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The explosion of data volume and ever-increasing speed of accelerators shift the bottleneck
of large-scale distributed training tasks from computation to communication. We observe
significant pressure on the communication backends of various mainstream learning systems
in multiple environments when running such tasks. Achieving efficient large scale learning
relies on more effective communication planes.

We provide detailed analysis that root-causes the bottlenecks affecting the communica-
tion efficiency of these systems in the context of different environments. We pinpoint such
bottlenecks from the software, hardware and network infrastructure stacks.

We show how these obstacles can be overcome with a systematic codesign of a streamlined
communication stack, a balanced hardware and cluster configuration with the distributed
training workload, together with awareness of network topology and environment. We show
this series of approaches, named Parameter Box, Parameter Hub, Parameter Link along
with @Collectives, accelerate distributed training from small clusters to datacenters and all
the way to the commercial clouds while providing varying degrees of customization to suit

different needs.
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Chapter 1

INTRODUCTION

Today, training systems have gained significant attention in the literature for the over-
whelming popularity of machine-learning (ML) related workloads. Most of work to date in
the system and architecture community has focused on improving the efficiency of evaluating
trained models. This makes sense given that a model is trained only once but can be used
many times for inference. However, arriving at a trained model frequently requires experi-
mentation, and thus multiple training runs, each of which may take days. Accelerating the

training process lets ML scientists iterate faster and design better model.

Traditionally, training has been viewed as a compute-bound problem, best done in a
single large compute node with many accelerators. However, the ever-growing data volume
pushes for monster-sized models, a scale even the exponentiation of compute power growth
in single device couldn’t handle. As ML models get bigger, training time gets prohibitively

longer. Timely training requires exploiting parallelism with a distributed system.

Table gives a taste of the evolution of machines learning models/techniques: they are
getting increasingly more demanding in terms of compute resources, so much that the use
of hundreds or even thousands of machines and accelerators for parallel training for weeks is

commonplace.

The most common way of exploiting parallelism, “data” parallelism, consists of a computation-
heavy local computation phase and a communication-heavy parameter exchange phase. Effi-
cient distributed training involves optimizing both stages. Many past work demonstrate the
solution of accelerating these processes by building specialized hardware clusters with fast
interconnects [136, 157, 2, 68, 98, 140, b3, 62, 85]. While the results are encouraging, as we

shall see, faster hardware is not panacea: the unstreamlined software stack and unbalanced



Models Complexity Size Time Configuration
Linear Regression [127] | O(D? + N?D) | Small Short CPU
SVM [14§] O(N2D?) Small Short CPU
GBDT [4§] O(TLFN) Small Short A few CPUs
AlexNet [[77] 0.0058 48M 6 days 2x GTX 580
ZFNet [15§] 0.0062 ~48M 12 days GTX 580
VGGNet [135] 0.12 137™M 15 days 4x Titan Black
GoogleNet [143] 0.03 9IM 7 days A few GPUs
ResNet [pg] 0.117 58M 21 days 8x GPUs
Xception [29] 5.0 22M 30 days 60x K80
BERT [3§] 3.8 340M 4 days 16x TPUs v2
GPT-2 [117] 248 1.5B | 7+ days [119] | 256x TPUs v3
Turing-NLG [97] Unknown 17B Unknown 256x V100
NAS [162] 31 86M 28 days | 800 K40 GPUs
AlphaGoZero [[134] 1800 - 1 day 5000x TPUs

Table 1.1: A few representative machine learning techniques and models that support increasingly
complex tasks (trees, support vector machines, neural networks) and their complexities to train
(pfs-day, or days to train computing at 1 PFlop/s. 1PF/s roughly corresponds to 64 Tesla V100
GPUs FP32, or 8 with mixed-precision FP16, running at peak throughput), and their reported
training time and the machines they are trained on. We used the same method of estimating
complexity as in the original OpenAl blog post [111] for the additional models in the table. D:

features. IN: samples. L: leaves per tree. T: number of trees to build.
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Figure 1.1: Even with a fast, small-scale InfiniBand cluster, communication still can take up to

90% of the time duration training, wasting compute resources.
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Figure 1.2: Throughput for an industry standard benchmark (ResNet) has seen an improvement
of 35x, and is estimated to increase by 100x with latest accelerators. GPU performance tested
with MxNet on EC2. TPU throughput estimated based on TensorCore’s measured performance.
Estimation for majority of the port speed of datacenters is based on Cisco study [30]. Only until very

recently did the public cloud start offering 100Gbps bandwidth instances on standalone VMs [95, 9]

compute to communication resource allocation prohibits utilizing full capability of the hard-
ware, and the compute units are more likely than not waiting on the network because the
latter simply cannot keep up (Figure ) We expect the problem not going away on its
own, because of the observed trend at which the network capability is growing is significantly
outpaced by that of the compute resources (Figure @)

To tackle these problems, a comprehensive codesign of software stack and hardware
configuration is required. To that end, we provide a template for an entity called Parameter
Box that provides the near perfect communication to computation balance for acting as a
parameter server in a distributed training job, and a companion piece of software, Parameter

Hub that streamlines handling of gradient transfer, aggregation and model optimization by
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Figure 1.3: Even with state of the art training frameworks and recent optimizations, up to 90% of
time during cloud-based training of popular models is wasted explicitly waiting on the network in

the public clouds.

carefully extracting locality inside a physical host and latency hiding.

While Parameter Box and Parameter Hub are effective, it is important to understand
accelerating training in these specialized, privately-owned clusters does not complete the
story: first, those hardware setups require steep investment and only a few have that luxury;
second, since it is much easier to thoroughly optimize the entire stack in private clusters as
we have control over the entire system, some optimizations are not always possible to be
applied universally.

An alternative to owning a private cluster is renting VMs from the public cloud, which

has become a popular, more accessible approach. Currently, all major cloud providers offer

racks of nodes with specialized accelerators (such as GPUs, TPUs, and custom FPGAs) [,

@, H, H, @, @, ] for ML workloads.

But at the same time, even with modern frameworks and recent optimizations (e.g., gra-
dient compression and quantization [@, , @], latency-hiding [, @, @], optimized
communication libraries [@, , ] and large batch optimizations [@]), distributed train-
ing at scale on the public cloud still incurs high overhead: up to 90% of total training time
can be wasted waiting on the network (Figure ) Further, existing solutions so far focus
solely on addressing the bandwidth bottleneck, and ignores cloud-specific challenges: the hi-
erarchical network structure in datacenter breaks the usual assumption of link speed being
uniform; multi-tenancy and the dynamic nature of the cloud traffic cause high variation in

performance. All these add to the complexity of scaling up distributed training and can



render existing solutions less effective.

Accelerating cloud-based distributed training thus requires paying attention to a third
dimension (apart from software and hardware): the environment. First, we need an hierarchi-
cal aggregation mechanism that is appropriate for network topologies that display bandwidth
oversubscription, and that makes appropriate use of underprovisioned links. Second, we need
to be able to identify the underlying network topologies and bandwidth/latency constraints
(or collectively, locality) even if the public cloud does not expose such information. Finally,
we need communication schemes that can react to changing network conditions, especially
in the presence of interfering traffic generated by other tenants. Our solution is collectively
called Parameter Link, an optimized, locality-aware system that uses a fitted hierarchical
aggregation scheme to extract locality from the underlying datacenter network, based on

end-to-end network probes and dynamic network load.

We extend Parameter Link to support collectives in order to benefit a wider range of ex-
isting systems that use collectives and run in a highly specialized networks that may not have
a standard datacenter fat tree topology, through a fully-transparent rank reordering scheme.
This extension, #Collectives, is non-intrusive, requires no code changes nor rebuilding of

existing application.

Parameter Box, Parameter Hub, Parameter Link and #Collectives essentially represent
optimizations from hardware, software and awareness of the network topology and environ-
ment, for parameter servers, hierarchical schemes and collectives. By breaking the optimiza-
tions into four broad categories, we provide a mix-and-match style of choices of optimizations

for users to accelerate training tasks of all sizes, ubiquitously, to suit their specific needs.

In the following sections, we start with an overview of the mechanism of distributed
training, then we walk through each of the proposed solution in detail. We show how specific
optimizations adopted target directly at the bottlenecks in each scenario and lead to end-to-

end speedup in real-world training tasks.



1.1 Background

We now establish conventions used in this paper, and familiarize the reader with basic con-

cepts of distributed training.

