learning, Langevin Dynamics is traditionally used to generate samples from
the posterior distribution P(6|D) where 6 is the model parameters, and D is the training
data. We flip the traditional sense, and sample from II according to the PMF given in
equation [4.6]

To sample the random variable X, LDAM uses technique proposed in [96] which is a
gradient based Monte Carlo method. LDAM generates a sample z; at time ¢ from the
distribution of X, hx(z) by injecting suitably scaled gaussian noise in the gradient direction:

Ty = x4 + BAxyy (4.7)
Az =V, fo(z) + Z ANiVeRi(x)+n n~ N(0,0) (4.8)

In this case A, § and ¢ are hyper-parameters which control the sampling process. In
LDAM we sample our initial zy using isotropic Gaussian noise. Typically step sizes are
Br = a(b+1t)~* decaying polynomially with px € (0.5, 1]. In our implementation, we leave the
step size up to the user as a trade-off between local and global exploration.

It’s worth noting that for some regularizers (for example the discriminator), the scale of
V. fa(x) and V,R(z) could be extremely different. Thus instead of directly using the gradi-
ent, we use a normalized gradient provided by the RMSprop algorithm for those regularizers.
The detailed algorithm can be seen in Algorithm
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Algorithm 1 Langevin Dynamics Activation Maximization (LDAM)

1: Input: Network f,(z), Regularization functions R;(z)
2: Initialize: Random Image xg, v =0

3: fort =1,23... do

4:  Forward pass: Compute f,(x;), R;(x).

Backward pass: Compute V. f(z;), V. R;(x).

Get normalized gradient V, f,(z;) and V, R;(x;) if needed
Draw 7, from N(0, o)

Gt = Vafal@e) + D, NVaRi(x) + ne

Ver1 = Y + Bige

10: Ty41 = Tt + Vg4

11:  Process new sample x4

12: end for

After obtaining each new sample x;,1, we could either directly visualize it as a live-
animation in the interface, or use sample averaging method to compute the moving average
of all the samples received so far. In later section, we will show that sample averaging method
can greatly reduce noise and improve the interpretability of the generated images.

L2 regularization

Choosing the right regularization function (equation is extremely important. The first
regularization function that we consider is the L2 norm of the generated image, i.e R(z) =
—% |z||?>. While L2 has frequently used in previous work to “clean up” generated activation
maps, its role in pixel interpretability does not seem to have been noted. Namely that at a
local optimum of activation, the activation equals the gradient.

" = argmax fu(z) — ~||z][2 —> (4.9)
zell 2

Vifal@®) —2"=0 = (4.10)

Vaofalz?) =a* (4.11)

An important corollary of this observation is that for neurons whose output is linear in the
image values the L2-reqularized activation equals the filter weights. i.e. the L2-regularized
AM reproduces the filter weights in the first convolutional layer, and generalizes in a natural
way to gradients in other layers.

Note that the solutions to V, f,(2*) = z* may not necessarily be unique. Therefore using
LDAM, we could make transitions between those solutions. Also, in LDAM, we don’t need
to normalize the gradient coming from L2 regularization.
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In addition, adding L2 regularization gives us a good way to verify the correctness of the
implementation. AM applied to neurons in the first convolutional layer should match filter
weight images.

Adversarial Discriminator

Our goal is to maximize interpretability of AM maps from both pixel and image perspectives.
A variety of subjective regularizers have been used in prior work, but each distorts the pixel
interpretability of the basic L2-regularized model. Secondly, we want to use visualization
during training, and the artifacts that may hinder image-perspective interpretability will
change over time. So we seek to apply a regularizer that maximizes image interpretability
at each stage in training, with the minimum pixel-level distortion. The solution is to train
a discriminator as used in Generative Adversarial Networks, and use discriminator gradient
to improve AM interpretability. By training a network to distinguish between real images
rr € Z and fake images zp € = we are implicitly constructing a probability distribution
P(x € Z) < D(z; ). Thus, we can take for our regularization function R(z) = D(z;6’). By
periodically re-training the discriminator, we ensure that it tracks and minimizes the image
artifacts that AM produces at various stages of training.

Nguyen et. al. [71] used a pre-trained generator to limit the image space that their
activation-maximization process would explore. While this approach could shape the image
manifold, our goal is not to generate images that emulate a dataset, but to explore and
understand the image space which activates the neurons of the original network. Therefore
we would like to carefully understand and regulate the impacts of our manifold shaping.
Thus, we use only the discriminative portion of the network, along with the weight A in
equation to allow users precisely control the blending ratio of the discriminator and the
original network.

We present an example of LDAM using a discriminative regularization in Fig £.2 As
shown, the discriminator is a separate network from the original classifier f,x;60. While
the discriminator could take many shapes and forms, for simplicity in our experiments we
attempt to use a structure which is as similar to the original classification networks as possible
- they all have the same input size and similar hidden layer structure.

To borrow additionally from the GAN literature, we can view LDAM as a generator
attempting to fool the discriminator, thus if the goal is to generate natural images, we can
train the discriminator with real images as well as fake images to create a stronger prior
on the image manifold =. Algorithm [2| describe the training process in details. By training
the discriminator online with the LDAM method, we can decrease the burn-in time of the
LDAM sampler. This is because the discriminator learns to recognize burn in samples as
fake and it will provide strong gradient information to drive the sampler away from them.

It’s worth noting that in Algorithm [2| we take steps using LDAM until D(z) > 0.9 Doing
this prevents the discriminator from overwhelming the activation maximization directions.
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Algorithm 2 LDAM with a Discriminator
1: Input: Network f,(z;6), discriminator D(x;0")
2: repeat
3:  Initialize: Random image xg, t =0
4 repeat
5: Generate next sample x4 using LDAM with f,(x;60) and R(x) = D(x;¢)
6: t=t+1
7.
8

until D(x;) > 0.9
Collect half batch of generated samples with label 0, and half batch of real images
with label 1

9:  Update the discriminator weights 6’ using this batch of data.

