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Summary

1.1 Basic Programmatic Data
SPIDER: Subspace Primitives that are Interpretable and Diverse

Award Number: FA8750-17-2-0125

Dates: 4/28/2017 - 7/31/2020

Organization: University of Michigan

Principal Investigator: Dr. Jason Corso
Co-Investigator: Dr. Laura Balzano

DARPA Program: Data-Driven Discovery of Models

1.2 Summary of Research Objectives

1.2.1 Problem Description

Subject experts often develop intuitions by working with experimental data or through extensive
modeling and analysis of the domain. The current state-of-the-art in machine learning does not
adequately provide a capability to incorporate these intuitions into data-driven models, instead re-
lying on the belief that with more data and further expressivity of the model, modern machine
learning methods such as deep neural network are sufficient for all problems. There are two fun-
damental problems with this current paradigm: 1) Large deep neural networks such as AlexNet
use millions of parameters and as a consequence require a significant amount of data. However, it
is a non-trivial and expensive task to collect good annotated data for all problems. 2) Despite the
large data, there is enough evidence that explicitly accounting for invariances (well understood by
subject matter experts) reduces the error in predictions, makes the learning problem well-behaved
and generalizes well over novel inputs [3, 4].

Approved for Public Release; Distribution Unlimited.
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1.2.2 Summary of Research Activities

We focused our work on subspace primitives that could be applied across the D3M problem space.
These primitives were grouped into four types: Data Featurization Primitives, Multimodal Embed-
dings, Invariances, and Clustering and Dimensionality Reduction.

We delivered software that implemented innovations in these types of primitives; the software was
stratified according to 8 different software packages and shared with the D3M performers. We
produced 3 journal articles, 7 conference publications and 6 technical reports.

In the later sections, we talk about these activities in significantly more detail.

Approved for Public Release; Distribution Unlimited.
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Introduction

2.1 Research Goals

The D3M program built a human-interactive automated machine learning system based on a dis-
coverable collection of modeling and machine learning primitives. Our D3M effort was focused
on developing several of those primitives so that data of any type and the related machine learning
tasks can be handled by the D3M system. We developed data featurization primitives, supervised
primitives for multimodal data, supervised primitives that exploit data invariants, unsupervised
clustering primitives, and dimensionality reduction primitives.

Data Featurization When raw data are brought to the D3M system there must be an infrastructure
in place to convert these data into forms expected by other modeling and learning primitives in the
system. Specifically, for our own subspace modeling primitives, it is necessary to convert data into
a vector space representation of some sort to leverage these subspace representations. We led the
featurization effort for the program by providing a class-based API for implementing featurization
as well as the function-based API spec for allowing TA2 teams to leverage various featurization
primitives. These efforts started with our Michigan Platform for Activity Classification in Tensor-
flow (M-PACT), where we achieved near state-of-the-art in activity recognition. Much of our time
over the course of the program was spent on developing associated primitives and updating their
APIs to match D3M’s specifications.

Multimodal Embeddings Multimodal methods allow for integration of various data sources, such
as Twitter feeds, RGB video, audio, text, and analytical data to find commonalities and as a conse-
quence enable inference by exploiting information across modalities. We focused on the generation
of a specific sensory modality by establishing correspondences and learned common representation
across modalities. We explored multimodal embeddings using the language of dictionary learning,
neural networks, and multivariate function approximation.

Invariances Representation of pertinent invariances reduces the degrees of freedom in a model and
yields consistent output that obey the structure of the problem brought to bear by the intuition of
the expert domain scientist. For example, a video understanding scheme for cooking videos should
capture the temporal rate invariances in chopping an onion between experts and novice chefs.

Clustering and dimensionality reduction Linear subspace models are commonly used for di-
mensionality reduction, but they can be limited in their inference power. During the course of
SPIDER project we have added primitives to allow more flexible representation of the data: unions

Approved for Public Release; Distribution Unlimited.
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(or mixtures) of subspace models that combine the low-dimensional representation with a cluster-
ing representation, and time-varying subspace models that can handle temporal data such as video.
Both are important in large complex systems that are being monitored and modeled over time.

2.2 Research Accomplishments

Using the themes mentioned in Section 2.1 as building blocks we proposed novel algorithms to
solve several problems in the general areas of these themes. Furthermore, we produced efficient
implementations of these algorithms, which have appeared as D3M primitives over the course of
the program. Looking at a finer-grained level the themes in Section 2.1 can be further subdivided
into the following topics associated with the corresponding D3M primitive packages:

—_—

. Featurization (d3m.primitives.spider.featurization)

2. Clustering (d3m.primitives.spider.cluster)

3. Distance metric learning (d3m.primitives.spider.distance)

4. Robust PCA (d3m.primitives.spider.dimensionality_reduction)

5. Multimodal analysis (d3m.primitives.spider.featurization,
d3m.primitives.spider.preprocessing,
d3m.primitives.spider.supervised_learning)

6. Deep network inference (d3m.primitives.spider.featurization,
d3m.primitives.spider.preprocessing,
d3m.primitives.spider.supervised_learning)

7. Regression (d3m.primitives.spider.supervised learning)

8. Tensor recovery (d3m.primitives.spider.unsupervised_ learning)

In addition to the above-mentioned primitives, we worked on several machine learning algorithms
that would have been useful primitives if D3M had gone in a different direction. Finally, our work
also resulted in 3 journal articles, 7 conference publications, and 6 technical reports that have been
made public through ArXiv repository. We enumerate these publications in Section 3.3.

2.3 Impact

The subspace as a model primitive is ubiquitous in engineering and science, with examples ranging
from array processing [5] and communications [6], to computer vision [7], environmental moni-
toring [8, 9], causal inference [10], and canonical correlation analysis [11]. Our specific focus
on three subspace problems—dictionary learning, invariance subspaces in deep learning, and sub-
space clustering—touches on tools used by nearly every data scientist, research lab, and corpora-
tion that uses machine learning. Whereas contemporary automated statistics tools such as STATA

Approved for Public Release; Distribution Unlimited.
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offer non-experts the ability to use statistics as a black box, these tools are limited and there is
danger in using them blindly, e.g. p-hacking and overfitting. Systems resulting from SPIDER and
the D3M program will bring more sophisticated tools to a greater user base while at the same time
providing more transparency and adaptation with user-in-the-loop feedback and adaptive querying.

Approved for Public Release; Distribution Unlimited.
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Methods, Assumptions and Procedures

3.1 Detailed Description of Technical Approach

The subspace primitives we have developed are each specifications of the following model:
(X Y] =[0W U,Ws,]

where X and Y may be data from different clusters, different pools in deep learning, or different
modes in multimodal embeddings. The data are represented by a subspace U and weights WW. For
the multimodal embeddings, the weights are constrained to be sparse but common. For subspace
clustering, the subspaces must have angular separation. For invariance, both the subspace and
weights capture the constrained behavior. We use typical algebraic notation here but note that
the subspaces could be some atypical vector space such as a Lie algebra and the operator on U
and W could be non-linear. For example, in a deep network, the U represents a composition
of sequential linear (e.g., matrix multiplication) and non-linear (e.g., max-pooling and sigmoid
scaling) operations.

The technical challenges for subspace primitives range from fundamental theory to implementation
robustness. Further theory for subspace clusters, multimodal embeddings, and invariance provide
new understanding of the benefits and limitations of constraining a subspace model using domain
knowledge or for purposes of interpretability. From the practical side, the learning process must
be robust to noisy, poorly conditioned, and missing measurements as well as data that are unbal-
anced for class types or modal types. And as we have focused each of our primitives on different
underlying machine learning technologies (dictionary learning, deep learning, and clustering), we
pursued promising ideas for cross-pollination applicable to multiple primitives, e.g., using sample
grouping techniques for invariance to inform sample groupings in clustering and vice versa.

Multimodal Embeddings We solved the problem of representing the common information con-
tent in various modalities, as it also offers a window into understanding the novel information
contained in each modality. We proposed a sparse representation as it is not only natural in typical
high-dimensional data scenarios, such as team-interaction and bioinformatics samples, but it allows
interpretability by the domain expert through the subspace defined by sparse set of activated bases.
It has been successfully used in various learning tasks [12, 13]. Furthermore, there is increasing
physiological evidence that humans use sparse coding in sensory representation [14, 15, 16]. The
need for sparse coding is supported by the hypothesis of using the least energy possible in neuronal
excitation to represent input sensory data.

Approved for Public Release; Distribution Unlimited.
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Invariance We developed a class of D3M primitives that explicitly incorporate invariance into
deep neural networks (DNNs). Our planned invariance primitives have been incorporated into the
modern deep learning architectures as novel layers that require no problem-specific implementa-
tion but is rather selectable automatically as layers into the network.

We worked on explicit invariance layers in DNNs rather than conventional ways of introducing in-
variance, which include data augmentation [17, 18] and network augmentation [19, 20, 21]. These
conventional methods expect the DNN to implicitly discover invariance by introducing variation in
the training data or training variation-specific networks, respectively; both require significant data
and present no theoretical guarantees on the invariances learned.

Subspace Clustering The union-of-subspaces (UoS) model is a flexible generalization of the
low-rank subspace embedding. It includes single and multiple subspace approximations as well
as manifold approximation models. There are several provably efficient algorithms to learn sub-
spaces when data is observed fully [22, 23] as well as for the case when have missing entries in
data [24]. We have implemented these primitives for the D3M program, extended them to novel
data types such as mixed-type tabular data, developed and implemented versions of these primi-
tives that are robust to outliers, and developed and implemented parameter tuning algorithms to
distinguish which model is appropriate for data at hand (i.e., identify whether to use subspace or
regular clustering model and identify the relevant parameters such as cluster number and subspace
dimension).

3.2 Comparison with Current Technology

Subject experts often develop intuition by working with experimental data or through extensive
modeling and analysis of the domain. The current state-of-the-art in machine learning and, specif-
ically, subspace modeling, does not adequately provide a capability to incorporate these intuitions
into data-driven models, instead relying on the belief that with more data and further expressivity
of the model, modern machine learning methods such as deep neural networks are sufficient for all
problems. There are two fundamental issues with this current paradigm: 1) Large deep neural net-
works use millions of parameters and as a consequence require significant amounts of labeled data.
However, it is non-trivial and expensive to collect good labeled data for all problems. 2) Despite
the large data, there is enough evidence that explicitly accounting for subspace structure, such as
invariances, which are well understood by subject matter experts, reduces the error in predictions,
makes the learning problem well-behaved and generalizes well over novel inputs [4, 25].

Multimodal Embeddings and Invariance Primitives The multimodal embeddings and invari-
ance primitives developed through the course of project have helped relax these restrictive as-
sumptions within the D3M system. The multimodal primitives have moved beyond the standard
encoder-decoder structure, which still embodies these assumptions, and into representations that
leveraged the information across modalities as weak labels. The invariance primitives explicitly
learned to enforce certain subspaces present in the problem while not requiring the domain user to
know the mathematical constructs.

Approved for Public Release; Distribution Unlimited.
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Subspace Clustering Our technical approach differs from current technology in that it leverages
the evidence accumulation clustering framework for subspace clustering algorithm development.
This ensemble learning framework, analogous to boosting in classification, allows us to improve
existing state-of-the-art to be more robust to missing and corrupted data and multiple data types.
Additionally, it has led to algorithms with better computational and memory requirements. Ex-
isting provable algorithms [22] are computationally burdensome, requiring the solution of a large
semi-definite program (SDP) for each data point in the dataset. Versions of these algorithm using
alternating direction method of multipliers (ADMM) have also been developed but still require an
optimization to be executed for every data point. In contrast, we have developed an algorithm using
ensembles of the simple K -subspaces algorithm, iterating on two simple steps: first we estimate
clusters using subspace projections, and then we re-estimate subspaces by finding the top principal
components of each cluster. These operations have very efficient implementations and yet retain
the same guarantees as current technology.