1.1.1  Training a ML model

Different types of models may appear to have different ways of training, but sitting at the
center of most models is the common notion of parameters and gradients. Parameters are
the goals: they define the ultimate models; gradients are the means: they are derived with
respect to parameters, and guide how parameters should be adjusted to minimize the errors
(together with a learning rate), usually in an iterative manner, using the technique gradient
descent (SGD) [21, [121] (or its variant).

To illustrate the training process, we use the example of training a deep learning (DL)
model, or a deep neural network (DNN), for its popularity. We will continue to explain in
the context of DL models throughout this paper for consistency. Modern DL models can
have hundreds of layers making up multi-megabyte-size models. The training process has
three phases. In the forward pass, a prediction is generated for an input. In the backward
pass, the prediction is compared with a label to calculate prediction error; then, through
backpropagation [122], the gradient for each parameter is calculated with respect to this
error. The model is then updated using these gradients, often using a variant of the SGD
algorithm. Each Computation is often done on GPUs or other accelerators suited to regular

data-parallel operations, processing a batch of samples at once (minibatching).

1.1.2  Distributed Training

Broadly speaking, there are two extremes in terms of paradigms in distributed training: data
parallelism and model parallelism, and many hybrid systems strike a balance between these
two.

In data parallelism, training data is pre-partitioned to each individual workers, and each
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Figure 1.4: A few iterations of distributed training pipeline of neural networks.

worker sees only a partition of the data. In model parallelism, instead of partitioning training
data, the model itself is being partitioned.

This paper mainly focuses on data parallelism, as it is the default choice in many frame-
works and practices. The distributed training process (Figure ) using data parallelism is
different in a few ways from training within a single node. First, a mean gradient is calcu-
lated across all minibatches in each machine. Then, the mean of the gradients from each
machine is calculated. Finally, the model is updated based on that mean, new parameters are
broadcast to each machine and GPU, and the next batch is trained. This paper focuses on
optimizing calculation of both the mean gradient across machines and the subsequent model
update (or parameter exchange). Note that gradient aggregation and model optimization are
both element-wise operations.

The process described here is synchronous training, where all machines and GPUs execute
a new minibatch simultaneously and update the model based on the gradients in the current
iteration. It is also possible to train asynchronously [Iﬂ, @, @, , @, @], sacrificing
reproducibility for a potential throughput increase. We focus on synchronous training due to
its simplicity and commonality in industry, but our techniques can also benefit asynchronous

training.

1.1.3 Datacenter Network Topology

A typical datacenter network has a hierarchical, multi-tiered topology [, @, , ] (Fig-
ure ) Machines are grouped into racks, each connecting to a top-of-rack (ToR) switch.
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Figure 1.5: Aggregation is commonly done with one of the three prevailing paradigms, parameter

server, collectives all-reduce, and hierarchical aggregation in practice.
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Figure 1.6: Overview of a typical datacenter network topology.

ToR switches are connected to multiple upper level devices. This setup poses challenges
for existing training systems: in this setting, the communication performance of two end-
hosts is affected by where they reside: they enjoy full link bisection bandwidth within a
rack, because link capacity is not shared at the rack-level, but if they are on different racks,
the communication performance depends on link congestion and oversubscription ratio []
In this paper, we use locality to refer to the cause of variation in communication perfor-
mance, which includes: (1) physical topology: the location of the nodes and (2) dynamic
network load. Efficient communication requires carefully architecting software to tap into
both aspects [@, @] solutions that ignore physical topology are subject to long-term com-
munication imbalances, and those that ignore dynamic network load suffer from short-term

inefficiencies.



1.1.4 Distributed Training is Here to Stay

Faster and more powerful accelerators (most notably TPUs [70] and Nvidia DGX [105]) open
up the possibility of training in a single device. It all of sudden seems plausible to build a
“supercomputer” for training, which completely eliminates the need for costly communication.

Unfortunately, building a training supercomputer does not avoid the problem of insuffi-
cient compute resources, but only delays it, for at least two reasons: from a historic perspec-
tive, it never happens that there is a surplus in the compute power when it comes to new
models, as shown in Table El!: scientists can always find models whose complexities are well
beyond reach of a single device, which frequently ended up being trained in a distributed
fashion: i.e., the use of a single device (e.g. DGX) is not because that single device covers all
the need, but rather the lack of additional devices; from an architecture perspective, compute
density cannot scale forever as many hard limits are imposed on the number of transistors
to fit on a fixed area, including physical effects and cooling constraints. When near these
limits, it gets prohibitively difficult to build faster chips within a confined area.

On the other hand, any training that spans device boundary, not necessarily machine
boundary, can be classified as distributed training, and the communication medium need not
be limited to conventional network media, but can also include device buses. With this broad
view, distributed training is inherent in deep learning. In fact, many have already started

looking into optimization of inter-device communication within a single machine [146].

1.1.5 Gradient Aggregation: Common Practices

In a loose taxonomy, collecting gradients for aggregation (known as parameter exchange) is
commonly done with one of the following paradigms (Figure )

Parameter Servers (PS) [137, [79, 80, [160, 85, 86, 161, B3]. PSs are key-value stores,
where keys and values represent the model’s layer IDs and parameters. PSs are well-suited
for training at a small scale. PSs can be centralized or sharded. In each iteration, all workers

update the model stored in PSs with their locally-produced gradients. PS configurations
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Figure 1.7: Aggregation is commonly done with one of the three prevailing paradigms, parameter

server, collectives all-reduce, and hierarchical aggregation in practice.

primarily differ along two axes: colocated (C) versus non-colocated (NC), and centralized
(C) versus sharded (S). A PS setup is colocated if a worker and a server process share the
same physical machine. A PS setup is centralized if a single PS process handles all keys; and
a sharded setup load-balances keys across multiple PS processes. During synchronization,
each worker sends and receives model updates from each PS process. Figure @ illustrates

the four combinations of choices from these two axes: Colocated Centralized (CC), Colocated

Sharded (CS), Non-colocated Centralized (NC) and Non-colocated Sharded (NCS).

In general, sharded PSs scale better at higher hardware costs. Colocated PSs reduce
total data movement on the network by le with N workers participating: the update for the
partition of the model assigned to a colocated PS need not go through the network. While
many frameworks default to CS configurations [, @], in a colocated setup the PS process
interferes with the training process, because both are contending for network and processing
resources. Specifically, compared to NC PSs, each network interface must process roughly 2x
the network traffic, because both the colocated worker and PS processes must send and receive
model updates from remote hosts, creating a major bottleneck in network-bound distributed

training.

Collective AllReduce (CA) [, , , @, @] Popular in the context of MPI, CAs
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are widely used in larger-scale training. All nodes in CA participate in the communication,
usually running symmetric tasks. The end goal of CA is that all nodes have a globally-
reduced copy of the data. Widely used CA in training deep learning models include halving-
doubling [53], ring and double binary tree [110, 129]. We characterize some of the popular
a(Collectives here.

Ring [113]. As shown in Figure @(a), ring algorithm works by connecting nodes to form a
virtual ring. Data is then passed along the ring sequentially. Ring algorithm requires O (V)
steps to complete, sending O(NS) amount of data.

Halving Doubling [144]. As shown in Figure @(b), halving doubling works by recursively
doubling the distance (in terms of rank ID) while halving the total amount of data sent in
each round, requiring O(logsN) steps to finish while also sending O(N.S) amount of data on
wire.

Tree. Tree algorithms are versatile, in a simple form a single tree is built where data is
transferred from leaves to the root and vice-versa [62]; in a more optimized setting, a pair
of complementary binary trees are built to fully utilize the full bisection bandwidth [124],
each sending and receiving S /2. For binary tree collectives algorithms, O(loga N') rounds of
communication are required, also sending O(N.S) bytes on wire.

BCube [44]. BCube is very similar to halving doubling from a structural perspective, in the
sense that nodes are organized into group of B peers. BCube operates in O(loggN) rounds,

and each node in each round would peer with an unique node in another B — 1 groups. Each
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CAs and PSs are not mutually exclusive. Using one does not exclude the use of other.

For example, [74] dynamically chooses CA or PS based on sparsity of a given key.

Gradient aggregation can be flat (e.g., use of PSes and CAs are generally flat) or hierar-
chical (Hierarchical Aggregation, HA), which refers to the generic technique of aggregating
data in multiple steps, from local to global. Exemplar usage of HA in the distributed train-
ing context include [62, 28, 49, 99], though in the context of proprietary networks. HA is
highly flexible and supports mix and matching of multiple aggregation paradigms [50, 3.
Hierarchical schemes are essential in enabling large-scale training.