10: until Stop by user

System Design

Here we describe the tool that we created for real-time visualization of the LDAM sampling
process. As our system is designed for diagnostic purposes, we keep simplicity and interactiv-
ity in mind as key design principles. For simplicity, the LDAM algorithm and visualization
should not change the data-flow and structure of the original network. The method should
work as a plug-in component that can be added /removed by users at any time. For interac-
tivity, we try to optimize the performance so that users can obtain results in real-time. The
system architecture can be seen in Fig [4.2]

For hyper-parameters A, 3,0 as we described above, we create a slider for each of them
in the interface so that users can adjust their values during the sampling procedure. Users
can see instant feedback after they adjust the values. We implement the system in both
BIDMach |14] and Tensorflow [1]. They have similar performance but the BIDMach version
could provide better interactivity.

A snapshot of our interface can be seen in Fig [£.3] The upper panel is visualizing the
image samples as live animation. As we process images in mini-batches, we can create sam-
ples for different neurons at the same time. Each neuron can also have multiple independent
MCMC sampling procedures at the same. Usually each column represents one neuron, and
each row represents different MCMC instances with different initialization. The bottom
panel contains the control sliders for the hyper-parameters.

4.4 Case study: MNIST dataset

To show the applicability of our method to the diagnosis of neural architectures, we perform
case studies on the MNIST, CIFAR-10, and ImageNet datasets. Through these experiments
we explore how LDAM functions in practice, and how we can vary parameters in the model
to achieve clearly understandable results. In addition, we explore the choice of regularization
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Figure 4.2: System architecture. Red arrows indicate gradient flow (backward pass), blue
arrows indicate forward pass

function R(x), and attempt to understand how influencing the image manifold can provide
interesting insights into the actions of neurons in a classifier.

We first apply our system to the classic LeNet model trained on the classic MNIST
handwritten digits dataset . The MNIST dataset contains 60000 training images and
10000 testing images. The images are in gray scale and the size is 28%28. The network we
use is similar to the original LeNet-5 architecture. It contains 2 convolution layers with
5*5 kernel, followed by 3 fully connected layers. We train the network until it converged
using RMSProp with momentum. We set learning rate as le-4 and momentum term as 0.9.
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Figure 4.3: The interface of our system. Upper panel is visualizing the image samples. Each
column represents one class, and each row represents different MCMC sampling procedures.
Bottom panel contains the control sliders for the hyper-parameters.

Output Neurons

We begin by exploring the output-layer neurons. By running LDAM on these neurons, we
should get images which correspond to human-labeled classes. Thus, these activation inputs
should be easily interpretable. In this portion of the diagnosis, we are examining neurons
which lie before the final softmax layer as the optimization targets. As mentioned in ,
using neurons in this layer can generate more human-readable images compared to neurons
after the softmax, as the gradient from the softmax layer will be positive for the selected
class and negative for other classes. This means that target neurons after the softmax will
prefer image patches that are unique to a given class, possibly removing features that are
relevant to other classes.

Following the steps in Algorithm [T}, we start the sampling procedure from random images,
and then use langevin dynamics to create proposals for all 10 classes. In our implementation,
different classes will have independent sampling procedures. After the burn in period, we
collect the samples and visualize them as live animation. While the burn-in period can
be determined directly as discussed in , the computation is rather difficult. Thus, to
approximate the exact calculation, we wait for activation to reach a certain threshold and
become stable.

Though the input images in the training set contains only non-negative pixel values, the
gradient from the network could be negative. Therefore, it is possible to generate images with
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negative values that fall outside the traditional image space. Regions with negative values
have negative correlation with the class prediction, and can be particularly interesting when
diagnosing the performance of a classifier. In order to visualize the negative region, we
normalize all the pixel values into [-128,127] and add an offset of 128 to create a standard
grey scale image. Thus, pixels that are white have a high positive correlation with the
target neuron, and pixels which are black have a high negative correlation. Grey pixels are
uncorrelated.

Snapshots of the sampling procedures are shown in Fig 4.4 We compared different
regularization techniques. Fig shows the result without using any regularization, and
as is traditional for activation maximization techniques it is very noisy.

Even though one single sample contains little information, if we compute the average of
the samples for each sampling procedure, patterns start to emerge, as shown in Fig [4.4D]
This is again, expected behavior because the uncorrelated pixels should average over time to
a gray value, while correlated pixels should average to their correlation value. Unfortunately
using sample averaging can only control for so much of the noise in an image. We can also
tell that many of the pixels are saturated, since the optimization problem that we are solving
is unbounded.

To solve the unbounded optimization problem, we enforce that the images correspond to
the gradient of the neurons by adding the L2 regularization function. Even thought these
samples are noisy, while sampling from this distribution we can clearly see the shape for
different digit classes. By computing the sample average to reduce sample noise we can get
images which clearly show human-interpretable positive and negative regions influencing the

output of the classifier (Fig|4.4d)).

Parameter averaging

As shown in Fig by using LDAM with L2 regularization and sample averaging, we are
able to find interpretable images showing how input images can influence the classification
layer. While interesting on its own, the true power of the technique can be shown by exploring
how the training process of the classifier can influence how the network responds to different
stimuli.

