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Major Goals: The major goals of this project are the following: - Develop efficient and scalable serial and parallel
algorithms for factorizing large, irregular, and sparse tensors. The research will address issues related to memory-
and operation-efficient computations, streaming data and computations, dynamic sparsity, and cache- and locality-
friendly tensor reorderings and partitionings. - Develop efficient and scalable serial and parallel algorithms for
irregular computations arising when operating on large, sparse, and unstructured static and dynamic graphs.
Examples of such computations arise in various network-science-related fundamental operations (e.g., triangle
counting, truss-decomposition, clustering) and in computations arising in applications involving graph signal
processing and graph neural network.

The overarching focus of the above research is to further our understanding on how irregular computations can be
performed on emerging high-performing computing architectures.

Accomplishments: Parallel and streaming tensor decomposition algorithms: In many applications, a tensor’s
entries arrive in a streaming fashion for a potentially unbounded amount of time. Existing approaches for streaming
sparse tensors are not practical for unbounded streaming because they rely on maintaining the full factorization of
the data, which grows linearly with time. Our goal was to come up with effective streaming tensor factorization
algorithms that work well with sparse streaming ("infinite’) data without memory/complexity explosion. To this end,
we developed CP-stream, an algorithm for streaming factorization in the model of the canonical polyadic
decomposition which does not grow linearly in time or space, and is thus practical for long-term streaming. CP-
stream incorporates user-specified constraints such as non-negativity which aid in the stability and interpretability of
the factorization. An evaluation of CP-stream demonstrates that it converges faster than state-of-the-art streaming
algorithms while achieving lower reconstruction error by an order of magnitude. We also evaluated it on real-world
sparse datasets and demonstrated its usability in both network traffic analysis and discussion tracking. Our
evaluation uses exclusively public datasets and our source code is released to the public as part of SPLATT, an
open source high-performance tensor factorization toolkit.

Distributed-Memory Parallel Triangle Counting Algorithm: Triangle counting is a fundamental graph analytic
operation that is used extensively in network science and graph mining. As the size of the graphs that needs to be
analyzed continues to grow, there is a requirement in developing scalable algorithms for distributed-memory
parallel systems. To address that, we developed an MPI-based distributed-memory algorithm for triangle counting
using a set intersection-based approach. The key difference between our algorithm and previously proposed
approaches is that it utilizes a 2D decomposition of the data and associated computations, which increases the
concurrency that can be exploited and reduces the overall communication cost. Furthermore, our algorithm moves
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the data among the processors by utilizing a sequence of communication steps that are similar to those used by
Cannon’s parallel matrix-matrix multiplication algorithm. This ensures that our algorithm is memory scalable and
faces low communication overhead. We also include key optimizations that leverage the sparsity of the graph and
the way the computations are structured. Some of these optimizations include enumerating the triangles using an
ordering that specifically leverages hash-maps in the set intersection computation, changing the hashing routine for
vertices based on the density of its adjacency list, and eliminating unnecessary intersection operations. We
evaluate the performance of our algorithm on various real- world and synthetically generated graphs and compare
it against other existing state-of-the-art approaches. Our experiments show that we obtain a relative speedup that
range between 3.24 and 7.22 out of 10.56 across the datasets using 169 MPI ranks over the performance achieved
by 16 MPI ranks. Moreover, the performance of our parallel algorithm compares favorably against those achieved
by existing distributed memory algorithms that rely on 1D decomposition.

