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Major Goals: Army networks and systems are generating and collecting vast amounts of data with different
modalities, sampling rates, and accuracies continually. The obtained data often suffer from quality issues due to
unreliable or defective sensors, poor atmospheric and lighting conditions, and cyber data attacks from malicious
intruders. The processing and information extraction from these massive amounts of data for real-time decision
making becomes exceptionally challenging. Anomaly detection and object identification are two tasks at the heart
of situational awareness for Army applications. Anomaly detection sends alarms for abnormal events, and object
identification locates human objects and predicts their movements. Compared with the classification and
identification methods in civilian applications, the methods in a military application must have much higher
reliability, as a minor error can potentially lead to the loss of lives of military personnel. Therefore, the deployed
identification methods need to have analytical performance guarantees rather than numerical success only. This
proposal will develop computationally efficient anomaly detection and object identification methods from large
amounts of data. One distinctive feature of developed methods in this proposal is that they are accompanied by
analytical performance guarantees which enable reliable implementation in military operations.

Accomplishments: See attachment.

Training Opportunities: Three PhD students and two undergraduate students have contributed to this project.
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Results Dissemination: The results have been disseminated through two journal papers and five conference
papers, including IEEE Transactions and top Al conferences like NeurlPS, ICML, and ICLR.
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C1 Hongkang Li, Meng Wang, Sijia Liu, Pin-Yu Chen and Jinjun Xiong, Generalization Guarantee of Training
Graph Convolutional Networks with Graph Topology Sampling, in Proc. of 2022 International Conference on
Machine Learning (ICML), July 2022. (acceptance rate: 21.9%)

C2 Ming Yi and Meng Wang, Joe H. Chow, Recent Results of Energy Disaggregation with Behind-the-Meter Solar
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C3 Shuai Zhang, Meng Wang, Sijia Liu, Pin-Yu Chen and Jinjun Xiong, How Does Unlabeled Data Improve
Generalization in Self-training? A one-hidden-layer Theoretical Analysis, in Proc. the Tenth International
Conference on Learning Representations (ICLR), April 2022. (acceptance rate: 32.3%)

C4 Hongkang Li, Shuai Zhang, and Meng Wang, Learning and generalization of one-hidden-layer neural networks,
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Protocol Activity Status:

Technology Transfer: Pl Wang received the Army Polarimetric Thermal Face Database from Dr. Matthew Thielke
at Army Research Lab in July 2022 to evaluate our developed learning methods on Army dataset and has obtained
encouraging results.
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Abstract: This paper considers energy disaggregation at substations (EDS) where the objective is to estimate
the consumption of each load from aggregate measurements, in which whether or not some loads are consuming
power is unknown to the operator. The existing EDS method cannot provide any reliable measure of the
disaggregation results, while the disaggregation accuracy can vary significantly for different data due to the
volatility of loads such as solar generation. This paper proposes a Bayesian-dictionary-learning-based approach
to disaggregate the loads and provides an uncertainty measure of the returned estimation. Our approach learns
the probability distributions of the load patterns and the decomposition coefficients from recorded data with partial
labels at the offline stage. Our approach computes the mean and covariance of the probability distribution of each
load consumption, estimates the load using the mean, and computes the uncertainty index based on the
covariance.
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Accomplishments

This project has developed efficient and reliable AT methods for object detection. Our major technical
contribution is to reduce computational costs with guaranteed improved performance. Our major accom-
plishments include the following three aspects:

1. Neural Network pruning to reduce the computational cost and improve the detection
accuracy [P6].

Network pruning removes unnecessary weights in neural networks, which is beneficial to building efficient
AT learners that require less storage space, less expensive hardware, and less inference time. For example,
earlier numerical experiments [1] suggest that over 90% of the parameters can be removed without harming
the test accuracy. When using VGG-16 (a 16-layer Convolutional Neural Network) on the ImageNet dataset,
training on the pruned model requires only 21% floating point operations per second (FLOPS) and 15.6%
storage overhead in storing the model [2]. Moreover, recent studies [3-7] indicate that sparsification can
speed up the convergence rate and even improve test accuracy, which leads to further efficient training of
neural networks. For example, a matched sub-network with sparsity varying from 40% to 90% achieves
higher test accuracy than the original dense network in various network architectures like ResNets [8, 9],
BERTS [6], and GNNs [4]. Such numerical findings are summarized as the lottery ticket hypothesis (LTH)
in [3], which hypothesises that there exists a good subnetwork, named “winning tickets,” that achieves faster
convergence rates and improved test accuracy compared with the original dense network.