Parameter averaging techniques make up a common set of techniques used to improve
classification performance. It is a well-known empirical trick and has been studied by [44]
recently. Parameter averaging works by taking snapshots of the model parameters 6 during
the training process, and then averaging them to compute the overall model parameters.
Mathematically, we can consider each 6; of a model trained using stochastic gradient descent
as an estimate of the true model parameters, thus we can use these estimates to compute
the expectation of the model parameters 6 by simple averaging. We notice that parameter
averaging has similar testing accuracy performance to other ensemble learning methods like
snapshot ensemble [43]. We have verified this by performing a quick experiment. We train
the LeNet-5 model for ten epochs, and for the last five epochs we compute a moving average
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(a) Without regularizations

(b) Using sample averaging

(d) Using L2 regularization and sample averaging

Figure 4.4: Images generated by LDAM for output neurons in LeNet trained on MNIST
dataset, from left to right: 0,1,2,3,4,5,6,7,9. (Image value not clipped, an offset of 128 is
added when displaying)

of the model parameters. We also computed the average prediction of those model samples
in the last five epochs. We can see the performance in Table [4.1

Model Testing Accuracy
Basic model 98.7%
Parameter averaging 99.11%
Prediction averaging 99.09%

Table 4.1: Performance for different training methods on MNIST dataset

We can now use the power of LDAM with sample averaging and regularization to give
us insight into why the model-average is performing better than the traditional learner. We
again use LDAM with L2 regularization and sample averaging to compute the image samples
for the 10 pre-softmax output layer neurons from a model trained using parameter averaging.
The result is shown in Fig[4.5bl Compared to the base model shown in Fig we notice
a multiple-mode effect in the images generated by the averaged model. For example, in the
base model the four has only a single vertical black stripe in the center of the image, while
in the averaged model there are three unique vertical black stripes. This implies that the
averaged model is activated by a more diverse set of input images. We will see similar effect
from model trained on CIFAR10 dataset in the next section as well.
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(b) From a model trained using parameter averaging

Figure 4.5: Comparing activation maximization results for LeNet models trained with dif-
ferent methods.

Adversarial discriminator

In the previous section, we showed that using LDAM, L2 regularization, and sample averag-
ing to visualize the gradients is a powerful means of exploring the differences in classification
performance between two classifiers. While L2 regularization alone is very useful, if we
want to perform a more complex exploration of the image manifold, we would have to come
up with a more complicated regularization function. Instead of hand tuning that function
(which could be both difficult and tedious), we can use a discriminator to explore the image
manifold as discussed in section [4.3] By giving the discriminator samples of the image man-
ifold that we want to push our network towards (or negative samples to push it away), we
can avoid inserting large amounts of tedious work and just learn from the data.

We train the discriminator following the steps in Algorithm At sampling time, we
provide a control for the weight of the gradient from the discriminator (the value A in
equation . If the weight is set to 0, it becomes the normal LDAM sampling process
with no discriminator function. If the weight is very high, the discriminator will overpower
the activation neuron, and the sampling technique will focus on sampling only from the
discriminator allowed space. Thus, we can explore the boundary between the image manifold
and the highly activating images by using a trade-off between discriminator loss and neuron
activation loss. For the MNIST dataset, the results can be seen in Fig [£.6] In this image we
can see that even a slight weight to the discriminator can quickly clean up noise in the image
(as by feeding the discriminator real MNIST images, it quickly learns that those images
should be sparse).

Besides cleaning up the noise, we can also use the discriminator to generate human-
readable adversarial examples. As describe in [93], researchers have been using activation
maximization to generate images that can fool the neural network. Usually those images look
like pure noise but the network will classify them into a particular class with high confidence.
However, those images didn’t tell us much information about the potential drawbacks of the
network. In contrast, with the guidance of the discriminator, we can generate adversarial
examples that are recognizable by human, and useful for determining possible failure cases
of a neural network.
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(a) Discriminator weight = 0

(c) Discriminator weight = 0.5
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Figure 4.6: Images generated by LDAM with different discriminator weight for output neu-
rons in LeNet trained on MNIST dataset. (Image value clipped at 0)

For example, in Fig and Fig[4.6d] we can see symbols in weird shape but with some
particular meanings. For example, a digit 1 with a horizontal stripe will still be classified
as 1; a small circle on the top with two disconnected dot in the bottom will be classified as
9. These examples can give us insight into additional components or missing components
that could change the eventual outcome of the network’s classification. We can then use
these examples to target data collection, or to evaluate other neural approaches. In this
case, the reason that such adversarial examples exist is that there was a lack of training
data corresponding to these examples. Because there was no training data that says these
elements are not 1s or 9s, there is no reason that the network should think anything like
that is amiss.

4.5 CIFAR dataset

The MNIST dataset contains only black and white images, and their background are always
black. This makes the dataset simple to visualize as a starting point, however most real
problems lie in much more complicated spaces. Thus, we move on to exploring models
trained on the CIFAR-10 dataset [50] which contains 50000 tiny 32*32 color images. This
dataset has more diverse textures and objects, and presents a much more interesting challenge
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(a) Shallow architecture: 3 Convolution layers with 2 FC layer, using
L2 and sample averaging

4

(b) Deep architecture: The VGG-16 net, using L2 and sample aver-
aging

Figure 4.7: Comparing images generated by LDAM for different model architectures trained
on CIFAR10 dataset. Each column represents a class: from left to right: airplane, automo-
bile, bird, cat, deer, dog, frog, horse, ship, truck

for a visualization technique. Also, different network architectures have been proposed. Here
we compare a shallow architecture with the deep VGG net . The shallow architecture we
used is a basic model which contains 3 convolutional layers and 2 FC layer. For deep model,
we use the the VGG-16 architecture which contains 16 Convolution layers. We trained both
network until they converged using RMSProp with momentum. We set learning rate as le-4
and momentum term as 0.9. We didn’t use any data augmentation methods and the input
images are not cropped. The performance of these two networks can be see in Table [4.2]

Model Num of Conv layers | Testing Accuracy
Basic model 3 70.9%
VGG-16 16 85.3%

Table 4.2: Performance for different architectures on CIFAR dataset

In order to diagnose and compare these two models, we use LDAM to generate image
samples activating the output neurons. Again, we select neurons before the Softmax layer
to get more interpretable images. We normalize the pixel values into [-128,127] and add
128 as offset when displaying. L2 regularization and sample averaging are used to improve
interpretability. The results can be seen in Fig For the shallow model (Fig, images
in the ‘horse’ class and ‘ship’ class become quite interpretable. For the deep VGG net(Fig
, the interpretability of the images are also improved. Images in ‘automobile’, ‘deer’
and ‘ship’ classes becomes recognizable.