3.3 Deliverables

3.3.1 Deliverables Description

In addition to detailed technical reports on our work, our deliverables centered on software updates
tothe spider gitrepository (https://gitlab.datadrivendiscovery.org/michigan/
spider), which integrates with the larger D3M universe and contains our primitives in a pip-
installable Python package, along with unit tests and functional example pipelines using the D3M
pipeline schema. We have also made available a public repository for our primitives at https:
//github.com/dvdmjohnson/d3m_michigan_primitives.

The following Michigan primitives are currently in full compliance with the latest API standards
and available in the spider repository (listed here according to their global D3M entry points):

* d3m.primitives.spider.cluster.EKSS

* d3m.primitives.spider.cluster.KSS

* d3m.primitives.spider.cluster.SSC_ADMM

* d3m.primitives.spider.cluster.SSC_CVX

* d3m.primitives.spider.cluster.SSC_OMP

* d3m.primitives.spider.supervised_learning.owl

* d3m.primitives.spider.unsupervised_ learning.grasta

We developed additional primitives that were part of the D3M universe at one point, but did not end
up in our final contribution due to either changes in personnel, which compromised the continued
reliability of these primitives, or complications from upgrading to meet D3M’s dependencies:

8
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¢ d3m.primitives.spider.dimensionality_reduction.go_dec

¢ d3m.primitives.spider.dimensionality_reduction.pcp_ialm
* d3m.primitives.spider.dimensionality_reduction.rpca_lbd
* d3m.primitives.spider.distance.rfd

¢ d3m.primitives.spider.featurization.audio_featurization
* d3m.primitives.spider.featurization.audio_slicer

* d3m.primitives.spider.featurization.i3d

* d3m.primitives.spider.featurization.logmelspectrogram

* d3m.primitives.spider.featurization.vggl6

* d3m.primitives.spider.preprocessing.trecs

¢ d3m.primitives.spider.supervised_learning.goturn

* d3m.primitives.spider.unsupervised_ learning.grasta masked

* d3m.primitives.spider.unsupervised_learning.grouse
Additionally, we produced the following technical reports on D3M-associated work:

* Grassmannian Optimization for Online Tensor Completion and Tracking in the t-SVD Alge-
bra (https://arxiv.org/abs/2001.11419).

* HyperCon: Image-To-Video Model Transfer for Video-To-Video Translation Tasks (https:
//arxiv.org/abs/1912.04950).

* M-PACT: Michigan Platform for Activity Classification in Tensorflow (https://arxiv.
org/pdf/1804.05879.pdf).

* T-RECS: Training for Rate-Invariant Embeddings by Controlling Speed for Action Recog-
nition (https://arxiv.org/abs/1803.08094).

* Deep Unsupervised Clustering Using Mixture of Autoencoders (https://arxiv.org/
abs/1712.07788).

* Deep Net Triage: Assessing the Criticality of Network Layers by Structural Compression
(https://arxiv.org/abs/1801.04651).

* A Gene Filter for Comparative Analysis of Single-Cell RNA-Sequencing Trajectory Datasets
(https://www.biorxiv.org/content/10.1101/637488v1).

* Optimally Weighted PCA for High-dimensional Heteroscedastic Data (https://arxiv.
org/abs/1810.12862).
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* Subspace Clustering Using Ensembles of K-Subspaces (https://arxiv.org/pdf/
1709.04744 .pdf).

Furthermore, we published the following papers:

* Memory-efficient Splitting Algorithms for Large-Scale Sparsity Regularized Optimization
(https://arxiv.org/abs/1904.00423) Proceedings of the International Confer-
ence on Image Formation in X-Ray Computed Tomography (CT Meeting), 2018.

* A Robust Algorithm for Online Switched System Identification (https://www.sciencedirect.
com/science/article/pii/S2405896318318111), Proceedings of the Sympo-
sium on System Identification (SYSID), 2018.

* Learning Dictionary-Based Unions of Subspaces for Image Denoising (https://ieeexplore.
ieee.org/document /8553117), Proceedings of the European Signal Processing Con-
ference (EUSIPCO), 2018.

» Streaming PCA and Subspace Tracking: The Missing Data Case (https://ieeexplore.
ieee.org/document/8417980), Proceedings of the IEEE, 2018.

* Improving K-Subspaces via Coherence Pursuit (https://ieeexplore.ieee.org/
document /8457298), IEEE Journal of Selected Topics in Signal Processing, 2018.

* End-to-End Dense Video Captioning with Masked Transformer (https://arxiv.org/
abs/1804.00819), IEEE Conference on Computer Vision and Pattern Recognition, 2018.

* Learning to Share: Simultaneous Parameter Tying and Sparsification in Deep Learning
(https://openreview.net/forum?id=rypT3fb0b&noteId=HkeRS68Ef), In-
ternational Conference on Learning Representations, 2018.

» Streaming Principal Component Analysis from Incomplete Data (https://arxiv.org/
abs/1612.00904), Journal for Machine Learning Research, 2019.

* Supervised Principal Component Analysis Via Manifold Optimization (https://ieeexplore.
ieee.org/document /8755587), IEEE Data Science Workshop, 2019.

* Dynamic Graph Modules for Modeling Object-Object Interactions in Activity Recogni-
tion. (https://arxiv.org/abs/1812.05637), British Machine Vision Conference,
2019.

* A Weakly Supervised Multi-task Ranking Framework for Actor-Action Semantic Segmenta-
tion (https://link.springer.com/article/10.1007/s11263-019-01244-"7),
International Journal of Computer Vision, 2019.

* Panoramic Video Separation with Online Grassmannian Robust Subspace Estimation (https:
//openaccess.thecvf.com/content_ICCVW_2019/papers/RSL-CV/Gilman_
Panoramic_Video_Separation_with_Online_Grassmannian_Robust_Subspace_
Estimation_ICCVW_2019_paper.pdf), International Conference on Computer Vi-
sion (ICCV) Workshop, 2019.
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Rethinking Curriculum Learning With Incremental Labels and Adaptive Compensation (https:
//arxiv.org/pdf/2001.04529.pdf), British Machine Vision Conference, 2020.

Online Tensor Completion and Free Submodule Tracking with the t-SVD, (https://
ieeexplore.ieee.org/document/9053199), IEEE International Conference on
Acoustics, Speech, and Signal Processing, 2020.

A Temporally-Aware Interpolation Network for Video Frame Inpainting (https://ieeexplore.
ieee.org/document /8892406), IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2020.

Unified Vision-Language Pre-Training for Image Captioning and VQA (https://arxiv.
org/abs/1909.11059), AAAI Conference on Artificial Intelligence, 2020.

Clustering Quality Metrics for Subspace Clustering (https://doi.org/10.1016/7.
patcog.2020.107328) Pattern Recognition, 2020.
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Results and Discussion

In this part of the report, we describe the technical contributions we made to the D3M program.
Our team, as part of TA1, focused on creating data science and machine learning primitives that
aligned with our overall research proposal, our team’s strengths, and applications that related to
those strengths. Many of those applications did not become a focus of the D3M program, such
as video processing, highly unsupervised and large-scale learning problems, as well as streaming
computation for large scale problems more generally.

4.1

Guiding Objectives

In our original proposal we identified seven distinct technical goals:

1.
2
3.
4
5.

6.
7.

Multimodal subspace learning on large-scale data

. Invariance layers within common feed-forward classification and regression networks

Subspace clustering with model selection

. Connect different types of subspace primitives, and explore joint optimization and model

fitting over combinations of them
Software development, including primitive implementations and integration other D3M teams
Testing of primitives on existing and novel datasets

Program participation, through PI meetings, calls and coordination with other D3M teams

Using these goals as a guide we made several technical breakthroughs throughout the span of this
project. We elaborate on these technical accomplishments in Sections 4.2—4.13.

4.2 Featurization Primitives

4.2.1 Audio featurization primitive

We implemented and submitted a deep-learning-based primitive for high-level audio featurization
under spider.featurization.Audio inour spider Python package. The primitive used
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transfer learning on pre-trained deep networks and output fixed-length feature vectors for variable-
length input audio. We eventually dropped support for this primitive due to changes in personnel
during the program.

The core elements of this primitive that determine its performance are the underlying model and the
data on which it was pre-trained. For the initial release, we used the Urban Sound dataset for both
pre-training and model selection. Three types of models were tested: a deep, 1D convolutional
CNN, a 2D convolutional CNN trained on spectrograms of the source signal, and a deep recurrent
network consisting of stacked GRUs. Model performance was evaluated via the cross-entropy
of a probability distribution over the possible classes (i.e., a softmax activation on the output of
a fully-connected layer). Of these three models, the 1D convolutional CNN obtained the highest
classification accuracy on a held-out partition of the Urban Sound dataset. This model incorporates
17 1D convolutional layers, each with a filter width of 3 and 12 regularization applied to the weights
and biases. A ReLu activation and batch normalization follows each convolutional layer, and max
pooling with a stride of 2 occurs every 4 layers.

Our internal experiments with audio featurization found that producing a strong deep-learning-
based audio featurizer was difficult, due to the lack of a large-scale general audio dataset compara-
ble to ImageNet [26] (the standard source for training general image featurization models). For this
reason, we opted to replace the deep-learning-based implementation with a more traditional feature
extractor. The resulting audio featurization primitive used a range of signal processing techniques
including energy estimation, zero crossing rate, entropy, chroma vectors, mel-frequency cepstral
coefficients, spectral centroid, and others to extract 34 features from each frame of audio. These
features were then generally averaged over all frames in a given clip in order to produce the clip-
level featurization result.

Audio data preprocessing

We employed a number of common data cleaning and preprocessing operations in testing and
applying our audio featurization methods, and made two of these available as separate primitives.
The first computed a log-scale spectrogram of the raw input time series. The spectrogram of
an audio signal is computed as the squared magnitude of a discrete short-time fourier transform
applied iteratively to overlapping windows of a signal. For a signal x and length m window w at
time ¢, we represent the short-time Fourier transform as

STFT{z[t]}(m,w) = > z[tjw[t — m]e 7" . (1)

n=—oo

Spectrograms are commonly used in audio pre-processing to separate time and frequency infor-
mation onto separate axes. The spectrogram primitive served an additional use as a 2D visual-
ization tool for audio. This primitive was formerly accessible at spider.featurization.
LogMelSpectrogram, but was eventually dropped due to changes in personnel during the pro-
gram.

The second primitive was a simple audio slicing utility that splits a single audio sample into mul-
tiple equal-length clips, with optional overlap between clips. This served as a featurization utility
for interfacing with any primitives that require a fixed-length input. This was formerly available
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at spider.featurization.AudioSlicer, but was eventually dropped due to changes in
personnel during the program.

4.2.2 VGG-16 primitive

The spider.featurization.vggl6 primitive implemented the VGG-16 artificial neural
network structure as described in [27]. By default, this implementation downloaded weights pre-
trained on ImageNet [26], providing a reasonable level of baseline performance without retraining.
The primitive accepted as input either image file locations or images represented as NumPy arrays.
These images would be interpolated as necessary to adhere to the model input size of (224,224,3).
Additionally, one could select which layer to obtain inference features from, choose which weights
(of appropriate structure) to load into the model, or choose to output ImageNet class predictions.