This paper mainly focuses on the discussion of building efficient PSs, but most of the tech-

niques still apply to accelerating CAs as well. We dedicate sections related to @Collectives

to CAs.

1.1.6 More Efficient Distributed Training: Prior Arts

Approaches to accelerating distributed training can be classified into one of the broad cate-
gories in the current literature.

Synchronize less often. One way to achieve a lower synchronization frequency is to
oversubscribe GPUs. This can be done by using a very large batch size, fully utilizing GPU
memories, making GPU compute the bottleneck [46, b3, 139, 68, [155, 154]. Large batch
sizes reduce communication frequency. However, this eliminates the potential of achieving
a larger speedup with fast communication. For example, with ResNet-50, [131] shows
only 10 samples are needed to fully utilize a recent GPU. This means the computation of
large batches can be further spread to more GPUs, and additional throughput is attainable
provided that communication overhead is low. Further, large batch optimization is also
not universally available (requiring GPUs with large memory) and may be subject to worse
generalization [[73].

Orthogonal to large batch optimization, another line of work target at less synchro-
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nization. They tune the consistency model of distributed training, with relaxed consis-
tency [35, b9, B1, 149, 116, 152, 147]. Generally, these relaxed consistency models do not
mandate a strict barrier for synchronization at iteration boundary, and instead, they allow
staleness in the model and a potential different view of model from each worker, removing
the synchronization overhead from the critical path. However, these methods suffer from
difficulty in reproducing the models.

Send less data. Sending less data accelerates distributed training in a bandwidth-bound
environment, and can be achieved through (1) lossless compression [24]; (2) lossy compression,
removing redundancy in the SGD algorithm [82]; (3) quantizing update gradients to low bit
representations and locally apply residual errors [128, 81] and (4) decomposing large update
matrices [27, 161, 153] and reconstructing at destination. These methods either trade more
computation for less communication, or risk affecting the final convergence accuracy of the
model, and both of which may turn out increasing the total wall clock time required to reach
the target accuracy.

Build faster clusters. Another series of work involves building specialized hardware
clusters for distributed training with quick interconnects to tackle communication bottle-
necks [136, 157, 2, 68, 98, 140, 53, 62]. While the results have been encouraging, these
approaches demand steep investments and are not available to everyone.

Hide communication latency. Most modern frameworks encode the model being trained
as a dataflow graph. An operator is executed as soon as its dependencies are resolved, and
this allows overlapping of communication and computation during the backpropagation stage
of distributed training. Some work even attempt to re-prioritize sending of first layers over
later layers to deal with this priority inversion problem. Notable applications of this idea
include [p7, 13, 161, 114]. However, communication latency hiding has severe limits: faster
computation device leaves smaller room; many model training is in fact bandwidth bound,
and hiding latency only has limited impact on the total training time.

Use finer-grained parallelism. This can be done by blending in higher compute hardware

utilization of data parallelism and lower communication cost of model parallelism to form
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pipelined parallelism [56]. This can also be done by allowing a flexible combination of
slicing along arbitrary dimensions of S(ample)O(perator)A(ttribute)P(arameter), enabling
more execution possibilities and effectively enlarging the action space. More efficient schedule
can then be determined by intelligently searching through the enlarged space by taking
communication cost into account [69]. However, these methods have the limit of needing
to research as soon as the underlying hardware environment, or the models being trained
change.

Accelerate at network level. The emergence of programmable network devices open up
the opportunity to accelerate distributed training at the core of network, allowing gradient
aggregation in the network devices, resulting in lower parameter exchange latency and lower
bandwidth requirement (e.g. broadcast of aggregated model can be efficiently done with a
network switch [125, 84]). Current programmable devices are not without limits, enforcing
hard constraints on compute and memory.

Improving cluster-level efficiency. A series of work [151, 131] target at an orthogonal
goal, and instead of optimizing for each individual task, they aim to achieve an average
high utilization of compute resources in a cluster, by time-sharing (preemption) and better

placement.
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Chapter 2

PARAMETER BOX: A BALANCED HARDWARE DESIGN
FOR PARAMETER SERVERS AT RACK-SCALE

We now describe Parameter Box, the solution to inefficient distributed training for clus-
ters with a flat network topology (rack-level). Parameter Box provides a re-design of a PS at
the hardware level, and mostly applies to situations where the user assumes full control over
the cluster. We start with the current problem with the PS software and hardware that runs

it. When deployed, Parameter Box serves as a centeralized parameter server in the cluster.

2.1 Insufficient Bandwidth and Overprovisioned Compute Resources in Rack-
Scale Clusters

Centralized PSs have lower cost than NCS PSs, and half of the bandwidth stress compared
to CS PSs on each interface card. Thus it is desirable to have a centralized reduction entity
at rack level. However, scaling a centralized PS to rack scale is challenging [62]. The root
cause is hardware imbalance in the allocation of computation and communication resources
in the host: centralized PSs usually run on the same hardware configuration as a worker,

which have only one or two network interfaces. This implies incast congestion from their high

Network CC | CS | NCC | NCS
ResNet 269 | 122 | 31 140 17
Inception 44 11 50 6
GoogleNet 40 10 46 6
AlexNet 1232 | 308 | 1408 | 176

Table 2.1: Estimated bisection bandwidth (Gbps) lower bound on the PS side for hiding communi-

cation latency in a small cluster of 8 nodes with GTX 1080 Ti.
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bandwidth usage when serving multiple workers, starving the compute units. We profiled
the training of multiple DNNs of different model sizes and computation-to-communication
ratios. Our setup used 8 workers and 8 CS PSs. We observed it was nearly impossible to
eliminate communication latency in cloud-based training due to limited network bandwidth.
We estimated the minimum bandwidth requirement to fully hide communication latency in
the network as follows: given a model size of M, and T time for each iteration, with NV
workers participating, the network should at least be able to send and receive model updates
within the computation time (assuming infinitely fast PSs and that sending/receiving could
fully overlap). Figure gives an analytical lower bound of per host bandwidth, and Table
@ shows the required bandwidth for various DNNs: DNNs demand more bandwidth than
mainstream offers (typically 10 Gbps).

One trivial solution would be to simply use interfaces with higher bandwidth. However,
even in the best case, a single network interface is not capable of saturating memory or PCle
bandwidth. A single network interface also causes serialization delay and further imbalance

across NUMA domains in a typical server.
2.2 Parameter Box Architecture

This section describes Parameter Box, our balanced parameter exchange system. We maintain
that a centralized system, when architected properly, can provide high throughput, low
latency, sufficient scalability for a rack, and low cost. We focus on the hardware side of
Parameter Box, and in the next section, we detail the software side.

We prototyped Parameter Box using an off-the-shelf server platform that was configured
to our requirements. Our goal was to balance 10 and memory bandwidth; our prototype
system had memory bandwidth of 120 GB/s and theoretical overall bidirectional 10 band-
width of 140 GB/s. To fully utilize resources, Parameter Box needed a matching network
capability, which we provided by using multiple network interfaces. Figure El] shows the
resulting Parameter Box design. The system includes 10 network interfaces, each of 56 Gbps

link speed, connected to a switch. This uses all PCle bandwidth on our dual socket prototype
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Figure 2.2: Parameter Box deployment scheme

and provides roughly 136 GB/s bandwidth once IB and PCle framing overheads are taken

into account, balancing IO and memory bandwidth.
2.3 Multi-Rack Deployment and Topology-Aware Reduction

When needed, Parameter Box can be used to upscale distributed training to datacenter levels.
To extend service coverage of a single Parameter Box device, we associate a Parameter Box
with a ToR during deployment, for two reasons. First, full bisection bandwidth is achievable

for machines in the same rack, making it ideal for a central reduction entity as Parameter



18

Box, while oversubscription occurs between the ToR and the cluster network. Second, as
we show later, a single Parameter Box has enough scalability for a typical rack of worker
machines.

When provisioned in each rack (Figure ), Parameter Boxes can form an array of
sharded PSs, or run a hierarchical reduction algorithm for a training task that spans multiple
racks through the coordination of a connection manager. Hierarchical reduction works in
three steps: first, each Parameter Box centrally aggregates gradient updates from workers
in the same rack; then, the Parameter Box nodes start cross-rack aggregation and compute
globally aggregated gradients; finally, each per-rack Parameter Box runs an optimizer on this
gradient and broadcasts the new weights back to local workers.