Besides L2 regularization and sample averaging, we could further use the discriminator
to improve image quality. Here we use a shallow discriminator with 3 convolution layers and
2 FC layers (Similar to the basic model). The basic model and the VGG net share the same
discriminator architecture but the weights are trained separately. We train the discriminator
according to the procedure in Algorithm [2| Also, in order to get the best quality, we found
that for basic model, we should clip the pixel values between [0,255] before feed the images
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Figure 4.8: Images generated by LDAM for output neurons from a network with 3 convo-
lutional layers followed by 2 fully connected layers, under different discriminator weights.
Each column represents a class: from left to right: airplane, automobile, bird, cat, deer, dog,
frog, horse, ship, truck (Image value clipped at 0).

into the discriminator. While for VGG-net, we could just normalize the pixel values into
[128-127].

Generated samples for the basic model with different discriminator weights can be seen
in Fig We can observe that, the discriminator makes images in the ‘automobile’ and
‘truck’ classes more recognizable, comparing to the original results. Also, image samples now
contains more color information. For example, images in the ‘ship’ class will contain regions
filled with blue.

The results for VGG net, on the other hand, still contains little color information, as
shown in Fig However, the shape of object for ‘bird’, ‘dog’, ‘horse’ and ‘truck’ classes
becomes more interpretable after using the discriminator. Also, if we compare the samples
for these two networks carefully, we can observe that the basic model usually generate one big
object at the middle, while the VGG net could generate several small objects which appear
in different locations. In classes of ‘car’ and ‘deer’, such phenomenon is most obvious. For
results in ‘car’ class from the VGG net, we can clearly observe that there is one car at the
upper-left corner while there are some car components at the bottom. This demonstrates
that objects activating the VGG net could have more diverse scale and could come from more
diverse location. This is also aligned with the purpose to replace FC layers with convolution
layers.

Again, we use LDAM to analyze the parameter averaging method. We follow the same
steps described in section to obtain a VGG-16 model trained with parameter averaging.
Its testing accuracy is improved from 85.3% to 86.2%. We then use LDAM to compute the
activating image samples for the 10 pre-softmax output layer neurons. The results are shown
in Fig |4.10bl. By comparing the results from the averaged model with the original model,
we can observe that, the images in class ‘bird’ and class ‘cat’ contain multiple objects. This
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Figure 4.9: Images generated by LDAM for output neurons from the VGG-16 network, under
different discriminator weights. Each column represents a class: from left to right: airplane,
automobile, bird, cat, deer, dog, frog, horse, ship, truck.

(a) From a model trained using normal gradient descent

)
(b) From a model trained using parameter averaging

Figure 4.10: Comparing activation maximization results for the VGG-16 models trained with
different methods.

is similar to our previous experiment using LeNet (Fig . Also, we can notice that, the
image samples generated by the averaged model become sharper and cleaner. This indicates
that model trained with parameter averaging can have smoother weight, same as the effect
we have already seen in the sampling averaging method.

Now we could connect all the dots between ensemble learning which has been well studied,
with SmoothGrad and sample/parameter averaging methods. If we only obtain one
solution from a non-convex optimization problem, no matter whether it is a model or a
sample, it could be noisy and imperfect. However, if we introduce noise and variance in the
optimization to generate a series of samples, and compute the ‘average’ of them appropriately,
we can get better results than individual solutions. Note that, for sample averaging and
parameter averaging, we are not computing the average of some arbitrary samples. Instead,
the samples need to be in a chain of a monte carlo sampling procedure, or equivalently, a
sequence of steps from the stochastic gradient descent .
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4.6 ImageNet Dataset

We now move on to demonstrate the usage of our algorithm on models trained with the Im-
ageNet dataset. The ImageNet dataset contains more than 1 million 256*256 RGB images
in 1000 different classes. Many network architectures such as AlexNet [51], VGG net [84],
ResNet have been proposed. As bigger images allow neurons to have bigger and more
diverse receptive field size, network trained with ImageNet dataset could have more mean-
ingful and interpretable intermediate-layer neurons. Therefore in this section, we will focus
on using our method to explore the relationship between intermediate-layer neurons. Such
relationship could be across layers or within one layer.

Here we use the AlexNet architecture as demonstration. The AlexNet contains 5
convolution layers and 3 FC layers. We train the network using RMSProp with Momentum
until it converged. The learning rate is set as le-4.

Similar to our previous experiments, we can use LDAM to generate interpretable image
samples for the output layer neurons, since those neruons contain class information. An
example activating the mushroom class can be seen in Fig However, for intermediate-
layer neurons, we don’t have such label information, even though some neurons can still
generate images containing interpretable objects. On the other hand, there could be more
than 4000 neurons in the intermediate layers. It is not realistic to examine them one by one
and it is even harder to compare them.

(a)  Without (b) With L2

any  regular- regularization

ization and sample
averaging

Figure 4.11: Images generated by LDAM for the output neuron of mushroom class from the
AlexNet

Therefore, we use a top-down approach, to select relevant intermediate-layer neurons by
using their connections with the output layer. Fig[d.12]illustrates our method. We start from
the neuron representing the mushroom class in the output layer (FC8), and then we find out
the most relevant neurons in the FC7 layer using the linear weight matrix in FCS8 layer. To
be specific, the FC7 layer has 4096 neurons and FC8 has 1000 neurons (each representing
one class.) The linear weight matrix for FC8 layer would be a 4096 * 1000 matrix W. W, ;
represents the linear weight between the 7;, neuron in FC7 and the j;, neuron in FC8. We
therefore find the top K neurons in FC7 that have the largest linear weight in the my;, column
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of W, where m is the index of the mushroom class. For those K neurons, we use LDAM to
generate samples for each of them, and then select the most interpretable ones for further
exploration.