Despite the empirical evidence of the winning tickets in many case studies, the theoretical explanation
of LTH and its improved generalization is limited. The existing theoretical works are mainly from the scope
of model compression, i.e., finding a sub-network that achieves a tolerable loss in either expressive power or
training accuracy, compared with the original dense network [10-12]. None can provide theoretical support
for the improved performance achieved by “winning tickets.” As a first step to bridging the gap between
numerical success and a theoretical understanding of pruned networks, we provided the first theoretical

characterization of training a “winning ticket” and delivered a theoretical explanation for the widely-used
LTH in [13].
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Figure 1: Ilustration of data. Each input consists of

two polarimetric thermal images from the same person Figure 2: The test accuracy for iterative
and one visible image. The label is 0 if the visible im- magnitude-based pruning method.

age represents the same person as the thermal images,

and 1 otherwise.

Specifically, compared with training the dense network, our theorems characterize that training a “win-
ning ticket” needs fewer training samples, enjoys a faster convergence rate, and achieves improved test
accuracy, which justifies the widely-used LTH. Also, our theorems provide the quantitative characterizations
of the improved performance and the pruning rate. In addition, we provide numerical experiments on Army
Polarimetric Thermal Face images [14]) to justify network pruning in improving test accuracy (see Figure 2
for an example). The dataset used in this project is adapted from the polarimetric thermal face database
in [14]. The objective of the experiment is to determine whether the visible image represents the same person



as the thermal images. Figure 1 shows two input images, and each input consists of two aligned thermal
images from the same person and one visible image. The label is 0 if the thermal and visible images are
from the same person, or 1 if otherwise. The training data contains 240 images based on 60 individuals
with no expression. For each individual, we construct four images following Figure 1. Two images belong
to class 0, and the other two belong to class 1, where the visible image is randomly selected from the other
59 individuals. The test data contains 240 images from the same group of individuals but with different
expressions. The iterative magnitude-based pruning algorithm is applied via training on a 7-layer neural
network. Figure 2 illustrates that the test accuracy increases from 82.16% to 85.88% with pruning, which
verifies the improved performance when training on the “winning ticket”. In addition, the pruned network
with only 18.7% parameters remaining achieves better performance than the original dense network, and the
computational complexity is significantly reduced when training on a “winning ticket.”

2. Self-training to improve learning performance using unlabeled data with limited labeled
samples [P5].

As one of the most widely used semi-supervised learning algorithms, the self-training approach utilizes
unlabeled data to achieve improved test accuracy when the training process is only accessible to a limited
number of labeled data. In practice, obtaining labeled data are costly and inconvenient. For example,
labeling the ImageNet [15] took almost four years with around 49K workers from 167 countries. While
we are short of data collection budget and time in most tasks, the quality of training data can hardly be
guaranteed. Moreover, some data labels may contain sensitive personal information, e.g., personal accounts
on smartphones and patient information in hospitals, that cannot be shared.

In contrast, unlabeled data are vastly available, and self-training has shown empirical success in diversified
applications such as few-shot image classification [16-20], objective detection [21], robustness-aware model
training against adversarial attacks [22], continual lifelong learning [23], and natural language processing
[24,25]. Despite the numerical success of self-training approaches, theoretical understanding of unlabeled
data in improving the test accuracy is limited to impractical scenarios, e.g., linear models [26-29] or an
infinite number of unlabeled data [30].

Therefore, this project aimed to bridge the gap between numerical success with non-linear neural networks
and a theoretical understanding of self-training in improving test accuracy. Specifically, this project is
centered on the commonly-used iterative self-training method. An initial teacher model (learned from the
labeled data) is applied to the unlabeled data to generate pseudo labels. One then trains a student model by
minimizing the weighted empirical risk of both the labeled and unlabeled data. The student model is then
used as the new teacher to update the pseudo labels of the unlabeled data. This process is repeated multiple
times to improve the eventual student model. This project addressed the following questions: how and when
self-training improves test accuracy and how the number of unlabeled data affects the performance.

Specifically, we provided the analytical justification of the iterative self-training algorithm using unlabeled
data over a supervised learning approach. First, we provided the quantitative justification of improved test
accuracy and convergence rate by the number of unlabeled data used in training. Second, we provided
insights into the parameter selection in balancing the improved performance and convergence. Third, we
provided numerical justifications for the efficiency of self-training algorithms in object detection.