We eventually dropped support for this primitive due to complications arising from D3M upgrading
its deep learning library dependencies.

4.3 Clustering primitives

Subspace clustering is a generalization of principal components analysis (PCA), in which high-
dimensional data vectors are assumed to lie near one of several unknown low-dimensional sub-
spaces. Subspace clustering algorithms rely on this generative model to cluster data according to
its nearest subspace, with applications in computer vision and image processing. We implemented
four subspace clustering algorithms (with varying computational complexity and clustering per-
formance) as primitives.

We use the following notation. Consider a collection of points X = {x1,...,zx} in R? lying
near a union of K subspaces S, ..., Sk having dimensions di,...,dx. Let X € RP*Y denote
the matrix whose columns are the elements of X'. As stated, the goal of subspace clustering is to
label points in the unknown union of K subspaces according to their nearest subspace. Once the
clusters have been obtained, the corresponding subspace bases can be recovered using principal
components analysis (PCA).

Note that all of these primitives have been implemented with a similar object-oriented API under
the spider.cluster package.

4.3.1 K-subspaces

K-subspaces (KSS) [28, 29, 30] is a k-means-like clustering algorithm that alternates between
assigning points to clusters and estimating the subspace basis associated with each cluster. The
algorithm attempts to solve the following optimization problem

=~ 2
%1%4“2 Z H% - UkUZ%HQ )

k=1 u:x;Ecy
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where C = {cy, ..., ck} denotes the set of estimated clusters and Y = {Uy, ..., Uk} denotes the
corresponding set of subspace bases, all assumed to have dimension d. The algorithm is computa-
tionally efficient and has been shown to converge to a local optimum. However, the performance
of this algorithm on real datasets is not state-of-the-art, making it useful for data exploration. Like
K-means, the performance of KSS depends heavily on the initialization, and in practice multiple
random initializations are run, with the final clustering chosen as the one achieving the lowest cost.

The original release of this primitive can be accessed in the spider package as spider.
cluster.KSS. The user may specify the model parameters A and d (all subspaces are assumed
to have the same dimension), as well as the maximum number of iterations.

4.3.2 Ensemble K -subspaces

Ensemble K -subspaces (EKSS) [31] is an evidence accumulation clustering algorithm [32] that
combines several instances of KSS with random initializations to obtain a robust clustering with
theoretical guarantees. The algorithm computes B base clusterings of KSS and maintains an affin-
ity matrix A, for which we have

1
A= B [{b: x;, z; are clustered together}| .

The affinity matrix is thresholded such that all but the top ¢ entries in each row/column are set to
zero, after which spectral clustering is performed to obtain the final c lustering. EKSS is efficient,
parallelizable in B (implementation in future release), and achieves strong performance on many
real datasets.

The original release of this primitive can be accessed in the spider package as spider.
cluster.EKSS. Beyond the model parameters for KSS, the user can specify the number of
base clusterings and the threshold.

Ensemble k-subspaces theory

Our main theoretical result for the Ensemble k-subspaces clustering method guaranteed that when
we use two 1-dimensional candidate subspaces to cluster the points in each random instance, and
let the number of instances in the ensemble be asymptotic, our algorithm is able to exactly cluster
the data points in a union of subspaces under conditions on the maximum affinity between sub-
spaces and the number of points per subspace. This result matches state-of-the-art results, but the
theory was limited in two ways: the requirement for an asymptotic number of instances, and the
usage of 1-dimensional subspaces when typically an ensemble of higher-dimensional subspaces
yields improved empirical results. During the project we have alleviated both of these weaknesses.
Our theory is now for a finite number of instances, and shows that the number of instances re-
quired for the ensemble to converge is only O(log V) where N is the number of total points to be
clustered. It is a great benefit that this depends not on the problem dimensions but only the total
number of data points. Our theory now also gives the same results when the candidate subspaces
have arbitrary dimension. This has set us up to prove the correctness of the most sophisticated ver-
sion of our algorithm, which achieves state-of-the-art empirical performance on several benchmark
computer vision datasets.
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Evidence accumulation ensemble k-subspaces

We developed a novel approach to the subspace clustering problem that leverages ensembles of the
the k-subspaces (KSS) algorithm via the evidence accumulation clustering framework. Our algo-
rithm forms a co-association matrix whose (7,7)" entry is the number of times points i and j are
clustered together by several runs of KSS with random initializations. We analyzed the entries of
this co-association matrix and showed that a naive version of our algorithm can recover subspaces
for points drawn from the same conditions as the Thresholded Subspace Clustering [33] algorithm.
We also showed on synthetic data that our method performs well under subspaces with large in-
tersection, subspaces with small principal angles, and noisy data. Finally, we produced a variant
of our algorithm that achieves state-of-the-art performance across several benchmark datasets, in-
cluding a resulting error for the COIL-20 database [34] that is less than half that achieved by prior
algorithms.

4.3.3 Sparse subspace clustering

The Sparse Subspace Clustering (SSC) algorithm [22] takes advantage of the self-expressiveness
property of the data, which states that each data point in a union of subspaces can be efficiently rep-
resented as a linear combination of other points; the key observation is that a sparse representation
of a data point as a linear combination of other points will ideally use only a few points from its
own subspace. Leveraging this fact, SSC solves a convex optimization program to form an affin-
ity matrix, after which spectral clustering is used to obtain labels. We implemented two variants
of SSC, one which uses the convex optimization package CVXPY, and another that relies on the
Alternating Direction Method of Multipliers (ADMM) framework. The former is more exact but
has high computational complexity, while the latter is efficient enough to work on real datasets.

Formally, the SSC algorithm seeks to solve
. 2
min|CH + A Bl + % 12117
subjectto X = XC + E + Z, diag(C) = 0,

where C € R™ " is a sparse coefficient matrix, E € R ?*"is a matrix of sparse outlying entries,

and Z € R¥" is a noise matrix. The affinity matrix is then computed as |C| + |C T, after which
spectral clustering is applied.

SSC_CVX

The SSC_CVX primitive is an implementation of the SSC algorithm that uses the convex opti-
mization package CVXPY. The original release of the SSC_CVX primitive can be accessed in the
spider package as spider.cluster.SSC_CVX.

The user can specify several model parameters for this primitive, including whether or not to
incorporate outliers, whether to allow the subspaces to be affine spaces instead of linear, and the
number of subspaces. The two main methods of this primitive are ssc_cvx.compute_sparse._
coefficient matrix (), which returns the affinity matrix for the data, and the class method
ssc_cvx.fit_predict (), which returns the labels for the data.
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SSC_ADMM

The SSC_ADMM primitive is an implementation of the SSC algorithm that uses an Alternating
Direction Method of Multipliers (ADMM) framework. The original release of the SSC_ADMM
primitive can be accessed in the spider package as spider.cluster.SSC_ADMM.

The user can specify several model parameters for this primitive, including whether or not to incor-
porate outliers, whether to allow the subspaces to be affine spaces instead of linear, and the num-
ber of subspaces. The two main methods of this primitive are ssc_admm.compute_sparse._
coefficient matrix (), which returns the affinity matrix for the data, and the class method
ssc_admm. fit_predict (), which returns the labels for the data.

SSC_OMP

Finally, we also implemented an Orthogonal Matching Pursuit (OMP) based solution for solv-
ing the SSC problem (SSC-OMP) [35]. The original release of the SSC_OMP primitive can be
accessed in the spider package as spider.cluster.SSC_OMP.

4.3.4 Union of GLRM Clustering

In all the clustering primitives so far, we have assumed that our data are real-valued or at least that
a standard norm objective function (¢, and Frobenius norm) are relevant. When one instead has a
data table with a wide variety of data types, some of which are on different numerical scales while
others are categorical, boolean, etc, this approach is no longer applicable. We began work with the
Cornell group in D3M focused on clustering rows (or columns) of these data tables, and finding
low rank approximations to the clusters. We had some nice initial results but the progress was not
rapid enough for incorporation into D3M before our contract was ended.

4.4 Random forest distance primitive

The spider.distance.metricl. rfd primitive implemented the Random Forest Distance
(RFD) metric learning technique [36]. Distance metric learning is an (usually supervised) approach
to semantic modeling that seeks a function that takes as input a pair of instances and returns a
semantically meaningful distance between them. RFD approaches this problem by first encoding
instance-pairs into a vector that contains information on both the absolute (v) and relative (u)
position of the two:

O(xi, %) = {“(X"Xj)] = {1""’ .l } - 2)

v(xi, X;) 3 (xi +x5)

The resulting vectors are then fed into a random forest, which is trained on a number of sampled
instance-pairs and then used to regress semantically meaningful nonlinear distance values at infer-
ence time. The resulting information can be used in a number of common machine learning tasks,
such as semi-supervised clustering or k-nearest neighbor classification.
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We eventually dropped support for this primitive due to changes in personnel during the program.

4.5 Robust PCA primitives

Standard principal component analysis attempts to estimate a low-rank subspace that lies near to a
set of much higher dimensional data, which can then be used to represent the data in a form that is
significantly easier to understand and process. This estimation, however, can be highly vulnerable
to noise and outliers within the input data. Robust PCA attempts to address this problem by gen-
eralizing it: instead of attempting to capture all the variance using only a low-rank decomposition,
RPCA breaks the input data matrix down into a low-rank component L and an additional sparse
component S, such that D = L 4+ S. The sparse component S allows the estimator to account and
compensate for noise and outliers in a way that doesn’t distort L.

Specifically, RPCA seeks to solve:

min L], + A[S],, st D=L+S§ 3)

where ||-||, is the nuclear norm (the sum of the matrix’s singular values), A is a positive weighting
parameter and ||-||, is the sum of the absolute values of the matrix’s components. This formulation
has been shown [13] to be able to solve the matrix decomposition problem even with arbitrarily
large errors in the input data, so long as those errors are sufficiently sparse.

We implemented three methods for solving the RPCA problem as primitives. The first (RPCA-
IALM) solves the optimization problem via a relaxed, inexact variant of the augmented lagrange
multipliers technique [37]. The second (RPCA-LBD) uses the low-rank and block-sparse matrix
decomposition method [38] and the third (RPCA-GoDec) uses the go decomposition algorithm
[39]. All of these primitives were once located in the spider.dimensionality_reduction
submodule of our repository, but we eventually dropped support for them due to changes in per-
sonnel during the program.

4.5.1 GRASTA-based robust principal components analysis

The SPIDER team implemented several methods for solving the RPCA problem. Initially we had
several of them as primitives in the spider.dimensionality_reduction submodule of
our repository, but due to changes in personnel, we dropped support for most of them except for
GRASTA. The first such method (RPCA-IALM) solves the optimization problem via a relaxed, in-
exact variant of the augmented lagrange multipliers technique [37]. The second (RPCA-LBD) uses
the low-rank and block-sparse matrix decomposition method [38] and the third (RPCA-GoDec)
uses the go decomposition algorithm [39]. All of these primitives were batch algorithms that re-
quired the entire dataset be accessible in memory and have higher than linear complexity in the
dimension of the data vectors.