FC7

FC6

CONV5

Figure 4.12: Images generated by LDAM for neurons from different layers in AlexNet. Start-
ing from the output neuron for mushroom class in FC8 layer, we find its most relevant neurons
in FC7 layer using the weight matrix.

As shown in Fig |4.12] we select two neurons in FC7 layer and use LDAM to generate
activating images. One looks like the mushroom cap and the other looks like the stem. From
these two neurons, we continue to use the same method to find relevant neurons in FC6, and
then in Conv5. For Conv) layer, instead of having only one output, each filter will generate
a 6%6 activation map for each input image. Therefore we use the averaged weight for those
6*6 output to represent the relevance between a filter neuron in Conv5 and a neuron in FC6.
Generated images for the selected neurons can be seen in Fig[4.12| Using this method, we
not only find out the intermediate-layer neurons that are interpretable, but also obtain their
relationship to the neurons in the next layer, all the way towards the output layer. By doing
so, the class information can be propagated to intermediate layers for diagnosis purpose.

Now we have seen how to explore relationship between neurons in different layers. We
can also explore relationship between neurons in the same layer by clustering them. In order
to do so, we can compute the activation (or the averaging value for the activation map)
for each neuron on a set of images. If we use N images for computation, each neuron will
receive an activation vector with N dimension. Similar to visualizations used in ,, we
then use the T-SNE algorithm to assign each neuron a 2-D coordinate based on their
activation vector. We apply such method on the 256 neurons in Conv) layer, and we plot
their projected coordinates in Fig[£.13] In the 2-D map, it is much easier to make selection.
We can select neurons within a cluster to make comparison. Some examples are shown in
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Figure 4.13: T-SNE embedding results for the 256 neurons in Conv) layer based on their
activation vector. Nearby neurons can generate similar activating images.

i

Fig [£.13] We can see that neurons in one cluster could respond to visually similar image
patches.

4.7 Conclusion

In this chapter, we describe LDAM, a monte carlo sampling algorithm that can generate
images activating selected neurons in a deep network. We propose L2 regularization, sample
averaging, and an adjustable adversarial discriminator to improve the interpretability of the
generated images. We demonstrate the usage of our algorithm in 3 public dataset: MNIST,
CIFAR10 and ImageNet. The application of LDAM includes comparing different models
(normally trained verse parameter averaging, shallow verse deep), exploring relationship
between intermediate-layer neurons. Several useful insights have been found and discussed
in our experiments.
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Chapter 5

Designing new model structures

Our system not only supports performing exploratory model analysis for existing model
structure, its flexible architecture also allows users to explore the design of new model struc-
ture based on specific problems. In this chapter, we will focus on models trained using
data following power-law distribution. We design and implement a special sparse embedding
matrix which can significantly save memory and computation time.

5.1 Introduction

Many real-world data follow the power-law distribution [20]. For example, natural language
data follows the zipf’s law that occurrence of a word is proportional to the inverse of its
rank. Other human generated data on the Internet usually follow similar distributions as
well. While the most frequent feature items have dominant numbers, power law also implies
that data will have a long tail where each feature occurs only a few times. For models
like neural network which use distributional representation [65] for discrete features, a big
embedding matrix therefore must be used and its size will increase as the vocabulary size
increase. Such big embedding matrix has already become bottleneck for both memory and
computation in language modeling and sequence to sequence model.

For language modeling, a typical 2-layer LSTM (Long short term memory) 38| with 512
hidden units and 100K different words will have two 512 x 100K embedding matrices (Input
and output). In total they have more than 100 million parameters and this is much bigger
than all other internal parameters whose size is 2 X 2 X 4 X 512 x 512, around 4 million. Such
gap will be even bigger if we increase either the hidden unit size or the vocabulary size.The
big embedding matrix is hard to fit into the limited GPU memory and is very slow to apply
gradient updates. In practice, people have come up with many ideas to address this issue,
such as truncating the vocabulary, saving the input embedding matrix on CPU memory,
using hierarchical softmax/negative sampling [17,65-67] etc. However, the intrinsic dense
representation remains unchanged. In addition to its inefficient, a simple argument based
on number of parameters versus number of samples for the long tail features can provide
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evidence what these models is very likely to over-fit.

Therefore, we propose to use power law shape matrix (as shown in Fig. instead of
dense matrix for feature embedding. The matrix shape is designed to match the distribution
of the data, that frequent words/features can have more dimensions while rare words/features
have only a limited dimension. We show that, such design not only reduces memory usage
and improves computation efficiency, but also prevents the model from over-fitting. Most
importantly, it enables us to design the shape of matrix in a flexible way. Therefore we can
easily increase vocabulary size or hidden unit size based on our need.

A

Input feature frequency
1x T

2x
4x {

8x

Figure 5.1: Power law shape matrix

5.2 Related work

Network compression

Song et al. [36] developed a pipeline to compress deep neural network with pruning, trained
quantization and huffman coding. They achieved very high compressing rate on AlexNet [51]
and VGG-16 [84], especially on those dense fully connected layers. Our work shares the idea
that there exists an equivalent sparser network and our Ll-regularization experiments use
similar pruning strategy. However, our work differs from network compression since we train
a sparser network from the beginning instead of compressing the network after the training.
The pruning is only used to demonstrate that a sparser representation for embedding matrix
exists.

Network regularization

Our work also has connections with network regularization methods like dropout [91] . As
described in [100], applying dropout vertically in recurrent neural network can improve
training. For tasks like language modeling, if the network only has 1 layer of recurrent cells,
such regularization is similar to putting a mask on the input/output embedding matrix. The
advantage of dropout is that the mask will be changing during the training. However, the
probability to dropout each unit remains the same and the whole big embedding matrix
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still needs to be stored. While in our case, we choose a fixed power law shape mask on the
embedding matrix.