Streaming and batch algorithms for incremental truss decomposition: Real-world graphs change as new nodes and
edges are added and existing nodes and edges are removed. As the graph updates with time, an important
question to answer in network science is how the structure of the cohesive subgraphs (like the k-truss) change.
Answering this question helps in detecting significant changes in the community structure in a social network as
new relationships are formed and severed. While there are several serial and parallel algorithms for truss
decomposition, these algorithms explore the entire graph. As a result, performing truss decomposition after every
update can become computationally expensive. To address this problem, we developed a theory that provides an
upper bound to the subset of the edges that need to be explored, such that the change in truss decomposition due
to an update is guaranteed to contain within this subset. Using this, we developed an efficient incremental algorithm
that explores a small set of edges. We showed that our algorithm exhibits a high degree of concurrency, which can
be exploited by a parallel formulation. Finally, we extended the theory to efficiently perform batch updates. Using
the batch algorithm, we can update the truss decomposition after a batch of edge updates faster than updating the
truss decomposition after every edge update. We evaluated the performance of our algorithms on a sparse and a
dense real-world dataset. The experiments showed that the incremental algorithm provides up to 250000 speedup
when compared to using the non-incremental algorithm for performing edge insertion. Moreover, the batch
algorithm consistently performs better than the incremental algorithm for batch updates, running up to 17.5 times
faster in some cases. Note that our work considers the problem of updating the truss decomposition only when the
stream consists of edge insertions and the theory can be extended to edge removals as well.

Distributed training of graph neural network models: Graph neural networks (GNN) have shown great success in
learning from graph-structured data and they are increasingly used for very large graphs. However, scaling the
computations associated with GNN training across multiple machines, is challenging. Distributed GNN training
requires to read hundreds of neighbor vertex data to compute a single vertex representation, which accounts for
majority of network traffic in distributed GNN training. In addition, neural network models are typically trained with
synchronized stochastic gradient descent (SGD) to achieve good model accuracy. This requires the distributed
GNN framework to generate balanced mini-batches, which is non-trivial given the irregular nature of the graphs. To
address some of these challenges, we developed the core distributed graph processing components that can be
used to develop efficient and scalable distributed GNN training. A result of this effort is DistDGL, a distributed GNN
training framework that leverages the single-machine DGL framework. DistDGL deploys various performance-
oriented optimizations. It distributes the graph data (graph structure and node/edge features) across all machines
and run trainers, sampling servers, and in-memory key-value stores on the same set of machines. To achieve good
model accuracy, DistDGL uses synchronous training and allows ego-networks forming the mini-batches to include
non-local nodes. To reduce network communication, DistDGL adopts METIS to partition a graph with minimum
edge cut and co-locate data with training computation. In addition, DistDGL deploys multiple load balancing
optimizations to tackle the imbalance issue, including multi-constraint partitioning and two-level workload splitting.
DistDGL for training GNNs on massive heterogeneous graphs in a mini-batch fashion, using distributed hybrid
CPU/GPU training. DistDGLV2 places graph data in distributed CPU memory and performs mini-batch computation
in GPUs. DistDGLVv2 deploys an asynchronous mini-batch generation pipeline that makes computation and data
access asynchronous to fully utilize all hardware (CPU, GPU, network, PCle). The combination allows DistDGLv2
to train high-quality models while achieving high parallel efficiency and memory scalability. We demonstrate
DistDGLv2 on various GNN workloads. Our results show that DistDGLv2 achieves 2-3X speedup over DistDGL
and 18X speedup over Euler. It takes only 5-10 seconds to complete an epoch on graphs with hundreds of millions
of vertices on a cluster with 64 GPUs.