Next, we implemented the Grassmannian stochastic gradient descent algorithm for this problem,
also known as GRASTA (Grassmannian Robust Adaptive Subspace Tracking Algorithm) [40].
Work on GRASTA in the past heavily depended on careful tuning of a step size parameter, which
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Figure 1: Left: illustration of greedy step size calculation. Right: Subspace determinant discrep-
ancy of multi-level adaptive step size (state-of-the-art) and greedy step size for subspace learning
with abrupt subspace change at 700 algorithm iterations. The greedy step size is also adaptive but
far more aggressive at subspace recovery.

in the D3M system was impractical. To aid in automatic step size selection and improve the
theoretical convergence guarantees of the algorithm, we developed and incorporated a new more
easily automated choice of step size.

s.t.xfnélvj}fs:(] HSHl (4)

0, = arctan(||[s|+1—c||/lIpl])
p=Uw &)

|s|+ = sort(|s|, ascend).

The Grassmannian Robust Adaptive Subspace Tracking Algorithm (GRASTA) minimizes the cost
function given in (4.4) where an observed vector of data x € IR can be written as a low-rank r
matrix U € R™*" and weights vector w € IR" plus an additive sparse vector s € IR™ of outliers
corrupting the observed data.

The GRASTA algorithm initially developed to solve this problem relied on a complex, multilevel
adaptive (MLA) step size during projected gradient descent onto the Grassmannian manifold that
allows the algorithm to track a rapidly or slowly changing low-rank subspace. During the D3M pro-
gram, we worked on simulating and evaluating a new greedy step size choice 6; for GRASTA that
approximates the projection residual, given in (4.5). This greedy step size approximates ~close-
ness” of the subspace estimation by the angle between the projection of the data onto the subspace
and its residual, where the projection of the data is approximated by sorting the estimated sparse
residual vector s elements in ascending order and taking the first 1 — C' elements corresponding to
the non-sparsity percentage. Over the course of the D3M program we experimented with different
versions of this step size, estimating the required sparsity parameter in different ways. GRASTA
with a Lasso estimation step yields very good subspace recovery results agnostic to an a priori
estimate of the data sparsity.
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4.5.2 TV-GRASTA and RPCA

We developed a novel total variation (TV) and sparse regularized robust PCA (RPCA), algorithms
specifically designed for computer vision applications in panoramic video foreground and back-
ground segmentation. This algorithm can robustly separate foreground from background even in
the presence of heavy sparse noise that would normally degrade the separation in other RPCA
methods. Our method is orders of magnitude faster than the state-of-the-art algorithm in [41] and
has competitive performance. Like the Grassmannian Robust Adaptive Subspace Tracking Al-
gorithm [42], our algorithm robustly estimates a low-rank subspace that spans data which may
be corrupted with sparse errors and also have missing entries, and it can also operate in online
mode, updating its estimates from single streaming data vectors. Our algorithm, which we call
TV-GRASTA, also performs incremental gradient descent on the Grassmann manifold to learn the
robust PCA estimate of the data. Such models can be used to separate foreground objects from their
backgrounds in video. We show one example of our results on video with dynamic background
corrupted with 20% shotgun noise from the DAVIS Challenge [43] in fig. 4.2.

TV-GRASTA optimizes the following nonconvex optimization problem:

min BTV (s;) + [|s][1 + Belledr

styet, Ut wi
s.t. o, = Ugtwt + SQ, + €Q, (6)
U, =1
where e; € R™ is a sparse vector to model sparse noise. The hyperparameters Sg and Sz balance
the smoothness of the foreground signal with the sparsity of the noise. Here TV(s;) = [|Cs;||1
where
Iy ® Dy
C c RQme — 7
[DN ® 1 M:| ™

and D, € R**“ is the first-order differences matrix and M, N are the dimensions of the registered
frames from a video with dynamic background in a common reference using homography estima-

tion and transformations. The vectorized video frames then have ambient dimension m = M N.

4.5.3 Noise-weighted PCA

In addition to our GRASTA-based robust PCA work, we also looked at novel methods of noise-
resistant PCA. One of the key issues with PCA was that it was not robust to the heteroscedastic
noise we might expect in modern data—specifically, it suffers from treating all samples as though
they were equally informative. A natural fix was to weight the data before applying PCA to give
noisier samples less influence. Through our work on this project we analyzed weighted PCA results
and provide expressions for their asymptotic performance in terms of the weights. Surprisingly, we
found that inverse noise variance weights, (i.e., weights that whiten the noise), were sub-optimal
asymptotically [44].
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Figure 2: TV-GRASTA separation results of “Tennis” in the common reference perspective of the
panorama. From top to bottom: recovered panorama background; recovered foreground; recovered
sparse.

Following that work we analyzed weighted PCA to identify what weights would instead be optimal,
according to an optimality criteria of maximizing the asymptotic recovery curve. In [45] we derived
the optimal weights, and this analysis showed that inverse noise variance is not aggressive enough
when data are highly noisy. This matches the intuition of the statistics community that PCA is not
robust to outliers. The optimal weights are in between inverse noise variance and square inverse
noise variance [45].

4.5.4 GROUSE primitive

GROUSE is an online algorithm adept at handling streaming single-vector data to incrementally
update the principal component analysis (PCA) estimate of the data matrix X € R™*" where each
column of X is observed sequentially and may be incomplete where only a subset of the vector in-
dices, €, C {1,...,m}, is observed at time ¢. Specifically, the algorithm learns a rank-r subspace
U € R™" C S™ that describes the maximal variance of the data from an m-dimensional vector
space S™ where U has orthonormal columns, UTU = I. GROUSE performs incremental gradient
descent on the Grassman manifold, denoted G(m, r)-the manifold of r-dimensional subspaces of
ambient dimension m with orthonormal columns—to learn the subspace U, at time t. GROUSE
optimizes the following nonconvex optimization problem:
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st. UTU, = 1.

Here, Ug, € RI%I*" and 2, € Rl denote the subspace matrix and data vector at time ¢ on
the observed row indices respectively, and w, € R" is the vector of principal components (or
weights). The problem is nonconvex in U; and w; and because of the constraint for U; to lie on
the Grassmann manifold. GROUSE alternates optimization between the two variables, yielding a
simple least squares of w; and a U, update from a geodesic step along the Grassmann manifold in
the direction of the gradient of the objective function in Eq. 4.8 with respect to the components of
U;. GROUSE is orders of magnitude faster than other state-of-the-art PCA and low-rank matrix
completion algorithms, due to its avoidance in computing singular value decompositions (SVDs),
and can recover subspaces exactly from streaming incomplete data with theoretical guarantees.

GROUSE accurately estimates low-rank subspaces from streaming data with missing entries and
do so with very few user-defined parameters. Our implementation of GROUSE in the SPIDER
repository allowed the user to specify a constant step size of choice or revert automatically to the
adaptive, greedy step-size choice. It also allowed a user to specify a “mask” matrix M € {0, 1}"*"
that defines the support indices of the observed entries. It could operate in a batch setting and an
online setting with an internal function to update the subspace estimate from a newly observed data
vector. We eventually dropped support for this primitive due to changes in personnel.

4.5.5 Supervised PCA as Manifold Optimization

Our approach to SPCA for D3M was to solve an optimization problem whose objective is a
weighted sum of the PCA objective and an empirical risk associated with the prediction problem.
In particular, we proposed to solve

o ' T2
mmjiréuze izlg(yi,sz,B)‘f‘)\HX XL Ll ©)
sit. LL" = I,

where £(-) is a loss function in terms of the dependent variables and the dimension reduced data,
n is the number of observations, k a user specified dimension of the subspace to be learned, and
A > 0 is a trade-off parameter. The constraint on L” in (4.9) is over the Stiefel manifold, i.e., the
set of all matrices with orthonormal columns.

The key feature of the proposed approach is that the predictor, parametrized by (3, operates directly
on the low-dimensional representation Lx;. The variable L ties the two terms together and enables
simultaneous DR and prediction, with A affecting a trade-off between these two goals. We also
remark that, unlike other approaches to high-dimensional prediction, there is no need to regularize
£ because the predictor acts on a low-dimensional space.

Regarding choice of loss function, we have limited our search to squared error loss in the regression
case (LSPCA) and logistic loss in the classification case (LRPCA).
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This work had extensive success with publication in IEEE data science workshop in 2019 [46] and

a journal submission. This primitive was not implemented for D3M because of the timing of the
end of our contract.

Next we show some of the compelling results achieved using our approach to supervised PCA.

Regression Experiments (LSPCA)

We compare performance on three real-world regression datasets, the Music dataset! (n = 1059, p =
118) of [47], the Residential dataset' (n = 372, p = 105) of [48], and the Parkinsons telemonitor-
ing dataset' (n = 5875, p = 20) of [49].

Figure 3 shows average performance of our method and several competitors over 10 independent
runs (each with random test/train splits) on each dataset. It is readily seen that LSPCA outperforms
or is competitive with all competing methods on each dataset. This conclusion also applies to a

collection of synthetic datasets we have explored as well. In each case, the variation explained by
LSPCA approaches that of PCA.
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Figure 3: Mean squared error and variation explained vs. reduced dimension for each method on
various datasets. (a) Parkinsons (b) Music (c) Residential

Classification Experiments (LRPCA)

We compare performance on four binary classification datasets used in previous work. Specifically
the PCMAC 2 (n = 1943, p = 3289) and Arcene? (n = 200, p = 10000) datasets were utilized in

Thttps://archive.ics.uci.edu/ml/datasets.html
Zhttp://featureselection.asu.edu/datasets.php
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[50], while the Ionosphere' (n = 351, p = 34) and Sonar! (n = 208, p = 60) datasets were used
in [51].

Classification results LRPCA performs best in terms of classification accuracy on three of the four
datasets, and is competitive with other methods on the fourth dataset. LRPCA performs best in
terms of variation explained in each case, after PCR, as expected. It is of note that SPPCA appears
to be performing almost identically to PCR in these experiments. These results are shown in Tables
4.1 and 4.2. Interesting to note is that LRPCA can explain more variation than PCR in the test data
for the PCMAC dataset, indicating that, in some situations, incorporation of label information can
improve generalizability of variation explained.

Table 1: Classification accuracy on binary classification datasets for £ = 2. Results are averaged
over 5 independent runs. Standard deviation of classification accuracy is given in parentheses.

Dataset LRPCA PCA Bair Barshan ISPCA LDA
PCMAC | 0.893 (0.0143) | 0.520(0.075) | 0.577(0.109) | 0.893 (0.0139) | 0.727(0.039) | 0.690(0.045)
Arcene 0.693(0.037) | 0.660(0.029) | 0.693(0.077) | 0.693(0.052) | 0.700(0.082) | 0.823 (0.040)
Tonosphere | 0.868 (0.036) | 0.630(0.051) | 0.811(0.086) | 0.856(0.067) | 0.797(0.069) | 0.865(0.024)
Sonar 0.717 (0.024) | 0.552(0.090) | 0.588(0.120) | 0.681(0.034) | 0.705(0.062) | 0.693(0.065)

Table 2: Variation explained on binary classification datasets for £ = 2. Results are averaged
over 5 independent runs. Format: train variation explained / test variation explained.

Dataset LRPCA PCA Bair Barshan ISPCA LDA
PCMAC | 0.229/0.095 | 0.274/0.092 | 0.199/0.067 | 0.071/0.052 | 0.103/0.039 | 0.008/0.015
Arcene 0.523/0.246 | 0.568/0.269 | 0.236/0.095 | 0.391/0.183 | 0.043/0.018 | 0.095/0.041
Tonosphere | 0.586/0.582 | 0.624/0.650 | 0.452/0.458 | 0.395/0.390 | 0.477/0.486 | 0.177/0.177
Sonar 0.565/0.543 | 0.628/0.609 | 0.517/0.511 | 0.374/0.361 | 0.373/0.379 | 0.058/0.056

4.5.6 Time-varying Subspace Learning

Subspace models are useful in a plethora of applications, these include; video processing, medical
imaging, communication systems, array signal processing, to name a few. In practice, due to
variability in sampling conditions the subspace model changes over time in these applications [52,
40, 53, 54, 55, 56]. For an intuitive understanding of the time-varying phenomenon, consider video
processing for instance. The best low-rank subspace representation for the frames in the video
may change over time due to changes in the environment and(or) sampling modality (camera).
Example scenarios include; i) change in subspace due to variability in the lighting conditions, ii)
camera motion, and iii) objects entering and(or) exiting the scene over time. In such situations, the
video processing outcomes can be improved by taking into account the temporal behavior of the
representation model.