Hierarchical reduction trades off more rounds of communication for lower cross-rack traffic
(1/N with N-worker racks). We can determine when hierarchical reduction is potentially

beneficial with the simple model below:

NER-1) o N
—_— max
RBCore

)+ C
BPBOCC BWk‘?")

where Bppos, Boore and By, are the bandwidths of a Parameter Box, the network core,
and a worker, and R is the number of racks. When the condition is true, this means the time
to perform cross-rack transfer is larger than the added latency of a two-level reduction, which

consists of a per-rack local aggregation that happens in parallel and an inter-rack communica-

tion (with cost C') done with either sharded PSs (C' = T’Ebl , where By, = min(Bpgoz, Boore))
r—1

or a collectives operation (e.g., C' =~ B

with racks forming a ring). C' can be directly

measured, and B, can be effectively probed by using [60, 61].
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Local | 2 nodes | 4 nodes | 8 nodes
TensorFlow 152 213 410 634
Caffe2 195 266 343 513
TF+Poseidon[161] | 209 229 364 <648
MxNet 190 187 375 688

Table 3.1: Throughput (samples/s) of training ResNet 50 on major DNN training frameworks with

a 56 Gbps network.

Chapter 3

PARAMETER HUB: STREAMLINED SOFTWARE STACK
FOR RACK-SCALE PSS

Hardware alone solves only part of the problem. Existing frameworks cannot efficiently
use the full hardware capability of Parameter Box (for example, TensorFlow and MxNet
support multiple interfaces only by spawning multiple PS processes). The result is, even
with ample communication resources, existing PSs failed to hide communication latency and

struggled to scale. Table @ shows that all major DNN training frameworks do not scale

ResNet 269 m—— LA
Inception  mm— NS = Compute .
ceptio Data Copy and Communication
GoogleNet e = Aggregator
; 2 it Optimizer

1 N -

AlexNet RN N Synchronization and other Overheads
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6

Seconds

Figure 3.1: Progressive overhead breakdown of different stages during the distributed training
pipeline for MxNet distributed training on a 56Gbps network. Link capacity accounts for a small

fraction of the copy and communication overhead in this setting.
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well with a 56 Gbps IPolB network.

3.1 Inefficient Software Stack

We investigated the cause for MxNet by breaking down the overhead for each major com-
ponent of a training iteration (legends of Figure @) Since all stages overlap one another,
and since ideally we would like early stages to fully hide the latency of later stages, we
show progressive overhead in Figure El]: we gradually turned on different components in the
MxNet distributed training pipeline, and each segment shows the additional overhead that
previous stages could not hide. Specifically, the compute segment shows how long the GPU
is active; the data copy segment shows the additional overhead of turning on distributed
training without aggregation and optimization; the aggregation and optimization segments
show additional overheads of enabling them in that order; and the “other” overheads seg-
ment includes synchronization and overheads that are not specific to a single component.
We explain the overhead for some components:

Data copy: each layer’s parameters were copied to and from OS buffers 4 times during
parameter exchange.

Aggregation and optimization: MxNet’s approach to achieving parallelism in these op-
erations did not achieve high throughput in our measurements.

Synchronization: MxNet’s dispatcher thread needs to synchronize access with ZMQ threads,
aggregation threads and an optimization thread via shared queues, leading to bad locality

and increased synchronization overhead.

3.2 Parameter Hub Software

Based on above findings, we propose Parameter Hub, an optimized PS implementation that
reduces framework overhead with software optimizations. With Parameter Hub, we aim to:
1. Minimize gradient/model communication overhead.

2. Enable efficient gradient processing and overlap with communication.
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We now software optimizations that benefit different stages in distributed training across

all common PS configurations.

3.2.1 Network Stack Optimizations

We sought to mitigate data movement latency with zero-copy and kernel bypass. We chose
InfiniBand (IB) since we were already familiar with the Verbs API, and it is available in
major cloud providers [93]. Note that similar results could be achieved over Ethernet using
RoCE, DPDK or other frameworks. We followed the guidelines from [71]; we tried two and
one-sided RDMA, and two-sided send/receive operations and found similar performance in
our workload. We briefly highlight some implementation details:

Minimal Copy: Leveraging InfiniBand’s zero-copy capability, the only required data copy
is between the GPU and main memory. When one GPU is used, this can be eliminated with
GPU-Direct RDMA on supported devices.

NUMA-Aware, One-shot Memory Region Registration: Since a worker can operate
on only one model update at a time, it is sufficient to allocate one read buffer (for the current
model) and one write buffer (for update reception) for the model. To minimize InfiniBand
cache misses, Parameter Hub preallocates all buffers in the NUMA domain where the card
resides as a contiguous block.

Minimal Metadata: To maximize bandwidth utilization and minimize parsing overhead,
Parameter Hub encodes metadata (such as callback ID and message opcode) into InfiniBand’s
queue pair number and immediate field. This saves Parameter Hub an additional PCle round

trip (from IB send scatter/gather) to gather metadata when sending messages.

3.2.2  Gradient Aggregation and Optimization

Gradient aggregation could occur in the CPU or GPU [32]. Here, we posit that the CPU is
sufficient for this job. Aggregation is simply vector addition: we read two floats and write one
back. With our typical modern dual socket server, if we keep our processors’ AVX ALUs fed,

we can perform 470 single-precision giga-adds per second, requiring 5.6 TB/s of load/store
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Figure 3.2: Ways of gradient aggregation. A thread (arrow) aggregates over the array (gray rect-

angle) of gradients from a worker.

bandwidth. But the processors can sustain only 120 GB/s of DRAM bandwidth, making
aggregation inherently memory bound. Thus, copying gradients to a GPU for aggregation
is not helpful.

There are many ways to organize threads to perform aggregation. Figure @ shows four
options we prototyped, assuming gradient arrays are available at once. We found that the
best performance was achieved using the two discussed below; other schemes suffered from

too much synchronization overhead, poor locality and/or high latency.

Wide aggregation is typical to systems like MxNet that call BLAS routines for linear
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algebra. In these systems, a group of aggregation threads process one gradient array at a
time; each thread works on a partition of that array.

A variation of wide aggregation is tall aggregation, which chunks a gradient array into
mini-chunks of predefined sizes; each thread works independently to process the same chunk
across all gradient arrays for a given key. This is the preferable way to organize threads for
many reasons. First, gradient arrays do not arrive instantly. For a large key (e.g., a fully
connected layer), aggregation and optimization cannot start for wide aggregation until the
key is fully received; for tall aggregation, the process can start as soon as the first chunk is
received. Second, in wide aggregation, it is challenging to balance the number of threads
dedicated to aggregation and to optimization, let alone partitioning threads to work on
different keys since they can arrive at the same time; thread assignment for tall aggregation
is natural. Third, wide aggregation induces queuing delays: it effectively processes one
key at a time versus tall aggregation’s many “mini-queues.” Fourth, wide aggregation puts
many threads to work in lock-step on pieces of data, which incurs non-trivial synchronization
overhead; tall aggregation requires no coordination of threads as aggregation is an element-
wise operation.

Parameter Hub tracks the number of currently aggregated mini-chunks for a given key.
When a chunk is received from all workers, it can be optimized. This step is natural in Pa-
rameter Hub: the thread that aggregates a particular chunk also optimizes that chunk. As a
result, Parameter Hub’s aggregation and optimization scheme effectively maps a particular
chunk to a single core (since Parameter Hub pins threads to cores). On the other hand,
MxNet uses wide optimization: when a key is fully aggregated, another set of threads is
launched to perform aggregation. No overlap occurs between key aggregation and optimiza-
tion.

We explored the benefits of caching by implementing two variants of each aggregator and
optimizer: one using normal cached loads and stores, and one with non-temporal prefetches
and stores. We found it beneficial to cache both the model and gradients. Parameter

Hub’s aggregators and optimizers are fully extensible: implementations that comply with
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Figure 3.3: The process of mapping a chunk to a core in Parameter Hub using fine grained key
chunking. Keys are chunked into virtual keys. The highlighted key is delivered to a highlighted
(fixed) core through a highlighted (fixed) queue pair and completion queue.

Parameter Hub’s API can be used during runtime.