The objective of the experiment is to identify relevant changes in bi-temporal remote sensing images,
namely, change detection. The dataset used in this project is from WHU dataset [31], which contains a
satellite imagery data set of building samples extracted from aerial images. The training and test sets split
follows the default settings in [31]. When implementing the self-training approach, we randomly pick a
certain percentage of data in the training set as labeled data, and the remaining data in the training set are
used as unlabeled data by discarding the labels. The supervised approach uses the same labeled data set as
the self-training approach, which serves as the baseline. Figure 3 shows the intersection over union (IoU)
value using the self-training algorithm (using labeled data and unlabeled data) is significantly improved
compared with the supervised learning approach (labeled data only), especially when the number of labeled
data is small. For example, with only 10% labeled data, the improvement of the IoU value is more than
44% (from 0.2683 to 0.3871) via the self-training algorithm. With 20% labeled data, the IoU value via the
self-training algorithm is over 0.4, which is close to a good IoU value thresholding that is usually set as
0.5 [32].

Figure 4 shows an example of both self-training and supervised learning algorithms in detecting buildings.



The white region in the left sub-figure denotes the ground truth of the buildings, and the red area in the
two right sub-figures indicates the detected buildings by self-training and supervised learning algorithms.
We can see that with the help of unlabeled data, the self-training algorithm achieves higher IoU and better
performance detecting buildings than the supervised approach.

Self-training Supervised
Ground Truth  1apeied + unlabeled) (labeled data only)

——

-%-Self-training
—©—Supervised

5 10 20 40
Percetage of labeled data

Figure 3: Intersection over union Figure 4: The improved performance of using unlabeled data. Self-

(IoU) using'the self—tljaining algorithm training uses 40% of data with labels and 60% of data without
and supervised learning approach. labels. Supervised learning use only 40% of data with labels.

3. Graph topology sampling to reduce the training complexity [P3].

Graph convolutional networks (GCNs) can accurately model graph-structured data in many empirical
tasks, including text analysis [33-35], recommendation systems [36,37], and remote sensing [38,39]. Such
great success usually requires high computational and memory costs because the representation of one node
is a recursive aggregation of its neighbors. This scalability issue motivates the development of graph topology
sampling methods, which randomly select a subset of neighbors in each iteration when training GCNs to
reduce the training complexity.

Existing sampling strategies can be categorized into three classes. See Figure 5 as an illustration. Node-
wise neighbor-sampling methods such as GraphSAGE [33] and VRGCN [40] keep all the nodes and sample
a subset of neighbors for each node. Layer-wise importance sampling methods such as FastGCN [7] and
LADIES [41] sample a fixed number of nodes in each layer according to the estimation of the importance
of nodes. Sub-graph sampling tools such as Cluster-GCN [42] and GraphSaint [43] extract appropriate
multiple sub-graphs to represent the full graph without information loss during the training. These methods
can significantly improve training time complexity compared with original GCNs. For instance, the training
speed of FastGCN [7] is 2 times, 17 times, and 168 times that of a vanilla GCN on Cora, Pubmed, and
Reddit dataset, respectively, showing a more remarkable performance on complexity reduction for larger
graphs. Surprisingly, these sampling techniques can give comparable or even better empirical results than
training with the entire graph. For example, GraphSAINT [43] shows new state-of-the-art F1 scores for PPI
(0.995) and Reddit (0.970).
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Figure 5: Different graph sampling methods. (a) GraphSage: Sampling a fixed number of neighbors for each
node. (b) FastGCN: Sampling nodes in each layer by importance. (c¢) Cluster-GCN: Sampling sub-graphs
using a graph clustering algorithm.



In contrast to the empirical success, the theoretical foundation of training GCNs with graph topology
sampling is much less explored. Recent theoretical works either focus on GCNs trained without sampling
[44-46] or only study the convergence rate of graph sampling [45] without generalization analysis. Therefore,
this project establishes the theoretical basis to study what conditions are required for a three-layer GCN
learned with graph topology sampling (as shown in Figure 6) to achieve satisfactory generalization. We
apply a group-wise uniform sampling based on the degree of node groups. To be more specific, higher-
degree nodes are sampled more during the training with importance scaling on the normalized adjacency
matrix for aggregation. This sampling strategy is consistent with the intuition of the importance sampling of
FastGCN [7]. We explicitly characterize the sample complexity and model complexity for the generalization.
Our results also show that training with sampling methods has the same generalization performance as
learning an effective adjacency matrix which is different from the entire graph.
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Figure 6: The studied graph topology sampling algorithm in this project. We set a higher sampling rate on
higher-degree nodes 1, and a lower sampling rate on lower-degree nodes xs, x3, x4, and x5. For sampled
nodes 1, x4, and x5, we scale the corresponding columns of the normalized adjacency matrix A. For
unsampled nodes x5 and x3, we set the corresponding columns of A to 0.
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