In the above-mentioned applications, the change in ground truth subspace is a well-documented
phenomenon and is classically studied under the umbrella term of subspace tracking. Despite
the rich history, the state-of-the-art solutions work under strict assumptions on the time-varying
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behavior, e.g., changes suddenly while staying the same for a long interval of time, slowly rotating
subspace, and change of only a few directions/principal vectors at the change point. In our work,
we relaxed some of these assumptions by proposing a time-varying model where subspace changes
over time by moving over a geodesic on a Grassmannian manifold.

Definition 4.5.1 (Geodesic on the Grassmannian). Let A € R¥™* and B € R** be two orthonor-
mal bases on the rank-k Grassmannian G(k,d). Let us observe m data points from a geodesic
defined by A and B. Then fori =1, ...,mand t; € [0, /2] the point on the geodesic for any i is
given by

U; = span (AZ cos(Ot;) + Y sin(Ot;)) (10)
where (I — ABT)By(ATB)™' = Y'SZT is a thin SVD and © = tan'(S). Here Y € R¥*¥,
S € R¥**, and Z € RF*F,

Next, let #; € R? fori = 1,2,...,m be data derived from a time-varying low-rank model with
noise:

z; = Uigi + ;i (11)
where U; € G(k,d) is as defined in (4.10), g; € R” is a weight vector, and 7; € R? is an indepen-
dent additive noise vector. Using the observations {z;}!" ;, our objective is to estimate U;, which
can be posed as the following optimization problem:

m
) 2
{U Y, = argmin Z |z — U] |- (12)
U;eRdxk UTU;=1,i=1,...,m ;—
From (4.10), notice that in order to estimate all the subspaces Uy, ..., U,, we only need estimates
of A, B, and ©. Therefore, we propose an alternating minimization approach that estimates these
quantities. Next, we provide some preliminary experiments that prove the efficacy of the proposed
approach.

We provide the results of an experiment that investigates the convergence behavior of our proposed
alternating minimization approach as a function of number of points, m, being sampled from the
geodesic. This experiment is based on synthetic data being generated using the generative model
in Definition 4 .5.1. This experiment serves two p urposed: 1) it serves as a proof of concept to
show that the proposed algorithm works at least for a simple toy example and ii) a glimpse at
convergence behavior of the proposed method as a function of number of samples m observed from
the geodesic. The more points imply that we are traversing slowly over the geodesic, therefore it
is not surprising to observe in Figure 4.4 that for larger values of m alternating minimization
converges at a faster rate.

4.6 Multimodal primitives

4.6.1 Dense video captioning

Dense video captioning involves segmenting a long untrimmed video into semantically meaningful
procedure segments that are each described with a natural language sentence. In prior literature,
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Figure 4: Convergence behavior of alternating minimization to solve (4.12) for different number
of points, m, generated from the geodesic.

dense video captioning is formulated as a multi-task learning problem (i.e. segment proposal and
caption generation) by sharing the visual encoder between the proposal module and the captioning
module. However, the connection from the proposal module to the captioning module is usually
not differentiable, so the semantic information from language cannot have a direct impact on the
segment proposals.

We proposed a novel approach that overcomes this limitation, bridging the two components via

a differentiable visual mask. In contrast to the existing methods where the proposal module
solves a class-agnostic binary classification problem re gardless of the detailsin the video con-
tent, our model enforces consistency between the content in the proposed video segment and the
corresponding language description. Our proposed method has been experimentally vetted on the
YouCook?2 and ActivityNet Captions datasets.

4.6.2 Weakly-supervised video language grounding

We also worked on another joint video and language understanding project focused on learning
weakly-supervised language grounding in video. Given a video that is broken into temporal seg-
ments with each video segment accompanied by a sentence (e.g., recipe steps in a cooking video),
our task of interest was to localize certain objects from that sentence for each frame in the video
segment, if applicable. This problem was novel and interesting (and still is) since most prior meth-
ods tackled the grounding problem in a static image setting, while grounding has many potential
applications in the video domain, such as autonomous driving and mobile robots. However, anno-
tating video with dense object bounding boxes is expensive, so we tackled the problem with only
weak supervision (i.e. the sentence description for each video segment) during training, which
makes our problem particularly challenging.

To address this problem, we first collected d ata for our task, acquiring bounding-box annotations
for our validation and test sets. We designed a pipeline using VATIC [57] on Amazon Mechanical
Turk and used it to gather bounding box annotations for our previous YouCook?2 data, resulting in
a new YouCook2-BoundingBox dataset. All the annotators for this task were carefully appointed
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and well-trained. We also manually verified the work after we collected all of the data to guarantee
that the annotation accuracy was > 95%.

Then, we experimented with several tentative solutions to this problem. Our experimental model
consisted of two components, with the first one being a visual e ncoding m odule, w herein we
encoded each video segment as a chunk of visual features. We experimented with two types of vi-
sual encoders, 3D-ResNet [58] over raw images and Spatio-temporal Graph ConvNets over super-
voxels (ST-GCN) [59], with the latter generally proving relatively more effective. The second part
of our architecture was an object grounding module, where we represented each target object men-
tioned in the caption individually and deployed a soft attention filter to localize the object in the
video. Unfortunately, the proposed methods did not outperform the naive baseline for our prob-
lem (i.e., always predict the object at the center of the frame). We believe there were two reasons
for this. First, when people record a video, they are prone to center the salient object in view,
which biases the data strongly towards the naive center baseline. Second, our loss function did not
force the model to consider the entire object in order to make the correct classification prediction.
Hence, even when the model’s attention was on only a small part of the target object, the training
loss would still be low.

4.6.3 Visual Captioning with Grounded Objects

Furthermore, we pursued a project to unify the captioning framework for image and video. Basi-
cally, the goal of this research was to describe the contents of an input image/video with a natural
language sentence. Our proposed model consisted of two major parts, a captioning module and
a grounding module. The captioning module took in the image/video and region proposals and
generated a sentence description. In the meantime, the grounding module evaluated how likely an
object was present in the scene to provide visual evidence for the caption.

Some of these experiments were conducted on the Flickr30k Entities image captioning dataset. The
same approach was evaluated on a video dataset called ActivityNet-BB. In order to be able to utilize
this method and transfer grounding knowledge, we needed to transfer knowledge from a large-scale
dataset (e.g. Visual Genome) to the target datasets. In our case, 78% of classes in Flickr30K and
64% of ActivityNet were also in VG, meaning that they could be directly transferred.

4.7 Temporally-Consistent Video-to-Video Translation Models

Video-to-video translation for super-resolution, inpainting, style transfer, etc. is more difficult than
corresponding image-to-image translation tasks due to the temporal consistency problem that, if
left unaddressed, results in distracting flickering e ffects. Although video models designed from
scratch produce temporally consistent results, training them to match the vast visual knowledge
captured by image models requires an intractable number of videos. To combine the benefits of
image and video models, we proposed an image-to-video model transfer method called Hypercon-
sistency (HyperCon) that transforms any well-trained image model into a temporally consistent
video model without fine-tuning. HyperCon works by translating a synthetic temporally interpo-
lated video frame-wise and then aggregating over temporally localized windows on the interpolated
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Figure 5: Our Hyperconsistency approach.

video. It handles both masked and unmasked inputs, enabling support for even more video-to-video
tasks than prior image-to-video model transfer techniques.

Given an input video V' = {vy, ..., vx}, our goal was to generate an output video O = {oy,...,0n}
representing the N frames of V' translated by some image-to-image model g. The frames of O
should closely resemble the frames of V' translated frame-wise by g; at the same time, O should
be temporally consistent, i.e., exhibit as few flickering effects as possible.

With HyperCon, we generated O as follows. First, we inserted ¢ frames between each pair of
frames in V' with a frame interpolation network. Let us denote this interpolated version of V'
as V* = {v§,...,v%}, where N’ is the number of frames in the interpolated video. Then, we
independently translated each frame in V* with g, yielding O° = {of,..., 0%, }. Finally, we
aligned and pooled frames in O° over a temporal sliding window with an appropriate stride to
produce the frames of the final output video O.

We applied HyperCon to video style transfer and video inpainting and outperformed prior state-
of-the-art models for the respective tasks. As shown in Figure 4.6 and Figure 4.7(a), our method
modulated frame-wise results in a desired temporally-consistent manner, whereas prior work (Lai
et al. [1]) produced inconsistencies. As shown in Figure 4.7(b), our method often generated more
plausible inpainting predictions than prior state-of-the-art since it was better at replicating back-
ground textures.

We generated quantitative results that demonstrated the effectiveness of our approach. For style
transfer, we quantified adherence to the intended style by measuring FID [61] between the set of
frame-wise style-transferred frames and those produced by the temporal consistency method under
evaluation. To measure temporal consistency, we used warping error [1] and patch-based PSNR
and SSIM consistency [62]. Warping error estimates optical flow on the unprocessed video, and
checks the extent to which this flow is followed in the stylized v ideo. Patch-based consistency
chooses a random patch in one frame, considers all patches in its spatial neighborhood in the next
frame, and computes the maximum PSNR or SSIM between it and all candidate patches. We
compared our method against the temporal consistency post-processing approach of Lai et al. [1]
and greatly outperformed it in terms of both style coherence and temporal consistency, as shown
in Table 4.3.
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Figure 6: For video style transfer, our HyperCon method modulated colors to reduce flicker more
effectively than prior work.

Furthermore, we asked Amazon Mechanical Turk (AMT) workers to compare videos from our

method and the baseline by Lai et al. [1]. Specifically, t o m easure quality, w e s howed workers
both videos side-by-side and asked which one they preferred; for style adherence, we showed

them both videos alongside the frame-wise processed video, and asked which of the two videos
was more similar to the frame-wise processed one. As shown by Table 4, workers selected our
videos significantly m ore o ften t han t hose o f t he baseline, i ndicating t hat o ur v ideos w ere more
appealing and better adhered to the intended stylization than the videos from the baseline.