Training with large vocabulary size

Training deep neural networks with large vocabulary is difficult. Truncating the vocabu-
lary size is the most common approach. But using those rare words appropriately can be
quite useful in practice [60]. To train models with large vocabulary, [16] described several
techniques that use parallelization and SIMD to speed up training. [17,45] both described
sampling techniques to speed up the process for updating output embedding matrix by pro-
viding a better way to compute the normalization term. [17] summarized several techniques
that are useful for training language models with large vocabulary size, including Hierarchi-
cal Softmax [65,(67] and Negative Sampling [65,66]. [17] also proposed a new method called
Differentiated Softmax which assigns variable vector size for different words in the embed-
ding matrix. However, they did not provide detailed analysis and guidance about how to
choose the shape of matrix.

5.3 Sparsification of the embedding matrix

Before designing the embedding matrix, we first conduct experiments to examine whether or
not these matrices can be sparsified. Even though intuitively we believe that power law shape
matrix design should be used for embedding matrix modeling, it is not clear why this happens
and how they should shape exactly in practice. L1-regularization based sparsification of the
parameters allows a way to let the model training automatically choose the matrix weights to
zero-out. This gives empirical guarantees and guidelines for our power law shape embedding
matrix design.

We choose the task of language modeling using Penn Tree Bank (PTB) dataset. The
training set contains 10K words and around 1M tokens. The data follows power law distri-
bution as shown in the log-log plot Fig.

We train the language model using the network architecture described in [100] with
small settings. The implementation is based on the PTB model from Tensorflow [1]. L1-
regularization for the input and/or output embedding matrix is added as an additive term
to the overall training loss, which is the batch-wise word prediction loss. We compared the
validation perplexity of our sparsified model to that of original setting.

The first thing we observe after applying small L1-regularization to the output embedding
matrix is that the distribution of the weights could change dramatically while the prediction
performance remains the same. This is illustrated in Fig. The embedding matrix
weights tend to jump back and forth around zero due to floating point issues. In this case,
L1-regularization does drive a majority of the parameters in the output embedding matrix
to zero without losing prediction performance. The valley in the right figure shows that
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Figure 5.2: Log-Log plot of the word count for PTB dataset
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Figure 5.3: Parameters distribution

we could choose an appropriate threshold parameter to zero-out a huge amount of matrix
weights that are close to the floating point limits.

After we have seen that the embedding matrices could be sparsified, the next natural
question to ask is how aggressively we go without losing prediction performance. We in-
vestigate the effect of different amount of Ll-regularization. In this experiment, we first
use different L1-regularization parameters to sparsify our output embedding matrices, then
zero-out parameters with small absolute values. The effect of the pruned models on test
perplexity is shown in Fig. 5.4l As we could observe from the figure, in the original setting,
zeroing out about 80% of the weights in the output embedding matrix will start deteriorating
the prediction performance. However, after applying L1-regularization, we could zero-out
about 95% of the weights without affecting the prediction performance. The situation is
very similar if apply L1-regularization on both input and output embedding matrices. Note
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that the blue line does not appear on the right figure as its validation log perplexity is worse
than the y-axis limit 6.5.
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Figure 5.4: The effect of embedding matrix pruning for different L1-regularizations

To further investigate the effect of Ll-regularization. We visualize the heatmap of the
output embedding matrix without and with L1-regularization. We have reordered the rows
of embedding matrix such that the rows having the most L1 norm are placed on bottom.
As we can see in Fig. the nonzero part of the L1-regularized embedding matrix tends to
following the power law shape.
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(a) Original output embedding matrix heatmap (b) Same wtih L1l-regularization. A\ = le — 4.

Figure 5.5: Effect of L1l-regularization on embedding matrix via heatmap

Another interesting finding about L1-regularized embedding matrix is that when the same
amount of L1-regularization is put on both input and output embedding matrices, the input
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embedding matrix is affected more seriously. For A\ from small to large, the input embedding
matrix turns sparse much earlier than the output embedding matrix. This is partly due to
that output embedding matrix receives more gradient update than input embedding matrix.
On the other hand, one reason why L1-regularized embedding matrix has sparse structure
can also be explained by the imbalanced gradient update for frequent words and rare words.
Entries with fewer and smaller gradient update will be more likely to become zero since
L1-regularization will shrink parameters by a constant value in each iteration.

Further more, the modified output embedding matrix tends to ignore the tail words. In
other words, the tail words representation size in the output embedding matrix is close to
zero. However, for the input embedding matrix, certain dimensions are very resistant. This
phenomenon is illustrated in Fig
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Figure 5.6: Distribution of non-zero values for embedding matrix, A = le — 4.

In summary, Ll-regularization experiments reveal the fact that input and output em-
bedding matrices can be sparsified without deteriorating the prediction performance. Even
though it is common practice to use dense input and output embedding matrices, we have
shown that more that 90% of the matrix weights can be set to zero. The remaining matrix
weights can be well approximated by a power law shape. This motivates the idea of using
power law shape matrix for neural network implementation.

5.4 Power law shape matrix

Dense matrix is usually favored in most neural network models, due to its simplicity and
efficiency. However, the rigid implementation also prevents people from trying new architec-
tures, especially those with sparseness constraints. On the other hand, general sparse matrix
is slow and therefore hard to use in practice. A better approach is to design special purpose
sparse matrix based on the problem structure. In our case, we design the power law shape
matrix for power law shape data, following the observations from previous experiments.
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The design is simple and straightforward, as shown in Fig. We ensemble a group
of dense matrices with power law shape into one big matrix. Each column represents the
embedding vector for one feature, and their order is arranged based on feature frequency.
Features on the left is more frequent than features on the right. One strategy to compute
the shape of the matrices is as follows: from top to the bottom, the width of the first matrix
will be the number of features, its height is a user specified number; the second matrix will
have same height and half width as the first matrix; all other matrices will have doubled
height and half width comparing to the previous matrix.