Training Opportunities: The project has contributed to the training of the graduate students that are supported by
it in the areas of algorithms, high-performance computing, scientific computing, network science, graph mining, big-
data processing, graph machine learning, GPU programming, and graph neural networks.
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Abstract: Automated team formation is becoming increasingly important for a plethora of applications in open-
source community projects, remote working platforms, as well as online educational systems. The latter case, in
particular, poses significant challenges that are specific to the educational domain. Indeed, teaming students aims
to accomplish far more than the successful completion of a specific task. It needs to ensure that all the members
in the team benefit from the collaborative work, while also ensuring that the participants are not discriminated
against with respect to their protected attributes, such as race and gender. Toward achieving these goals, this
article introduces FERN, a fair team formation approach that promotes mutually beneficial peer learning, dictated
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Abstract: The nearest neighbor graph is an important structure in many data mining methods for clustering,
advertising, recommender systems, and outlier detection. Constructing the graph requires computing up to
similarities for a set of objects. This high complexity has led researchers to seek approximate methods, which
find many but not all of the nearest neighbors. In contrast, we leverage shared memory parallelism and recent
advances in similarity joins to solve the problem exactly. Our method considers all pairs of potential neighbors but
quickly filters pairs that could not be a part of the nearest neighbor graph, based on similarity upper bound
estimates. The filtering is data dependent and not easily predicted, which poses load balance challenges in
parallel execution. We evaluated our methods on several real-world datasets and found they work up to two
orders of magnitude faster than existing methods, display linear strong scaling characteristics, and incur less than
1% load imbalan
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generating such labeled datasets is expensive and time-consuming. In this paper, we present Credit Attribution
With Attention (CAWA), a neural-network-based approach, that instead of using sentence-level labeled data, uses
the set of class labels that are associated with an entire document as a source of distant-supervision. CAWA
combines an attention mechanism with a multilabel classifier into an end-to-end learning framework to perform
credit attribution. CAWA labels the individual sentences from the input document using the resultant attention-
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1 Introduction

This report summarizes some of the work that is currently in progress that relates to developing GPU-based
algorithms for a key kernel used in graph neural networks — layerwise sampling.

2 Problem Description and Contribution

In recent times, many systems and algorithms have been built to quickly extract mini-batches that are used to
train a GNN model. Multiple generic systems have been built that focus on training GNNs, such as, DGL,
PyG, NeuGraph, ROC, etc [Wang et al.(2019), Fey and Lenssen(2019), Ma et al.(2019), Jia et al.(2020)].
Natural graphs often exhibit a power-law degree distribution. In order to avoid encountering an exponential
number of neighbors as the number of layers in the GNN increases, these systems sample a fixed number of
neighbors of target vertices and utilize its features during training for the aggregate and combine steps.

Popular GNN systems perform sampling in different ways - (i) neighbor sampling: sample a fixed num-
ber of neighbors for each target vertex, (ii) layer-based sampling: sample a fixed number of neighbors from
each layer, (iii) random walk algorithms. Recently, systems have emerged to reduce the time spent in sam-
pling the neighbors of vertices in a GNN, some of them using the capabilities of GPUs to tackle sampling
[Serafini and Guan(2021), Jangda et al.(2021), Zhang et al.(2021), Abadal et al.(2021), Wang et al.(2020),
Lin et al.(2020), Bai et al.(2021), Pandey et al.(2020)] [Wang et al.(2021), Liu et al.(2021), Min et al.(2021)].

We note that many frameworks introduced recently are geared towards efficiently performing unbiased
sampling to enable neighbor sampling. However, neighbor sampling algorithms encounter an exponential
increase in neighbor vertices as the number of layers increases. To this end, we note that many recent GNNs
proposed utilize biased layer-wise and layer-dependent sampling. These algorithms restrict the number
of samples chosen for each layer in the GNN and thereby, limit the number of computations performed.
That said, the existing frameworks do not take into account the defining characteristics of layer-based
sampling algorithms for GNNs and thus, do not propose solutions that allow fast generation of mini-batches
for relevant GNN models. Some of the main limitations involved in the existing approaches include: (i)
inadequate memory management strategies, (ii) varying number of trials to sample distinct vertices in each
layer, which are based on the degree of the target vertices, (iii) serial execution of training and mini-batch
generation, and finally, (iv) serial generation of multiple mini-batches. To this end, we propose the following
contributions in our work: (i) we present a framework to efficiently execute layer-based sampling algorithms.
(ii) we use reservoir sampling to perform biased sampling. Reservoir sampling does not need multiple trials
while sampling to achieve distinct results. (iii) we parallelize the sampling algorithm using GPUs which
eliminates the multiple transfers of data from the CPU memory to the GPU memory.