Finally, we compared two variants of our method—one using mean pooling to aggregate frame-
wise processed frames, and another using median pooling—to various baselines for video inpaint-
ing, specifically f rame-wise 1 npainting [ 63] (Cxtattn), f rame-wise 1 npainting w ith t emporal con-
sistency post-processing via Lai et al. [1], and a video inpainting DNN VINet [60]. The metrics
we used to quantify performance were LPIPS [64], a video equivalent VLPIPS, FID [61] between
ground-truth and inpainted frames, a video equivalent VFID, and warping error. As shown in Ta-
ble 5, our method variants generally outperformed the baselines, and always ranked in the top
two across all evaluated metrics and datasets.
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Table 3: Quantitative comparison between baseline video consistency [1] (FST-vcons) and Hy-
perCon (ours) across styles. T and * indicate that higher and lower is better, respectively; bold
indicates where one score is better than the other. HyperCon obtained lower FID scores, indicating
greater coherence to the intended style. It also obtained a lower warping error and higher patch-
based consistency scores—indicating better temporal consistency—because it reduced flicker in-
stead of replicating it like FST-vcons.

mosaic rain-princess
Dataset Method FID* Euarp” Cpsni! Cssim| FID* Euarp” Cpsnr! Cssim’
DAVIS 2017 FST-vcons [1] | 24.50 0.010194 £ 0.000500 20.51 £ 1.37 0.5830 £ 0.0140 | 10.87 0.007071 £ 0.000477 22.73 £1.35 0.6717 £ 0.0136
HyperCon (ours) | 18.04 0.008810 + 0.000493 21.04 + 1.37 0.6662 + 0.0157 | 10.53 0.006110 + 0.000487 23.38 + 1.35 0.7480 + 0.0143
FST-vcons [1] | 24.89 0.011999 4+ 0.000672 18.79 +0.29 0.5451 4 0.0169 | 14.77 0.008938 £ 0.000644 20.86 & 0.38 0.6365 £ 0.0159
HyperCon (ours) | 23.11  0.010677 & 0.000710 19.20 £ 0.32 0.6105 £ 0.0192 | 13.59 0.008117 & 0.000730 21.13 £ 0.43 0.6960 £ 0.0175
FST-vcons [1] | 26.37 0.006727 & 0.000311 22.58 £ 0.38 0.7075 £ 0.0115 | 9.07 0.003923 £ 0.000240 25.97 £+ 0.42 0.8008 + 0.0093
HyperCon (ours) | 18.54 0.003233 + 0.000149 25.13 + 0.35 0.8514 £ 0.0079 | 7.62 0.002523 + 0.000167 27.93 + 0.75 0.8814 £ 0.0071

DAVIS 2019

ActivityNet

4.8 Deep Net Primitives

4.8.1 T-RECS: Training for Rate-Invariant Embeddings by Controlling Speed
for Action Recognition

An action should remain identifiable when modifying its s peed: consider the contrast between an
expert chef and a novice chef each chopping an onion. Here, we expect the novice chef to have a
relatively measured and slow approach to chopping when compared to the expert. In general, the
speed at which actions are performed, whether slower or faster than average, should not dictate how
they are recognized. However, when tasked with classifying slowed down and sped up versions
of action videos, existing action recognition models failed to perceive these distinct videos as the
same action. For example, our tests found that when a ConvNet+LSTM model (where an LSTM
is used to model the temporal change in features) attempted to classify a video from the HMDBS51
dataset containing the action ’sword’ sped up by a factor of 2.7, the model identified it as the action
“kiss’.

We explored the erratic behavior caused by varying input speeds on state-of-the-art deep network-
based methods for action recognition. We measured the effect in terms of maximum performance
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Table 4: Human evaluation of style transfer quality. We list how often subjects favorably selected
each method, followed in parentheses by the p-value of a y? test against the null hypothesis of
random selection (0* indicates a p-value less than 1 x 1071%). In all cases, subjects selected
HyperCon (ours) significantly more often than FST-vcons [1].

Style
adherence
FST-vcons | 42.7% 20.9%
mosaic HyperCon | 57.3% 79.1%
p-value 5.53e-7 0*

FST-vcons | 44.5% 23.2%
rain-princess | HyperCon | 55.5% 76.8%
p-value 1.54e-4 0*

Method | Preferred

Table 5: Comparison between HyperCon (ours) and the baselines on the simulated video inpaint-
ing task. + indicates that lower is better. Bold+underline and bold respectively indicate the 1st- and
2nd-place methods. Among the evaluated methods, the HyperCon models consistently placed in
the top two across all performance measures.

DAVIS 2017 DAVIS 2019 ActivityNet
Method Dipips'  Dyipes'  FID*  VFID'  Eyap' | Dippst Dyvipes' FIDP VFID'  Eyap' | Dipes”  Dyipes'  FIDY VFID' Byt
Cxtattn 0.0457 0.5838 2094 1.435 0.002186 | 0.0442 0.5575 15.55 1.361 0.002539 | 0.0432 0.5981 21.5173 1.4417 0.000894
Cxtattn-vcons 0.0480 0.6076 23.23 1.502 0.001780 | 0.0478 0.5964 1852 149 0.002166 | 0.0448 0.6067 23.1642 1.4383 0.000689
VINet 0.0616  0.6062 29.24 1.465 0.001882 | 0.0539 0.5455 1822 1.195 0.002292 | 0.0608 0.6139 29.3806 1.3783 0.000678
HyperCon - mean | 0.0450  0.5272 18.49 1.073 0.001540 | 0.0437 0.5179 16.07 1.274 0.001847 | 0.0454  0.5728 225111 1.2251 0.000640
HyperCon - median | 0.0424  0.5217 17.75 1.074 0.001614 | 0.0419 0.5089 15.24 1.254 0.001950 | 0.0441 0.5812 22.2705 1.2601 0.000683

and stability in recognition accuracy across a range of input video speeds. By observing the trends
in these metrics and summarizing them based on expected temporal behavior w.r.t. variations in
input video speeds, we found two distinct types of network architectures. Type I models exhib-
ited low stability as well as recognition performance, while Type II models exhibited inherent
stability. We found that C3D [65] and I3D [66] behaved as Type I models while TSN [67] and
ConvNet+LSTM [68] behaved as Type II models.

As a step toward solving the erratic behaviour caused by varying input video speeds, we proposed
a pre-processing method named T-RECS, as a way to extend deep-network-based methods for ac-
tion recognition to explicitly account for speed variability in the data. We did so by adaptively
resampling the inputs to a given model. As our method is agnostic to the specific deep-network
model; we applied it to four state-of-the-art action recognition architectures, C3D, I3D, TSN, and
ConvNet+LSTM. On HMDBS51 and UCF101, T-RECS-based I3D models showed a peak improve-
ment of at least 2.9% in performance over the baseline while T-RECS-based C3D models achieved
a maximum improvement in stability by 59% over the baseline, on the HMDBS51 dataset. Also, we
showed that T-RECS based models improve the stability of Type I models while maintaining the
stability in Type 1I models and increasing their overall recognition performance.

The link to the repository is https://github.com/MichiganCOG/T-RECS. Additionally,
we have a report detailing all of our findings. This report is available at https://arxiv.org/
pdf/1803.08094 .pdf.
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4.8.2 Michigan Platform for Activity Classification in Tensorflow (M-PACT)

There are many hurdles that offer a large barrier to entry for new researchers in activity classi-
fication or prevent the replication of existing work, which hinders the development of new ac-
tivity classification models. These hurdles include switching between multiple deep learning li-
braries and the development of boilerplate experimental pipelines to name a few. In M-PACT we
overcame these existing issues by removing the need to develop boilerplate code and allowing
users to quickly prototype action classification models while leveraging existing state-of-the-art
(SOTA) models available in the platform. Key highlights of M-PACT include, modular develop-
ment environments, a user friendly wrapper for layer definitions that offers the combined features
of tf.layers, tf.nn, and other packages, multi-GPU support for efficient model training over
a single node in addition to asynchronous and parallel data loading using t frecords-based data
containers, as well as a customized suite of pre-processing functions for videos that contains crop-
ping, resizing, temporal re-sampling, oversampling, looping videos up to a desired number of
frames, and much more. We achieved near state-of-the-art performance in the I3D model and have
matched performance in TSN, C3D, and ResNet50+LSTM models to the original specifications.
The link to the repository is https://github.com/MichiganCOG/M-PACT. Additionally,
we have a report detailing the fundamental structure and all available functionality. This report is
available at https://arxiv.org/pdf/1804.05879.pdf.

4.8.3 Deep Net Triage: Analyzing the Importance of Network Layers via
Structural Compression

Deep network compression attempt to reduce the number of parameters in the network while main-
taining a certain level of performance. Most compression methods eliminate non-contributing neu-
rons and thus reduce model overhead. Deep network distillation seeks to train a smaller network
that matches soft-max performance of a larger network. While both regimes have led to impres-
sive performance for their respective goals, neither provided insight into the importance of a given
layer in the original model, which is useful if we want to improve our understanding of the highly
parameterized deep network models.

In this work, we studied the concept of deep net triage, which individually assessed small blocks
of convolution layers to understand their collective contribution to the overall performance of a
commonly used deep network, VGG16. We called this contribution to the health of the network
“criticality”. This method of assessment is named deep net triage because we assessed the “crit-
icality” of layers within a network by comparing which, when compressed, is most influential to
the overall health of the network. We proposed a suite of triage methods and compared them on
problem spaces of varying complexity. We ultimately showed that, across these problem spaces,
deep net triage is able to indicate the relative importance of different layers. We also showed that
our local structural compression technique leads to an improvement in overall accuracy when the
final model is fine-tuned globally.

In Deep Net Triage, we proposed five methods with which to modify a deep network: performing
parameter updates only in the compressed layer with randomly initialized weights as the com-
pressed layer (CL-RW); retraining the entire compressed model with randomly initialized weights
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at the compressed layer (CM-RW); retraining only the compressed layer with weights initialized as
a mean of the corresponding block’s network weights (CL-MW); retraining the entire compressed
model with compressed layer weights initialized as a mean of that block’s parent network weights
(CM-MW); and, creating a Student-Teacher network and training the compressed layer output ten-
sors against the parent block’s output tensors, before fine-tuning over the compressed layer weights
(STN).

We showed through experimentation that structurally compressed and fine-tuned models can per-
form equivalent to, or better than, uncompressed parent models in a layer invariant manner. Ad-
ditionally, we showed that parent-inspired initialization regimes applied only at the layer-level
are unable to compete with fine-tuning over the entire global model. Lastly, we showed that
Student-Teacher models evaluated at intermediate layers in the form of hints from uncompressed
parent models promote faster convergence to maximal accuracy, despite being unable to out-
perform full-model training methods. We have a report detailing all our findings at https:
//arxiv.org/pdf/1801.04651.pdf.

4.8.4 Learning to Share: Simultaneous Parameter Tying and Sparsification
in Deep Learning

Two common methods of limiting deep network complexity are sparsity-inducing regularization
and parameter sharing or tying, in which certain sets of weights are forced to share a common
value. Some forms of weight sharing are hard-wired to express certain invariances, with a notable
example being the shift-invariance of convolutional layers. However, there may be other groups of
weights that may be tied together during the learning process, thus further reducing the complexity
of the network. In this work, we adopted a recently proposed sparsity-inducing regularizer, named
GrOWL (group ordered weighted /1) [69], which encourages sparsity and, simultaneously, learns
which groups of parameters should share a common value. GrOWL has been proven effective
in linear regression, being able to identify and cope with strongly correlated covariates. Unlike
standard sparsity-inducing regularizers (e.g. [;), GrOWL not only eliminates unimportant neurons
by setting all the corresponding weights to zero, but also explicitly identifies strongly correlated
neurons by tying the corresponding weights to a common value.

This ability of GrOWL motivates the following two-stage procedure: (i) use GrOWL regularization
in the training process to simultaneously identify significant neurons and groups of parameter
that should be tied together; (ii) retrain the network, enforcing the structure that was unveiled
in the previous phase, i.e., keeping only the significant neurons and enforcing the learned tying
structure. We evaluated the proposed approach on several benchmark datasets, showing that it can
dramatically compress the network with slight or even no loss on generalization performance.

Our full work on this subject was accepted for presentation in ICLR 2018 (https://openreview.
net/forum?id=rypT3fb0b).