We implement the new matrix operations using the BIDMat/BIDMach framework [14].
In our current implementation, the power law matrix supports multiplication like operations
with normal dense matrix , as well as most point-wise operations with another power law
matrix with same internal shape.

Since the new power law matrix is no more than a group of dense matrices, all operations
finally break down into a series of dense matrix operations with proper offsets. This makes
it quite easy to implement within the current framework and its operations can also get high
computation throughput. On the other hand, the API of the new matrix remains the same
as the normal dense matrix. Therefore it is very convenient to use the new matrix without
modifying existing code. Additionally, it is very flexible to specify the shape of the matrix,
as long as those dense matrices don’t overlap to each other. Matrix shape described in [17]
can also be deployed as a special case.

5.5 Experiments

Penn Tree Bank dataset

We continue to use the PTB dataset to test our power law matrix. As described previously,
the PTB dataset contains 10K words and around 1M tokens. The data follows power law
distribution and half of the words only occur no more than 15 times in the whole training
set.

Table 5.1: Distribution of the words in PTB dataset

Rank 0~9 10~99  100~999 1000~9999
Count 284831 220678 230649 193431

Previous work [17,100] typically use hundreds of embedding dimensions for all words.
We therefore apply the power law matrix to reduce the dimension of the rare words. Two
kinds of power law shape matrices are being used, as shown in Table We train the
language model using the network architecture described in |100], a 2-layer LSTM network
with unrolling length of 20. We use gradient clipping method described in [76] with learning
rate as 1 and max gradient norm as 5. Batch size is set to 400. Parameters are initialized
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uniformly from [-0.1,0.1]. Different from [100], dropout is not used to make the comparison
easier. We simply train the network until it over-fit and record the best validation results.
We run all our experiments on BIDMach [14] using TITAN X GPU. The results can be seen
in Table 5.3

Table 5.2: Shape of the power law matrices for PTB dataset

Rank 0~624 625~1249 1250~2499 2500~4999 5000~9999
Dimension 256 256 128 64 32
Dimension 512 256 128 64 32

Table 5.3: Performance for PTB dataset

Hidden unit size Matrix type Perplexity Embedding parameters

200 Dense 132 4M

512 Dense 131 10.24M
256 Power law 142 1.6M
512 Power law 138 1.92M

It turns out that the PTB dataset is just too easy to over-fit without dropout, even if we
reduce the number of parameters. Also, increasing the hidden unit size for frequent words
is not helpful for getting better validation performance. Therefore the performance of dense
matrix is slightly better than the power law shape matrix. In the next two experiments
where a much larger dataset is used, we will describe how choosing a better matrix shape
can lead to better performance.

Google 1 Billion dataset

The Google 1 billion language model benchmark [16] contains around 793K distinct words
and 770M tokens. However, this dataset does not strictly follow power law, as shown in
Table[5.4] Since this is a dataset from the Google news, its long tail contains lots of location,
institution names. We therefore truncate the vocabulary size to 100K.

Table 5.4: Distribution of the words in Google 1 billion

Rank 0~9  10~99 100~999 1000~9999 10000~99999 100K~793K
Count 197M 165M  162M 168M 63M 11M

We also use two kinds of power law shape matrix with different dimensions. Their shape
is shown in Table [5.5, We train the language model using a similar network with the one
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used for the PTB dataset. A 2-layer LSTM network with unrolling length of 10. Again we
use the gradient clipping method described in [76] with learning rate as 1 and max gradient
norm as 5. Batch size is set to 5000. Parameters are initialized uniformly from [-0.1,0.1].
Dropout is not necessary for this dataset, since we can always get performance gain when
using a larger hidden unit size. We train the models on the whole dataset for one pass and

the training usually takes 1 ~ 2 days using a single TITAN X GPU. The results can be seen
in Table 5.6

Table 5.5: Shape of the power law matrices for Google 1 billion dataset

Rank 0~6249 6250~12499 12500~24999 25000~49999 50000~99999
Dimension 512 256 128 64 32
Dimension 1024 512 256 128 64

Table 5.6: Performance for Google 1 billion dataset

Hidden unit size Matrix type Perplexity Embedding parameters Training time

256 Dense 123 51.2M 91891s
512 Dense 106 102.4M 163262s
512 Power law 116 19.2M 68174s
1024 Power law 101 38.4M 102631s

As we can see, power law shape matrix can dramatically reduce parameter size which leads
to much faster training speed. Comparing 256-dense and 1024-power_law, it is compelling
that by assigning more dimensions to frequent words, we can train models with much larger
hidden unit size using similar time.

Though the overall performance is improved as we use power law shape matrix with
larger hidden unit size. It is not clear how words from different ranges behave since right
now we assign them different dimensions. We therefore break down the results to examine
what contributes to the performance gain. Table shows the entropy for different range of
words, similar from [17]. We can see performance gain after using power law shape matrix,
except for the last range of words (10K ~ 100K). This is reasonable since the power law
matrix has same or higher dimensions in all other ranges.

However, numbers in Table do not clearly show their contributions to the final per-
plexity since it is the average log perplexity within each word range. Instead, to compute
their real contribution, the amount of words in each range need to be considered. We there-
fore compute the normalized log perplexity in Table where the sum of numbers from each
range will be the log perplexity on the whole dataset. Now it is clear to make the comparison.
The last range of words only contributes less than % to the total log perplexity since this
dataset is not strictly following power law. This implies we may even reduce the dimensions
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in the long tail to match the data distribution. But if we are using dense matrix, the last
range will use 90% of the memory, which is a very inefficient way to allocate resource.