3.2.3  Fine-grained Key Chunking

Chunking in Parameter Hub differs from other systems in key ways. Initially, our goal is to
balance load at a fine-grained level across cores and interfaces rather than across server shards:
chunking is turned on even when a centralized PS is used. Next, we would expect our optimal
chunk size to be the smallest message size that can saturate network bandwidth, whereas
systems like MxNet prefer larger key chunk sizes to avoid excessive thread synchronization
overhead. In fact, Parameter Hub’s default is 32KB, while MxNet’s is 4MB. Finally, key
chunking enables another important optimization: the overlapping of gradient transmission
with aggregation and optimization. Aggregation starts only after a key’s entire gradient
array is received; and for large layers, this adds significant delay. With small key chunks,

Parameter Hub enables “streaming” aggregation and optimization.
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3.2.4  Mapping a Chunk to a Core

Parameter Hub’s assignment of chunks to cores is computed during initialization. At that
time, the set of all keys is sharded across the cores and interfaces available on PS nodes.
A specific chunk is always directed to a particular queue pair, which is associated with a
shared completion queue on the chunk’s core. All message transmission, reception, and
processing for that chunk is done on that core. Cores do not synchronize with each other.
Once processed, a chunk is transmitted back to the workers on its originating path. The
worker side of Parameter Hub assembles and disassembles a key, a process that is transparent
to the framework.

Parameter Hub’s chunk assignment scheme provides significant locality benefits. The
same key likely arrives around the same time from multiple workers; the associated aggrega-
tion buffer is reused during this period. The scheme also encourages locality in the InfiniBand
interface in the queue pair and memory registration caches.

This scheme imposes challenges in balancing load across cores, queue pairs and completion
queues. Parameter Hub uses a 4/3 approximation set partition algorithm to balance each
component’s workload at each level, which produces practically balanced assignments in our

experiments. Parameter Hub’s chunk mapping mechanism is summarized in Figure @

3.3 The Parameter Hub Service API and Interoperability with other Frame-
works

Parameter Hub’s API is designed for compatibility with multiple DNN training frameworks.
Workers use Parameter Hub by first calling PHub: :CreateService on the connection manager.
This sets up access control and a namespace for the training job and returns a handle. The
client side uses the handle to finish setup. Parameter Hub uses the namespace and an
associated nonce for isolation and access control.

Jobs call PHub: : ConnectService to rendezvous servers and workers, exchanging addresses
for communication. This call replaces Van::Connect in MxNet, Context: :connectFullMesh

in Caffe2 and GrpcServer::Init in TensorFlow. PHub::InitService causes the current Pa-
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rameter Hub instance to allocate and register receive and merge buffers. Parameter Hub also
authenticates each worker’s identity using the nonce. Authentication is a one-time overhead
and once a connection is established, Parameter Hub assumes the remote identity associated
with that address/port/queue number does not change during training,.

Parameter Hub’s functional APIs include standard synchronous or asynchronous PHub: : Push/Pull
operations that are used in TensorFlow (GraphMgr: :SendInputs/RecvOutputs) and MxNet
(KVStoreDist: :PushImpl/Pulllmpl). Parameter Hub also includes a fused PHub::PushPull
operation that perform a push, waits until all pushes are complete, and pulls the latest
model. The fused operation often saves a network round-trip as push and pulls are fre-
quently issued consecutively. This operator can serve as a drop-in replacement for Caffe2’s

Algorithm: :Run.
3.4 Interaction of Parameter Box and Parameter Hub

Parameter Hub takes full advantage of Parameter Box by extending the chunk-to-core map-
ping scheme, ensuring balance across interfaces and NUMA domains. Parameter Hub further
guarantees no inter-processor traffic on Parameter Box, and completion queues and queue
pairs in an interface card are used by only one core in the same NUMA domain to promote
locality and avoid coherence traffic. In essence, Parameter Box forms micro-shards inside a

box.
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Chapter 4

PARAMETER LINK: DISCOVERING AND EXPLOITING
DATACENTER NETWORK LOCALITY FOR EFFICIENT
CLOUD-BASED DISTRIBUTED TRAINING

So far we have focused on accelerating distributed learning at a rack scale, by customiz-
ing hardware configuration, software stack, and network interconnect. While highly effective,
not all of the optimizations are universally applicable, for example, in a public cloud environ-
ment. Further, even if all optimizations are applied, they do little to address cloud specific

bottlenecks.

4.1 Specific Challenges in Public Clouds

Two major challenges exist in cloud-based training.

Non-uniform link bandwidth. Host-to-host bandwidth in the cloud is non-uniform due to
the hierarchical structure of the datacenter (§) Figure Ell shows a pairwise bandwidth
probe of 32 VM nodes in and Azure, in the same availability zone/datacenter. In both
cases, faster pairs can deliver more than 2x the throughput of slower pairs.

Volatile traffic. The performance variability in the public cloud is well known [45, 64,
88]. Although mechanisms for performance isolation have been proposed [132, [133], we
still observe interference from other workloads, leading to volatile latency and aggregation

performance (Figure @)

4.1.1 Inefficiencies in Existing Approaches

We motivate our design by analyzing why some existing approaches do not perform optimally,

as they rely on assumptions that aren’t typically valid in the datacenter setting.
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Figure 4.2: Left: 8 hour latency (us) tracing (1 minute average) between two VMs on both clouds
show steep latency fluctuations due to volatile cloud traffic. Right: Wide performance distribution

of the same, periodically launched Gloo aggregation task on both clouds.

Figure shows a theoretical analysis of widely used communication patterns. PS (a)
and popular choices of CA such as halving-doubling (b) and ring (c) are shown in a setup
where nodes (0-3, enclosed in a circle) are spread equally among two clusters (purple and
gold). The left side of the figure shows patterns that achieve optimal locality in the setting
by exchanging data among nodes with high locality (high-performance links in green) while
minimizing transfers over the bottleneck links (slow links in red). The right side shows
alternative reduction routes with poor locality. All patterns achieve the same result, but

with different efficiency.
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Figure 4.3: Existing aggregation approaches can suffer from poor locality if not taking physical

network topology into account.

The problem with poor locality happens when the communication pattern in the algo-
rithm is not optimally aligned with physical topology. Mapping logical ranks to physical
hosts in a locality-preserving way is contingent on awareness of the physical network struc-

ture. Hence, topology-awareness is crucial for efficient aggregation in a datacenter network.

Even with careful mapping, not all algorithms work optimally in the datacenter environ-
ment. Table @ summarizes network characteristics of these algorithms, with a simplified,
flattened datacenter network topology model where nodes are simply placed in different

racks. Centralized PSs are known to suffer from incast congestion and do not scale to a
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large number of workers [62, 49]. Sharded PSs incur high cross rack traffic. CAs usually
trade off lower per-link traffic on the wire with more rounds of communication, which is not
suitable when the latency is high. Tree reduction inherits the problems of both PS and CA:
high fan-out causes incast problems; a low fan-out adds more rounds. Ultimately, we need
an algorithm that bounds communication steps, takes advantage of fast links, and localizes

traffic to avoid interference from competing traffic.

Name Rounds/Hops | Bytes on Wire XR Bytes
PS (fully sharded) 2 2(NC-1)S | 2N(C-1)S
Halving doubling 210goNC' 2NCS 2088
Ring-Chunked 2NC -1 (2NC -1)S (2C -1)S
Tree (fan out = C) | 2(logcN +1) | ~205LS | ~ 20(16\,]:}) S
2-level hierarchical 4 2S(NC —-1) 2(C-1)8

Table 4.1: Network characteristics of various algorithms featuring rounds of communication
(Rounds), minimum total traffic (Bytes on Wire), and minimum cross rack traffic (Min XR Bytes,
corresponding to red arrows in Figure @) to allreduce with NC nodes on C' racks, each with N

nodes. Each node has a buffer of size S bytes. PS and aggregators in HA are colocated and sharded.

4.1.2  2-level Hierarchical Aggregation (2LHA)

HA is not new, but most applications of 2LHA are in contexts where the network topology
is known. HA does not reduce the total amount of data transferred on the wire, but it can
create more localized traffic and avoid slow links.