4.8.5 Deep unsupervised clustering using mixture of autoencoders

Where subspace learning seeks to describe data in terms of low-dimensional linear subspaces, the
field of manifold learning can be seen as a variant on this approach wherein the low-dimensional
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components of the learned representation are nonlinear manifolds. Given this, we sought to ex-
plore the potential of manifold-based clustering, and to simultaneously leverage the power of deep
learning in the unsupervised domain.

Specifically, we proposed a novel clustering method that uses an ensemble of autoencoders to learn
a set of low-dimensional nonlinear manifolds. We combined this with a linked mixture assignment
network, which takes the concatenated latent vectors from the autoencoders as input and infers the
distribution over clusters. By jointly optimizing the two parts, we simultaneously assigned data to
clusters and learn the underlying manifolds of each cluster. We tested this method on handwritten
digit, document and time series datasets and achieved results similar to or better than state-of-the-
art deep clustering methods, without the need for pretraining.

For more information, please see https://arxiv.org/abs/1712.07788.

4.8.6 Information Maximization Autoencoder

A central tenet for designing and learning a model for data is that the resulting representation
should be compact yet informative. Therefore, the goal of learning can be formulated as finding
informative representations about the data under proper constraints. In this work, we started with
a stochastic encoder and aimed at maximizing the mutual information between the data x and the
representations z. In this setting, a reconstruction or generating phase can be obtained as the vari-
ational inference of the true posterior py(x|z). By explicitly targeting informative representations,
the proposed model was capable of yielding better decoding quality. Moreover, we showed that
the information maximization objective naturally induces a balance between the informativeness
of each latent factor and the statistical independence between them, which gives a more principled
way to learn semantically meaningful representations.

Another contribution of this work was a framework for simultaneously learning continuous and
discrete representations, which yields a more flexible model for data that belong to different cate-
gories. Categorical data are ubiquitous in real-world tasks, and using a hybrid discrete and continu-
ous representation to capture both categorical information and continuous variation in data is more
consistent with the natural generation process. In this work, we focused on categorical data that are
similar in nature, i.e., where different categories still share similar variations (features). We aimed
to learn semantically meaningful discrete representations while maintaining disentanglement of
the continuous latent factors that capture the variations shared over different categories.

4.9 Novel Regression Techniques

4.9.1 Ordered weighted least squares

The ordered weight /; (OWL) norm family, which is independently proposed by Bogdan [70] and
Zeng [71], is a state-of-the-art group sparsity inducing regularizer, and one of its specializations is
an octagonal shrinkage and clustering algorithm for regression (OSCAR), has been shown to be an
efficient supervised learning technique in [72] and [73].
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The ordered weighted ¢; (OWL) norm can be seen as a sorted and weighted variant of ¢; norm.
For 3 € R?, its OWL norm is defined as

Q(B) = w"|Bl, = Y wilBla,
=1

where w is the nonnegative OWL weights which is required to be in the non-increasing order, and
|3|[i) is the i-th largest element of 3 in magnitude.

Suppose we have n samples in the dataset. The OWL-regularized linear regression can be formu-
lated as an unconstrained optimization:

1
min —{ly — X8l + 2w (8) (13)

where y € R" is the targets, X € R"*? is the feature matrix with samples as rows, and 3 € R?
is the coefficients. Figure 4.8 gives an example of 3 € R? that illustrates the feature selection and
grouping property of the OWL norm.
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Figure 8: Feature selection and grouping property of OWL norm

4.9.2 OWL Regularized Matrix Completion

Matrix completion is a problem that aims to recover the missing entries of a matrix under some
assumptions of the original matrix; one of the most commonly used assumption is the low rank
structure of the matrix. The now “classical” convex relaxation of this problem uses a nuclear
norm, which is the /; norm of the singular values of a matrix. In this project, we instead tried
using the OWL norm on the singular values. This would be a useful approach in settings where
singular values are very similar, or there is little gap between them, which is a common scenario in
practice but mostly ignored by the matrix completion literature. We had some preliminary success
with this method but were not able to make significant gains over nuclear-norm regularized matrix
completion.
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4.10 Visual Tracking

4.10.1 Single Target Visual Tracking

In this research, we wanted to track a single target in a video by considering the motion of the target
as well as identifying the target in each frame. Given a video sequence, the position of the object is
initialized from the ground truth in the first frame. Using that information, the tracker is tasked with
localizing the object in subsequent frames using bounding box coordinates. The area encompassed
by the bounding box captures the image region corresponding to the object of interest. There
were many existing methods that aimed to solve this problem, and even a yearly Visual Object
Tracking challenge competition amongst various groups. Previous works used correlation filters,
discriminative methods, convolutional features, and similarity learning. However, none of the
methods used knowledge about motion to guide predictions in tracking. We used knowledge about
how objects move in videos to make better informed predictions in frame to frame localization.
One method of doing this was to use a recursive Bayesian filter such as a Kalman filter.

Recursive Bayesian filters are a class filters that can perform state estimation using an underlying
probability distribution. These include Kalman filters, Extended Kalman filters, and Particle filters.
Nevertheless, these can only be used for state-to-state transitions, meaning that the next estimate
is based only on the current state, which is an unrealistic assumption when working with video
data. As a result, a few works emerged that incorporate deep learning with state estimation to
develop a learning based state estimation technique. One such work is titled LSTM-KF, which uses
both LSTMs and Kalman filters to model the state t ransition, state c ovariance, and observation
covariance. For our initial experiments, we used the GOTURN tracker as the baseline model.
This is a Siamese network that takes as input two consecutive frames from a video and outputs
bounding box coordinates. First we implemented the model in PyTorch and tested out the results
on VOT challenge testing set. There seemed to be some small discrepancy in the performance
of the implementation versus the original Caffe model. Then, we implemented the LSTM-KF
model which performs Kalman filtering using LSTM c ells. We tested the LSTM-KF method on
synthetic motion data, three dimensions X,y,theta and observed that it performed sufficiently well
on non-linear synthetic data.

Afterwards, we combined these ideas together into a new model. The bounding box coordinates
are used as the state, and the LSTM-KEF is used to filter/update the state using previous training
data. We generated a synthetic moving boxes dataset that contained 130,000 frames to run the new
model on it. The results from the synthetic data proved to be a slightly inconclusive, because the
validation loss was lower than the training loss. This lead us to believe that the dataset may be too
simple for the complex model. It would be easy to simply memorize the data, and the model would
never overfit. So we transitioned to a ALOV dataset, which was used for training on the original
GOTURN model, fine-tuning on that dataset, and then testing on the VOT challenge test set. The
preliminary results showed that the bounding box does indeed “follow a better motion path” but
its IOU with the ground truth was lower because it regresses to a smaller area in the image. This
indicated that because we are operating strictly on the bounding box coordinates, the new model
loses some notion of the content region itself. We could perform the state estimation on the feature
vectors from the network, however this would be impractical because of the high dimensionality
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of the feature vectors. This is the equivalent of doing high order matrix operations (during the
Kalman filtering stage) resulting in extremely high memory usage and low operating speeds.

4.10.2 Visual Tracking with GoTurn primitive

We had added a new primitive to SPIDER for visual tracking with a known method called GoTurn
(although we eventually stopped supporting it due to complications from D3M upgrading its deep
learning library dependencies). It utilized a Siamese network, i.e. it took a pair of video frames
as inputs, regressed to a set of bounding boxes for each frame in a video and applied an ¢; loss
between the ground truth labels and the predictions.

To train this primitive, a dataset with annotated coordinates was required. The primitive consisted
of testing examples and pre-trained weights for utilization in TA2 systems. The primitive contained
a fit and produce function, so it could be further fine-tuned with more data (e.g., the ALOV300
dataset that includes around 300 videos with annotated objects), or it could simply be used for
testing.

411 LILAC

Conventional curriculum learning schemes organize data based on the samples’ difficulty level.
Over the course of the training phase, data of progressively increasing difficulty are introduced to
neural network models. This setup forces neural networks to learn from a subset of training data
early on. Further, data at such early stages can be imbalanced based on their difficulty ranking.

In LILAC, Learning with Incremental Labels and Adaptive Compensation, we proposed a new
method that regulates labels instead of samples. This works in two phases, 1) Incremental Label
introduction, and 2) Adaptive Compensation.

* Phase 1: Early on in LILAC, we focused on learning labels in fixed increments. Here we pit
a small number of classes, Seen subset, against the entire remaining dataset, Unseen subset,
for a fixed learning interval. Data in the Unseen subset use a designated pseudo-label while
data in the Seen subset use their ground-truth labels. Within a short training period, of a
few epochs, the neural network is trained with this fixed setup after which a small amount
of data corresponding to a new set of labels is moved from Unseen to Seen. Then the entire
training process is repeated. In recursively unmasking labels, the model has sufficient time
to develop a strong understanding of each class by contrasting against a large and diverse set
of negative examples. Further, when comparing the starting points when the model knows
the entire dataset, optimization starts from a more well-structured point in the solution space
in LILAC than in the case of random initialization.

* Phase 2: Once the network has had a chance to learn all the labels, we regularize the network
to prevent over-fitting by providing a softer distribution as the target vector for previously
misclassified samples. This is done to reduce the number of misclassifications as well as
gently adapt the embedding space to incorporate them. Softening target vectors helps to
make learning simpler.
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Figure 9: Illustration of the components of LILAC. The Incremental Learning (IL) phase in-
troduces new labels at regular intervals while using the data corresponding to unknown labels as
negative samples, using a pseudo-label. Once all labels have been introduced, the Adaptive Com-
pensation (AC) phase of training begins wherein a prior copy of the network being trained is used

to decide if samples are misclassified. I f s o, then a s ofter distributionis used as the ground-truth
vector for those samples

Results

We clearly observed an improvement in performance with the addition of the IL phase and the

AC phase, individually. Putting the them together, they complement each other to further boost
performance and provide the best performing model across all the compared baselines (Table 6).
Overall, LILAC consistently outperformed batch learning across all test datasets while existing
comparable methods failed to do so. Among the top performing methods on CIFAR-10 that use
standard preprocessing, random crop and flip, while using no dropouts and training from scratch,
LILAC easily outperformed all of them (Table 7). Apart from a pure performance perspective, we
analyzed the impact of varying certain key hyper-parameters in LILAC including, order of labels
presented to the network, peak value of the softened alternate target vector (¢) and the number of
additional labels unmasked in regular intervals (m).

Ordering of Labels Throughout the standard experiments, we assumed labels are used in the
ascending order of value. When this is modified to a random ordering or in ascending order of
difficulty, results from Table 8 suggest that there is no explicit benefit or pattern. Other than the
extra impact of continually fluctuating label orders across trials, there isn’t alarge gap in
performance.
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Table 6: Under similar setups, LILAC consistently achieves higher accuracy and lower std. than

batch learning, a property not shared by other baselines

Performance (%)

Types Training CIFAR 10 CIFAR 100 STL 10
Batch Learning 95.19 +0.190 7832+ 0.175 72.88 + 0.642
Standarg | Fixed Curriculum 9527 +0.112 77.89 4+ 0.287 72.18 + 0.601
Label Smoothing 9527 +£0.111 79.06 + 0.179 72.55 + 0.877
Custom Random Augmentation 95.27 + 0.076 75.37 £ 0.480 73.67 4+ 0.708
Dynamic Batch Size 9522 + 0.131 78.73 + 0.264 72.66 + 1.081
Breakdowy  OMY IL (ours) 9538 + 0.135 78.73 4+ 0.139 73.43 + 0.903
Only AC (ours) 9538 +0.170 78.94 4+ 0.179 72.94 + 0.530
Overall LILAC(ours) 95.52 + 0.072 78.88 &+ 0.201 73.77 + 0.838
LS + LILAC(ours) 9534 + 0.080 79.08 & 0.307 73.59 + 0.623

Table 7: Comparison of LILAC’s performance against top performing algorithms on CIFAR-10
with standard pre-processing (random crop + flip). Our method easily outperforms both the base
shake-drop network ([2]) as well as previous methods.