3 Progress

We present a framework that efficiently executes the layer-based sampling algorithm on the GPUs to generate
mini-batches for GNN training. In our framework, we focus on optimizing the layer-dependent sampling,
called LADIES, described in [Zou et al.(2019)]. The LADIES sampling process samples, using importance
sampling, a fixed number of vertices from the set of adjacent vertices of the seeds for each layer in the L-layer
GNN. The input to the algorithm is a fixed-size number of seeds and the output is an L-length list of the
bipartite graphs constructed as described below. This list of bipartite graphs is given as an input to the
training algorithm.

The graph is stored in the CSR format in the memory. At a given layer, the neighboring vertices of the
seeds are determined and the frequency of each of these vertices is considered as its weight. The vertices
with non-zero weights are used in the sampling process. These weights are subsequently normalized and
used as sampling probabilities for importance sampling. Importance sampling uses biased sampling where
the selection of a vertex is biased by its weight. In our framework, Weighted Reservoir Sampling (WRS) is
used to perform biased sampling. The seeds and their respective sampled vertices are used to train the GNN



model using the bipartite graph constructed between the seeds and the sampled vertices. The edges between
these two sets of vertices are determined by the existing edges between these sets in the original graph.
These edges decides the vertices used in the aggregation step of a seed. Finally, this set of sampled vertices
is used as the seeds in the next layer of the GNN. Subsequently, the sampling process and the construction
of bipartite graphs connecting sampled vertices to their respective seed vertices is repeated for each layer of
the L layers. This is returned as a result of the sampling algorithm which the model can then use to train.

To efficiently execute the above described steps for a given layer on a GPU, we determine an appropriate
strategy to handle the neighborhood vertices of the given set of seeds. Let the number of unique neighbor
vertices with non-zero weights be denoted by nnz. We re-index the neighbor vertices such that they range
from 0 to nnz — 1 and refer to these as local vertex ids. We use these local vertex ids as a mapping to
determine if a vertex is included in the sample or not. In our implementation, we maintain an array of nnz
flags such that if a neighbor vertex id has been sampled, we set the value at the position corresponding to the
local vertex id as 1. Further, we recognize that performing the steps included in re-indexing, sampling and
the creation of the bipartite graphs are easily done by using consecutive GPU threads and inbuilt optimized
libraries. Thus, these result in load-balanced computations. This is in comparison to other methods that
assign a block of threads to process the neighboring vertices of a given seed which subsequently lead to load
imbalanced processing. Finally, once the samples have been determined, the creation of the bipartite graph
is performed by using the array of flags which discards the neighbor vertices in the adjacency list of seeds
that are not included in the sample list.

4 Results

Preliminary results of our approach has been detailed in Table 1. To study the scaling behavior of our
approach, we conduct experiments with the number of seeds assigned values 2,000, 10,000, and 100, 000.
Moreover, we set the number of sampled vertices at 1,000 while using 2,000 as the number of seeds and
5,000 in other cases. We use 32,64, 128,256,512 and 1024 as the number of threads in a block. We conduct
our experiments on Orkut and Reddit graph datasets. Orkut has 3072441 vertices and 117185082 edges,
while Reddit has 231443 vertices and 23213838 edges.

The experiments were conducted on GPU GeForce RTX 3090. GeForce RTX 3090 uses the Ampere
microarchitecture, has 82 SMs each with 128 cores. Each SM has a register of size 256KB, L1 cache of size
128KB and L2 cache 6144KB. Global memory in the GPU is of size 24576 MB. We use CUDA version 11.0.

Overall, we observe that the approach results in good performance and low runtimes for both the datasets.
Although the number of seeds is increases from 2,000 to 100,000, the increase in respective runtimes is not
as drastic. We conjecture that the runtimes obtained while using 2,000 seeds is more influenced by system
overheads since the number of operations performed for the computations are low. In each of the dataset,
we note that using the number of threads as a multiple of 128 in a thread block results in lower runtimes
as compared to using number of threads equal to 32 or 64. We observe that using 128 threads in a thread
block allows the entire block to reside in the same SM. Since each SM has 128 cores, the latency incurred
during processing is minimized.
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Table 1: Runtime for obtaining results for a 1-layer GNN.
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