One important parameter in HA is the number of levels. Similar to [3], we used a 2-level
HA based on our domain knowledge of datacenter networks, that oversubscription mostly
hurts at the rack level. Thus, by separating inter- and intra-rack aggregation, we can best
capture the static aspect of locality and minimize latency. The use of more levels (> 2)

suffers from higher latency and volatile performance, as messages need to traverse multiple
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links with unpredictable latency, but provides no benefit compared to PS if links don’t have
enough non-uniformity (e.g., in the same cluster).
2LHA partitions nodes into different groups (clusters) based on their affinity. 2LHA
starts by chunking the buffer across members in the same group. For each chunk, a node is
designated as the local master (LM) for that group for aggregating locally. One of the LMs
across all groups is chosen as the global master (GM) for global aggregation. Visually, the
reduction trees of all chunks form a 2-level forest. Communication for 2LHA is done in the
following steps:
1. Each group member sends all chunks to their respective LMs (intra-group traffic only).
2. LMs in all groups send per-group aggregated chunk to the GM for global aggregation
(inter-group traffic only).
3. The GM aggregates the chunk, then uses the reversed routes for propagating the
globally-aggregated chunk back to the LMs.
4. The LMs fan out the globally aggregated chunk to all group members.
2LHA is described here as a two-phase process for simplicity, but the intra- and inter-
group aggregation can overlap. Effective 2LHA also requires load-balanced LM and GM
assignments within and across groups. Later we provide an implementation that satisfies
these. Table El] shows the desirable properties of 2LHA. Compared to CAs, the number
of rounds in 2LHA does not increase with the number of nodes and, compared to PSs, it

requires significantly less cross-rack bandwidth.
4.2 Design and Implementation of Parameter Link

We now describe Parameter Link, an optimized, topology-aware, and dynamic system that
leverages HA for efficient cloud-based training. To optimally utilize datacenter networks,
Parameter Link must address the major challenges highlighted previously. Parameter Link
uses three components to achieve this.

o ProbeEmbed: a network probing and clustering approach to capture physical locality in

the datacenter network. ProbeEmbed groups nodes based on their physical affinity, so



32

intra-group links have better communication performance than inter-group links.

o AggEngine: a high-performance implementation of 2LHA that is codesigned to take ad-
vantage of deep learning properties. Aggkngine uses clustering information to distribute
the aggregation workload efficiently and execute the aggregation schedule.

o Autotune: a mechanism that tracks training performance and adjusts the current GM and

LM assignments to adapt to changes in the network conditions.

4.2.1  Capturing Network Locality with ProbeEmbed

For accurate network topology discovery, ProbeEmbed must probe quickly and should not
rely on knowledge of a particular datacenter. ProbeEmbed: (1) probes communication links
between nodes to measure pairwise node distances, (2) denoises probed distances, and (3)

clusters nodes.

Running ProbeEmbed probes ProbeEmbed starts by issuing measurements to identify
communication locality and determine pairwise node distances. Distance is defined using
universal networking concepts, like latency or inverse bandwidth. ProbeEmbed uses two
different probes: an inhouse DPDK-based [40] probe to provide near bare-metal latency
measurements for supported VMs on Azure and , and iPerf [65]. ProbeEmbed runs
these networking probes one-to-one. O(N?) time would be required to probe N nodes if
run sequentially. To accelerate this process, ProbeEmbed picks as many pairs (up to %)
as possible in each round without having a node appear twice, to avoid interference from
concurrent tests. This allows ProbeEmbed to probe in O(NV) rounds.

ProbeEmbed derives pairwise distances with probe results (in case of bandwidth mea-
surements, bandwidth are converted to distance by taking the inverse [126]). ProbeEmbed

then proceeds to denoise the collected data.

Denoising probe data with embedding ProbeEmbed embeds nodes in a Euclidean

coordinate space, obtaining a set of coordinates whose distances agree with the probed
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distances. This works to:
1. Denoise measurements by leveraging Euclidean space to approximate the physical lo-
cation of nodes.
2. Obtain a set of “virtual coordinates” for a clustering algorithm to identify groups.
To embed nodes, we identify node coordinates (v; and optional h;) that minimize the follow-

ing objective:

n i—1
SN ((dig)® + Lo [l + ] = piy)? (4.1)
i=1 j=1
where n is the number of nodes, d; ; = ||vi — vj||, is the Euclidean distance between embedded

node coordinates for nodes ¢ and j, p; ; is their probed distance, parameter o takes a value
between 1 and 2, h; is a non-negative startup cost parameter for node i, and 1, is a switch
for h;. We use the Adam algorithm [75] to optimize this.

ProbeEmbed embeds VM nodes in a coordinate space that preserves the probed distances
between VM nodes. The denoising effect of the embedding process stems from its tendency
to keep mutually close nodes together, which enforces our domain knowledge that VM nodes
that are close to one particular reference VM node are probably close to each other as well
in the datacenter. Thus, this effect has a correcting influence when the mutual-closeness
property is violated by a particular observation but is observed in a majority of nodes. A
lower number of embedding dimensions strengthens this effect.

a tunes how longer distances are treated in the Euclidean space: o = 1 fits the embedded
distances to probe distances exactly. For a > 1, we can achieve increased compaction
of distance while maintaining relative distance order. This effect is desired because small
physical distances can be magnified disproportionately in the probe due to competing traffic.
Setting o = 2 causes the long probed values to be “compacted” more than the smaller ones
(but it never changes the relative order of distances). Figure @ suggests empirically, a larger
a pushes VM nodes with short distances even closer on the embedded plane, leading to more
consistent clusters with higher adjusted mutual information [145] (0.59 vs 0.76) across 100

runs.
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Inspired by [34], ProbeEmbed includes an optional parameter h;, the node-specific, network-
agnostic, fixed latency of sending a packet (e.g. traversing the operating system network
stack).

Multiple clusters are generated at once, and ProbeEmbed favors clusters with smaller

diversity in the sizes of groups. If there is a tie, ProbeEmbed makes a random choice.

Grouping Nodes for 2LHA We now outline how ProbeEmbed partitions VM nodes into
groups for 2LHA. The goal is to generate groups that are (1) balanced, so no single group
becomes a bottleneck and (2) cohesive, so VMs in the same group have good locality. We
first compute the number of groups to generate, then determine the members of each group.

GMs are more likely to be the bottleneck during 2LHA, as they must receive and aggregate
messages at both levels. For a uniform key distribution, the following term approximates

the bytes-on-wire sent or received by a GM:

b=0 (% + k) (4.2)

with n total VMs, and k groups. The GM sends and receives a message from each node
within its group (% — 1) for local aggregation, and from every other group (k — 1) for global
aggregation. This expression achieves a minimum at k& = /n, giving a natural choice for

group count.
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Once group count is selected, we use a constrained k-means clustering algorithm with
k-means++ initialization [22, [15] to generate balanced, locality-preserving groups. This
accepts a minimum cluster size and the number of groups to generate as input. For perfect
balance, both parameters are set to \/n.

Enforcing perfect balance is not optimal in cases where VMs are naturally clustered in
almost balanced but distant clusters, because in those cases some group can contain a distant
member which could be assigned to a much more cohesive group with a slight imbalance,
forcing an onerous bottleneck on the local aggregation step. Thus, we include a parameter,
balance elasticity, which enables a slight imbalance among clusters. We empirically found
best results with values between 1.0 (perfectly balanced) and 2.0 (each group has at least
VN /2 nodes).

In order to evaluate the performance of ProbeEmbed, we also define Balanced Random,
a grouping method for 2LHA that operates without considering probe distances and simply

produces y/n groups of size \/n uniformly at random. This is used later as a baseline.

4.2.2  Efficient HA with AggFEngine

AggEngine transforms grouping information from ProbeEmbed into a hierarchical reduction
plan and efficiently executes it. AggEngine takes the crux of Parameter Hub and applies
them to a TCP context to accommodate for the cloud environment where InfiniBand is not
available. AggFngine supports various communication backends, including TCP, RoCE [13§],
iWarp [92], and InfiniBand (supported through Parameter Hub). To avoid repeating similar
contents, we only highlight the difference of AggEngine and Parameter Hub.

Generating an Aggregation Plan AggEngine chunks buffers into 64KB segments for
better load-balancing across processor cores and overlapping of the transmission of gradients
with aggregation.

Since AggEngine is bottlenecked by the slowest inter-group transfer, which in turn is

bottlenecked by the slowest intra-group transfer, AggEngine assigns chunk GMs and LMs
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such that each group (or node) has a number of GMs (or LMs) proportional to its cardinality.
AggEngine uses an approximation set partition algorithm to achieve this.