Method CIFAR-10
Wide Residual Networks [74] 96.11
Multilevel Residual Networks [75] 96.23
Fractional Max-pooling [76] 96.53
Densely Connected Convolutional Networks [77] 96.54
Drop-Activation [78] 96.55
Shake-Drop [2] 96.59
Shake-Drop + LILAC (ours) 96.79

Smoothness of Target Vector in Adaptive Compensation When extended to a variety of peak
values for the alternate target vector, we observed that most variations of the peak performance still
fall within the standard deviation range for each dataset. However, the peak average performance
values usually occurred between 0.7 to 0.5.

Injection of Label Groups LILAC is designed to introduce as many or as few new labels as desired
in the IL phase. We hypothesized that developing stronger representations can be facilitated by
introducing a small number of new labels while contrasting it against a large variety of negative
samples. Table 4.8 supports our hypothesis by illustrating the decrease in performance with an
increase in the number of new labels introduced in each interval of the IL phase.

The link to the repository is https://github.com/MichiganCOG/LILAC_v2. Addition-
ally, we have a report detailing all of our findings. This report is available at https://arxiv.
org/pdf/2001.04529.pdf.
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Table 8: (Top) Comparing random label ordering and difficulty-based label ordering against the
ascending order assumption used throughout our experiments, we observe no preference to any
ordering pattern. (Middle) The mid-range of ¢ values, 0.7-0.4, show an increase in performance
while the edges show either too sharp or too flat a distribution leading to decreased performance.
(Bottom) Only IL model results across all benchmarks illustrates the importance of introducing a
small number of new labels in each interval of the IL phase. Values in brackets are for CIFAR-100.

Performance (%)

Property CIFAR-10  CIFAR-100  STL-10

Label Order: Rnd. 95.30 +0.146 78.35 +0.280 73.10 = 0.861
Label Order: Asc. Difficulty 9525+ 0.156 7842+ 0.115  73.69 + 0.849
Label Order: Asc. 0532 +0.156 78.73 +0.139 73.27 +0.220
€=0. 95.30 + 0.072 7848 +0.328 73.57 + 0.980
€=0.38 05.34+ 0.141 78.52+0.118 73.54 + 0.984
e=0.7 95.42+0.189 78.72+0.356 73.59 + 0.872
=06 95.36 + 0.096 78.75 +0.180 73.77 + 0.838
e=05 95.49 +0.207 78.88+0.227 73.61 +0.810
=04 95.52 4 0.072 78.88 +0.201 73.54 + 0.959
e=0.3 95.31 4 0.125 78.66 + 78.66 73.59 + 0.955
€=0.2 95.36 = 0.095 7847 +0.093 73.57 = 0.963
m: 1 95.32+0.156 78.73 +0.139 73.27 +0.220
m: 2 (4) 95.38 + 0.135 78.34+0.200 73.43 + 0.903
m: 4 (8) 9529+ 0.069 7837 +0.114 7230+ 0.543

4.12 Low-rank Tensor Recovery from Streaming and Highly-
incomplete Data

Modern data is increasingly high-dimensional and multiway, increasing the storage and compu-
tational burden of signal processing algorithms. Many practical applications collect data over
multiple modalities. Batch processing of large-scale tensor data quickly becomes computation-
ally intractable, and even storing these tensors is problematic as the memory requirements grow
rapidly with the number and size of the tensor modes. Additional challenges include large numbers
of missing tensor entries and streaming multiway data that needs to be processed on the fly.

In this project we considered sampling and recovery of 3-way tensors using the algebraic frame-
work of the t-SVD. Three-way tensors are treated as linear operators over the space of oriented
matrices and group rings of fibers under the t-product multiplicative o perator. Using this frame-
work, one obtains an SVD-like factorization referred to as the tensor-SVD (t-SVD) with a defined
notion of rank referred to as the tubal-rank. A key property of the t-SVD is the optimality of the
truncated t-SVD for data approximation under the Frobenius norm measure. The t-SVD has been
well-studied in exact tensor recovery, image and video inpainting, hyperspectral data, and solving
tensor robust PCA problems for video foreground/background separation.

Most existing t-SVD based methods are batch methods that require all of the data to be stored in
memory at computation time and/or compute multiple SVDs. This is very time-consuming and
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inefficient for large-scale data. Little work has been done to extend online matrix completion
methods to the case of multiway tensor data using the t-SVD framework.

We proposed a new algorithm called TOUCAN (Tensor Rank-One Update on the Complex Grass-
mannian) to recover low-rank tensor data from streaming, highly-incomplete multiway data with
incremental gradient descent on the product manifold of low-rank matrices in the Fourier domain
using the recently proposed framework of the t-SVD. Our method is online by nature, avoids the
SVD, maintains orthonormality on the tensor Grassmann manifold, and scales linearly in mem-
ory and computation. We show our method’s ability to track dynamically time-varying low-rank
FSMs from streaming two-way data in chemo-sensing and time-lapse video data. Additionally,
our method can easily be extended to higher-order tensors.

4.12.1 Experiments for Tensor Completion with TOUCAN

We rigorously tested TOUCAN on both synthetic and real data. These results can be found in our
paper [79]. For the sake of brevity we only provide our results for synthetic data in this report. We
have compared our results to the state-of-the-art batch tensor completion and matrix completion
algorithms.

Incremental Tensor Completion on Synthetic Data

TOUCAN
—— GROUSE
—— TNN-ADMM
— TCTF

—— MatComp

0 2 4 6 8 10 12 14 16 18 0 10 20 30 40 50 60 70 80 90
Time (s) Time (s)

TOUCAN
—— TNN-ADMM
— TCTF

(a) n1 = 200,n2 = 500,n3 = 20,r = 3. 50% missing (b) n; = 200,ny = 500,n3 = 25,7 = 5. 80% missing
t-SVD generated data. t-SVD generated data.

Figure 10: t-SVD synthetic experiments. Solid lines are experiments with uniformly random
samples, and dashed lines are experiments with uniformly sampled tubes.

We verified the validity and efficiency of TOUCAN in recovering large-scale missing te nsor data
synthetically generated from isotropic Gaussian distributions with low-tubal-rank. We computed
the t-product of two low-tubal-rank tensors to yield a tensor of size n; = 200, ny = 500, n3 = 20
and tubal-rank r = 3. We sampled 50% of tensor entries/tubes randomly according to a Bernoulli
distribution. TOUCAN observes one lateral slice at each time instant, solves the inner CGD step to
within a set tolerance (10~?), and is allowed to process over the entire batch more than once until
the desired termination tolerance. We compared against batch tensor completion algorithms (with
improved computational efficiency using c onjugate s ymmetry); one uses the tensor nuclear norm
and performs ADMM in its optimization (TNN-ADMM) [80], and the other factorizes the tensor
as the product of two low-rank tensors under the t-product (TCTF) [81]. We also compared to
standard matrix PCA algorithms by matricizing the tensor and computing batch matrix completion
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[82] and GROUSE [83] on each column of the matricized tensor. We plotted the normalized root-
mean-squared error (NRMSE) of the recovered tensor to the true tensor by elapsed wall clock

time in seconds in Fig. 4.10(a), terminating each algorithm if its completed tensor X satisfies

|2 — X #/|X|r < 1e — 9. TOUCAN is competitive with state-of-the-art batch method Tensor
Factorization (TCTF) [81] in the case of random entry sampling, and TOUCAN’s efficient tubal-

sampling implementation vastly outperforms the other algorithms while using only 0.6% of the
memory compared to storing the entire tensor.

4.13 API development

Designing an effective API for TA1-TA2 interaction proved to be a significant technical challenge
in itself, both because of the wide range of different primitive types that must be accommodated,
and the fact that this API must be, essentially, “machine-readable.” That is, the API was designed
to be used not by human coders, but by TA2 systems attempting to automatically compose differ-
ent primitives into an usable pipeline. For this reason, arriving at a workable API required many
rounds of updates and interactions with TA2 teams, in particular the Berkeley team that spear-
headed development of the new unified Python API.

Our team contributed significantly to this process, ultimately providing the base classes to be used
for all distance computation and metric learning primitives, and collaborating with the Berkeley
and SRI teams to produce the latest version of the clustering API, which specifies that clustering
results be returned as a distinct results object, which can be fed into further primitives in order to
extract specific information (e.g. label assignments, cluster centroids, internal clustering evaluation
scores). This model of interaction allows for primitives to capture (in a machine-interpretable
fashion) the ability of some algorithms to produce a variety of different types of information, and
can be extended to support other types of primitives as well (e.g. to enable extracting feature
importance values from a trained random forest).
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Conclusions

5.1 Conclusions

The SPIDER project sought to contribute subspace modeling-based primitives to the D3M pro-
gram. We delivered such primitives along either strata. The primitives were used by numerous
teams but the rapidity of progress in the overall program limited the general utility of our prim-
itives: the program was stuck in supervised methods whereas our methods become much more
relevant in less supervised scenarios.
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6.1 List of Acronyms

ADMM Alternating Direction Method of Multipliers

AMT Amazon Mechanical Turk

API Application Programmer Interface

CNN Convolutional Neural Network

COIL-20 Name of a computer object imaging laboratory database
CVXPY The name of a software library for convex optimization in Python
DAVIS Densely Annotated Video Segmentation

D3M Data-Driven Discovery of Models

DNN Deep Neural Network

EKSS Ensemble K-Subspaces

FID Frechet Inception Distance

GRASTA Grassmannian Robust Adaptive Subspace Tracking Algorithm
GROUSE Grassmanian Rank-One Update Subspace Estimation
GRU Gated Recurrent Unit

KSS K-Subspaces

LSPCA Least-Squares PCA

LPIPS Learned Perceptual Similarity

LRPCA Logistic-Reggression PCA

LSTM Long-Short-Term Memory Network

M-PACT Michigan Platform for Activity Classification in Tensorflow
MLA Multilevel, Adaptive

RGB Red-Green-Blue (or Color)

PCA Principal Components Analysis

PSNR Peak Signal-to-Noise Ratio

ReLu Rectified Linear Unit
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RFD Random Forest Distance

RPCA Robust Principal Components Analysis

RPCA-IALM RPCA with Inexact Augmented Lagrange Multipliers
RPCA-LBD RPCA with Low-rank and Block-Sparse Matrix Decomposition
SDP Semi-Definite Program

SPIDER Subspace Primitives that are Interpretable and Diverse

SSCoDM M Subspace Clustering using ADMM Optimization

SSCcV X Subspace Clustering using Convex Optimization

SSCo M P Subspace Clustering using Orthogonal Matching Pursuit Optimization
SSIM Structural Similarity

STATA Abbreviated name of a statistics tool for black-box data analysis
STFT Short-Time Fourier Transform

SVD Singular Value Decomposition
TA1 Technical Area 1

TA2 Technical Area 2

TA3 Technical Area 3

T-RECS Training for Rate-Invariance Embeddings by Controlling Speed
TV Total Variation

UoS Union of Subspaces

VGG Visual Geometry Group (a DNN model is named after them)
VFID Video FID

VQA Visual Question Answering
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