Table 5.7: Entropy on validation set for different range of words

0~9 10~99 100~999 1000~9999 10K~99999

256 Dense 2.05 3.55 5.44 7.26 9.95
512 Power law  2.02 3.41 5.18 6.91 10.17
1024 Power law 1.93 3.33 5.04 6.70 9.83

Table 5.8: Normalized log perplexity on validation set for different range of words

Total 0~9  10~99 100~999 1000~9999 10K~99999

256 Dense 4913 0.524 0.761  1.145 1.597 0.831
512 Power law  4.758 0.516 0.732  1.091 1.519 0.849
1024 Power law 4.615 0.495 0.715  1.06 1.473 0.821

Criteo challenge dataset

Criteo dataset comes from a Kaggle online competition [22]. Tt contains traffic logs from
Criteo and the task is to develop models predicting ads click-through rate (CTR). The
dataset has 37 million distinct features. And each record contains 30 ~ 50 features. The
distribution of the feature counts is shown in Table [5.9]

Table 5.9: Distribution of the features in Criteo challenge

Rank 0~9 10~99 100~1K 1K~10K 10K~100K 100K~1IM 1M~37M
Count 518M 1.398B 241M 221M 129M 41M 52M

Simple logistic regression can actually perform quite well for this problem. However,
the best models in those competitions usually use ensemble methods like Gradient Boost
Decision Tree [31]. An alternative to those complex feature engineering methods is to use
deep neural network which also extracts high level features from the raw features.

However, using neural network requires turning each record with sparse discrete features
into a dense embedding vector. Using a dense matrix as the input embedding matrix in this
problem is not practical, due to memory limitation and the problem of over-fitting. Directly
applying neural network with feature truncation in this problem will get even worse test
performance than logistic regression.
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However, we can do better than truncation by assigning those rare features at least
one weight, since logistic regression is indeed turning features into embedding vector with
dimension one. Then for the most frequent features, we assign each of them 200 weights.
The number of weights assigned to other features will decay according to power law. Each
record will then be embedded into a 200-dimension vector and passed into a 8-layer (4 linear
layer and 4 activation layer) fully-connected feedforward network. We reduce the hidden
unit size for higher level layers and use Sigmoid as the activation function. The best test
performance we can get is shown in Table [5.10 denoted as PowerNet. Such performance is
much better than the logistic regression and it actually reaches 15th place in the original
Kaggle leader board.

Table 5.10: Performance of different models

Models logistic regression PowerNet FFM + GBDT (First place)
Log-likelihood -0.48396 -0.4515 -0.4446

5.6 Conclusion

Our experiments have shown that using dense embedding matrix is indeed inefficient and
unnecessary. Applying Ll-regularization and parameter pruning on the embedding matrix
reveals a sparser solution with similar performance. We therefore design and implement the
power law shape matrix, which allows user to specify dimensions of feature/words based on
data distribution. Using power law shape matrix help us better utilize the resource. We can
train models with larger hidden unit size using similar or even less time. This type of sparse
matrix also provides us great flexibility in designing new embedding matrix shape, to solve
problems that are previously constrained by the dense matrices.
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Chapter 6

Discussion

As machine learning is expanding its boundary in many different fields, more and more users
from different background will use machine learning algorithms to solve their own problems.
Therefore designing tools to support user’s workflow becomes an interesting and important
research topic. As tools like Tensorflow, PyTorch provide useful functionality for users to
prototype their machine learning models, this dissertation is mainly focus on exploratory
model analysis which provides interactive experience when users are tuning or diagnosing
their models. In contrast to other existing machine learning tools, the uniqueness of our
research is that users can interactively explore the parameter space and view visual feedback
in almost real-time. Such interaction is achieved by a hardware accelerated framework and
a set of Monte Carlo optimization algorithms.

In this dissertation, we have demonstrated two applications for exploratory model anal-
ysis. The first is interactive customized optimization for problems with multiple objectives.
We reduce the problem into a hyper-parameters tuning problem and allow users to inter-
actively make trade-offs between different loss functions. Even though researchers usually
use techniques like parameter sweeping, bayesian learning and even reinforcement learning
for hyper-parameter tuning, the hyper-parameter we have is a special one, as it is used to
defined the optimization objective. Therefore, we don’t have a single measurable criterion
to tell which hyper-parameter is better, which makes those automatic tuning techniques
unsuitable in our case. This is also the reason why a human expert must explore different
potential choices and figure out the criterion based on the context of the problem.

The other application is diagnosing deep neural networks. We extend the activation
maximization algorithm to generate interpretable image samples that could activate the
selected neurons. Our method visualizes the abstract neuron behavior as image samples so
that users can compare different models or different training algorithms. User can also adjust
hyper-parameters to interactively explore the image manifold and make trade-offs between
local interpretability (pixel semantics) and global interpretability (shape). We also use our
tool to present an empirical justification for the parameter averaging training method.

Looking forward to the future, the machine learning and the deep learning community is
developing rapidly. On one hand, there are lots of research being done on automatic model
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generation (autoML). Researches having been trying to automatically design neuron units,
choose network structures, tune hyper-parameters etc. But on the other hand, human-in-
the-loop is also becoming a wide spread research paradigm in many different fields such
as machine learning and database systems. As most of the work are still done by human,
improving human efficiency rather than entirely replacing human labor is also very valuable.
Projects like Jupyter notebook already reshaped the way how people write python code and
running data science experiments. We should expect more revolutionary tools for machine
learning in the near future.

Also, interdisciplinary research becomes more important than ever before. Designing
machine learning tools now requires making design considerations from both algorithm re-
quirements (Al), system efficiency (System) and usability concern (HCI). Not to mention
there are tons of ideas that we could borrow from the programming language community,
database community, and visualization community. It would be more than exciting to imag-
ine what would happen in the next few years, that everyone should be able to easily prototype
and refine their machine learning models.

In this dissertation, we discussed some preliminary work on exploratory model analysis,
and we wish these could inspire later research on designing better machine learning tools.
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