AggEngine then generates a schedule that executes the steps in § for each chunk. A

schedule consists of a set of chunk-action pairs, where action is one of the followingﬁl:

« SendTo(nids): send the content in the current merge buffer to the list of nodes
specified in nids. SendTo is a non-blocking operation, and its status is inferred by
whether subsequently anticipated data is received.

« ReceiveFrom(nids): block until the chunks from nids are received and aggregated
into the merge buffer.

o Fetch: notifies Aggkngine that a framework-supplied buffer is ready to be processed.

o Deliver: writes the content in the merge buffer back to the framework-supplied buffer.

A schedule is represented as a DAG where dependencies are edges and nodes are primi-

tives, avoiding false dependencies between local and global aggregation.

Executing an Aggregation Schedule AggEngine first performs rendezvous with an out-
of-band mechanism (e.g., Redis), establishing multiple connections per pair of VM as cloud
providers can restrict per-stream bandwidth [10]. AggEngine preserves intra-node locality
by maintaining a load-balanced map from a chunk to a connection, and then by further
associating the connection to a particular processor core [L15].

We now focus on how AggEngine efficiently supports the four actions, hiding communi-
cation latency and avoiding excessive synchronization.

When a framework calls reduce (chunk), AggEngine retrieves the thread ID, suspends it,
and enqueues chunk to the ready queue. Its worker threads poll the ready queue to retrieve
chunk and transition the buffer into the Fetch state, copying gradients from the supplied
address, then set the state of buffer to SendTo.

SendTo is an asynchronous operation that simply enqueues data to a send FIFO queue. A

cursor is used for each TCP connection if a send operation cannot finish. AggEngine enforces

"'With these action primitives, AggEngine can support arbitrary reduction graphs.
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Property AggEngine Optimization
Fixed comm. pattern No explicit acknowledgement
Fixed buffer size Minimal metadata
One reduction per layer Only 2 merge buffers per layer;
per iteration Eagerly accepts chunks
Training is stochastic Switching plans quickly and cheaply

Table 4.2: Codesigning AggEngine with training workload.

that the order of bytes on the wire corresponds exactly to the order in which SendTos are
issued. This saves metadata overhead as only a 4B integer per flow that encodes the chunk
ID is required.

SendTo is followed by ReceiveFrom. AggEngine allows streaming aggregation for each
buffer in ReceiveFrom state to a merge buffer. A counter is incremented when a chunk is
fully received from a peer, and when the counter reaches the target, this step concludes.
AggEngine transitions current buffer state to SendTo or Deliver based on schedule.

The last step of a schedule is Deliver, where AggEngine copies the final value to the
framework-supplied address. AggEngine then wakes up the thread that called reduce. AggEngine
alternates between two merge buffers per chunk for synchronous training to overlap local
computation on a chunk with transfers of that chunk to peer nodes.

Table @ summarizes how AggEngine is designed to take advantage of properties in the

distributed training workload to lower its overhead.

4.2.3 Reacting to Network Changes with Autotune

Autotune collects performance information from AggEngine and watches for sudden changes
in link conditions, reflected by the current training speed. The goal of Autotune is to
dynamically compensate for link changes by redistributing LMs and GMs to VMs, so the
time to finish an iteration is similar at both local and global levels.

A perfect initial LM and GM assignment is hard, even if we have bandwidth probe
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measurements. Consider an aggregation plan S, where the effective bandwidth of node i to
J while running aggregation S is BW (i, 7). Clearly, finding the best S analytically relies on
BW (i, j) to be precisely measured or modeled, but BW (i, j) has a circular dependency on
S itself. Autotune thus makes approximations when optimizing the assignments.

At a high level, Autotune works in two phases: (1) a Quicktune phase where a one-
shot, global adjustment of GM and LM assignments is done to adapt to the network change
immediately; and (2) a Finetune phase where Autotune uses a performance model to find
the current performance bottleneck in the system, and moves GMs and LMs away from it in

a stepwise, increasingly aggressive manner.

Quicktune Quicktune aims to minimize the maximum transfer time of each node. Quick-
tune can be best summarized formally as follows: let GM (i, c) € {0,1} and LM (i, c) € {0,1}
be the boolean variables to be solved, which indicate whether node 7 is the GM or LM of
chunk c. Let G(i) be the group of node ¢, |G| the number of groups and S(c) the size of ¢ in
bytes. Our goal is to:

minimize
st = EeSQULIEGO]+ GG )

)

subject to

Vie GM(i,c)=1 = LM(i,c)=1

Ve Y GM(ic)=1

Vegea > LM(ic) =1
i€G(g)

Quicktune solves this with an approximation: it first distributes GMs to different groups,
with the number of GMs assigned to each group proportional to the group aggregate band-
width ZmeG(i) anG( 9) BW {(m,n), then distributes LMs inside each group to different mem-

bers in a similar fashion, using aggregate per node bandwidth.
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Finetune Quicktune is limited as it assumes constant effective bandwidth across different
schedules and ignores node balance. Finetune, however, amends this by gradually evolving the
current schedule, using both the currently measured D(i, j) and B(i, j) to pinpoint the current
bottleneck node in the system, and then moves away its load while maintaining balance based
on blame. Blame for node i (B(i)) has two major weighted parts: time t(i) and imbalance
[(i). Autotune collects per connection stats including link RTT'(7, j), bandwidth BW (i, j)
through the OS [150, 89], and computes (i) = maz; RTT(i,7) + %
t(i) = —U__ Further, we let [(i) = >.; D(i,j) and weighted [(i) = W) Zming ()

meanyt(n) mazxpl(n)—mingl(n)*

and normalized

~ ~

Finally, blame is defined as S1(i) + vt(4).

With blame for each node available, Finetune attempts a move of a single GM (or if

max; B(4)

not available, an LM) from the node with highest blame to the lowest, if > € (a
configuration parameter). If Finetune repeatedly identifies the same bottleneck node, it
moves exponentially more LMs and GMs in each step.

Autotune uses a central daemon to collect performance metrics and generate new sched-

ules, and is triggered by a sudden change (e.g., larger than 20%) in training performance.

Autotune signals AggEngine to install the new schedule.
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Chapter 5

PLINK COLLECTIVES: TOWARDS CLOUD-AWARE
COLLECTIVES WITH RANK REORDERING

We now shift our focus from building efficient parameter servers to another popular
paradigm: collectives, used in popular training frameworks such as Caffe2 and Pytorch, where
there is no longer role of servers and workers. We also address the need for specialization
on alternative interconnects other than a fat tree topology in the datacenter, e.g., with
a torus ring in Google TPU pods, because in these highly specialized environments, our

optimizations highlighted earlier may not be sufficient.

5.1 Unoptimal use of Collectives Today

Unfortunately, achieving good collectives performance in a cloud environment is fundamen-
tally more challenging than in an HPC world, because the user has no control over node
placement, topology and has to share the infrastructure with other tenants. These con-
straints have a strong implication on the performance of collectives. As a result, the bottle-
neck of running these workloads with collectives on the cloud has shifted from computation
to communication [159).

Consider a common practice of applying allreduce ring collectives, a popular algorithm,
in the cloud context, where a randomly-ordered TP list (obtained through the provider) of
VMs is used to form a virtual ring on which data is passed along, with i-th VM sending
data to i + 1-th VM. But do different ways of forming ring (through permutation of VMs in
the list) exhibit the same performance? The answer is most likely no, as the ring that corre-
sponds to shorter total hop cost will likely perform better (Figure El]) On the other hand,

not all ways of forming rings achieve the same cost, because the point to point communica-
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Figure 5.1: Performance distribution of allreduce task of 100MB data with ring algorithm varies

widely with 500 random rank orders on Azure.

tion cost (bandwidth, latency, or collectively referred to as locality in this work) is different
across VMs (Figure @), due to the hierarchical structure of the datacenter network, and
the dynamic nature of traffic from other tenants. Consequently, running collectives with a

randomly-ordered list of VMs results in unpredictable and subpar performance.

Our work focuses on discovering a permutation of the IP list that exploits the network
locality for efficient communication, in a completely transparent way, by minimizing the
cost model of a given collectives parameterized with the actual hop cost. To do so, we need
to (1) efficiently identify the underlying network bandwidth/latency constraints (or collec-
tively, locality); (2) accurately build cost model for the collectives at hand; (3) effectively

approximate the minimum of these complex cost functions.

This paper proposes #Collectives, a tool that uses accurate network probes to discover
locality within the underlying datacenter network, and uses it to solve a communication cost
minimization problem with constraints, with the rank of each VM as the unknowns. We
use reordered ranks as input to unmodified communication backends in microbenchmarks
including OMB [23], Nvidia NCCL, Facebook Gloo and real-world workloads of training
deep neural networks with Pytorch/Caffe2 and gradient boosted decision trees using Light-
GBM [91, 72] and found a speedup of up to 3.7x in various allreduce operations and 1.3x in

end-to-end performance across and Azure.
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5.2 Design and Implementation

We now describe s(Collectives, a tool that takes in a list of VM nodes and a target algo-
rithm, accurately and efficiently probes their pairwise distance, and uses that information to

construct a rank order of VMs that attempts to minimize the total cost of communication.

5.2.1 Cost Models for Collective Algorithms

a(ollectives builds a cost model Cg for each popular algorithm used in collectives O, pa-
rameterized with the number of participating nodes N and size S. This section details the
cost models for popular algorithms. We use ¢; ;(S) to refer to the cost for transferring S
amount of data from node i to j. We further define MAX?_ (f(i)) = MAX(f(0), ..., f(5)).
We assume N a power of 2 to simplify explanation, and allow arbitrary rank r to alias to
canonical rank (r + N) mod N.

Ring. The cost model of the ring algorithm is the sum of the cost of each hop when traversing

the ring:

N-1
= Z cii—1(5)
i=0

Having Doubling. The cost of halving doubling is the sum of costs for each round of

communication, which in turn is the max cost of all communications in that round.

logaN—1

S
Chd Z MAX 20 C],]+21(2H.1)

Tree. The cost of running tree algorithms depends on the number of trees and how trees are
constructed. The total cost is the maximum cost of all trees, which is in turn determined by
the maximum cost of each subtree. We provide a cost model for a popular variant of tree

algorithm: double binary tree as used in [109].

Cdbt(Na C, S) = T(O,N — 1,5)
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where T'(7, 7, S) is expressed recursively:

0ife>y
T, S) = MAX(eims s, (5) +T(0, %~ 1),

c#%&ﬂ(%) +T(%2 +1,5)) otherwise

Similarly a mirrored tree is built by decrementing each node’s rank in the tree without
changing the tree structure.

BCube. The cost of running the BCube algorithm is similar to halving doubling, except in
each round, each node communicates with B — 1 peers, instead of 1.

loggN—1

N _ S
Cy(N.e,5.B)= > MAXF'MAXP ;i
=0

Bt

5.2.2  Probing for Pairwise Distance

We need to determine values for ¢; ;(S) with end-to-end measurements. We first consider
commonly used, simple linear model: ¢;; = LAT; ; + #”S where LAT;; being the one-
direction latency from ¢ to j, and BW, ; ¢ the bandwidth achieved with data size of S. There
are immediate challenges of deriving BW; ; correctly: first, BW, ; ¢ varies depending on the
size of packet size S being transferred: e.g., on a 10Gbps link it is unlikely to saturate
full bandwidth while sending small packets. Figure @ (left) shows the how bandwidth
varies with the size of the buffer in a point to point iperf (TCP, using DCTCP [5]) test on
two 30Gbps D64 nodes on Azure. It is cumbersome to create such profile for each pair of
VMs; second, even if a profile like this is constructed, it may still fall short when multiple
streams are competing for bandwidth: the streams do not share the bandwidth equally, but
rather, one stream can consistently outperform the other in a long time trace, as shown
in Figure @ (right) with 3 D64 nodes on Azure, when both of them can achieve similar
throughput when run individually. It seems intractable to derive an accurate BW given S

and a set of competing streams. Third, many algorithms operate in chunked mode, allowing
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Figure 5.2: Left: TCP throughput depends on the buffer size and the number of concurrent streams.
Right: while TCP is designed to be fair, an empirical 60s trace in the cloud shows the two streams

connecting to the same VM from two other remote VMs do not share the bandwidth equally.

overlapping of sending (of processed elements) and receiving (of unprocessed elements), and

the simple model does not capture this in the first place.

It is both beneficial and interesting to accurately model throughput behavior in a multi-
stream environment [4, [100, 87, b5], but that subject is worthy of its own topic. Instead, we
compromise by dropping the bandwidth component in the model, leaving only the latency

component. The rationale behind this stems from the well-known theoretical TCP bandwidth

model of BW = O( Rj\j{ﬁiﬁ) [90] given constant drop rate p and window M SS. The fact that
higher latency induces lower bandwidth in TCP streams lets us approximate costs by only

probing for latency.

To accurately and efficiently probe for pairwise latency, we built an in-house DPDK
based echo tool, leveraging network enhancement provided by the clouds [94, 8]. Probing
of N nodes can finish in N rounds, with each round probing for N /2 pairs of VMs. At
round r, node i sends 10k probes to (i + 7 + 1) mod N and responds to 10k probes from
(t —r — 1+ N) mod N sequentially. To derive an accurate reading, we take the RTT of
10th percentile. Each probe is a UDP packet with a 32-bit payload that encodes sequence
number and round id for fault tolerance. When DPDK cannot be used, we use fping, a [CMP
Echo-based latency probing tool. For each entry in ¢, we update ¢; ; <~ MAX(c;;,c;i) to

make it symmetric.
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5.2.83  Minimizing the Cost Model

We parameterize the cost model with values of probed c. To derive a rank ordering that
minimizes Cg, we perform the following transformation: let set of variables R defined as
ri,i € [0, N — 1] be a permutation of [0, N — 1] to be solved, and we replace each ¢; ; with
Cr; ;- We can then establish a bijection from the original rank ordering to the desired order
r; <> i once r;s are solved. We flatten ¢; ; <> ¢y +; to use theory of arrays to allow direct
solving with conventional optimizing SMT solvers such as Z3 [36, 52].

Unfortunately, we find solvers inefficient, perhaps due to the non-convex, non-linear na-
ture of the objective function and a large search space (N!). Instead, we take a two-stage
process. The first step employs a range of stochastic search techniques such as simulated
annealing [18], with a few standard heuristics (e.g., permuting a random sub-array, permut-
ing random pairs) for obtaining neighboring states and a timeout. When the search returns
with an initial result Cy, we generate an additional SMT constraint Co < Cj to better guide
pruning for solvers. We let the solver continue to run for a few minutes, and we either find
a better solution or will use Cj as the final value. The end-product of this process is a

rearranged list of VMs.
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Chapter 6
EVALUATION

We now evaluate the effectiveness of Parameter Box, Parameter Hub, Parameter Link and

a(Collectives in their perspective environments in accelerating distributed training workloads.
6.1 Effectiveness of Parameter Hub and Parameter Box

We added support for Parameter Hub’s API to MxNet, replacing its PS. We evaluated Param-
eter Hub by comparing it to MxNet’s unmodified PS. We had five goals in our evaluation:
(1) to assess the impact of Parameter Hub software and the Parameter Box hardware on
training throughput, (2) to identify the importance of each optimization, (3) to determine
the limits of Parameter Box, (4) to evaluate effectiveness of Parameter Box as a rack-scale

service. and (5) to demonstrate the cost-effectiveness of the Parameter Hub.

6.1.1 FExperimental Setup

We evaluated our system with 8 worker nodes and one specially configured Parameter Box
node. The workers were dual socket Broadwell Xeon E5-2680 v4 systems and 64 GB of
memory using 8 dual-rank DDR-~2400 DIMMs. Each worker had a GTX 1080 Ti GPU and one
Mellanox ConnectX-3 InfiniBand card with 56 Gbps bandwidth in the same NUMA domain.
The Parameter Box machine was a dual socket Broadwell Xeon E5-2690 v4 system with 28
cores and 128 GBs of memory using 8 dual-rank DDR-2400 DIMMs. Parameter Box had 10
Mellanox ConnectX-3 InfiniBand cards, with 5 connected to each socket. Hyperthreading
was disabled. Machines were connected with a Mellanox SX6025 56 Gbps 36-port switch.
The machines ran CentOS 7.3 with CUDA 8 and CuDNN 7 installed. Our modifications
to MxNet and its PS (PS-Lite) were based on commit 2ce8b9a of the master branch in the
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Name (Abbr) Model Size | Time/batch | Batch
AlexNet (AN) 194MB 16ms 32
VGG 11 (V11) 505MB 121ms 32
VGG 19 (V19) 548MB 268ms 32
GoogleNet (GN) 38MB 100ms 32
Inception V3 (I3) 91MB 225ms 32
ResNet 18 (RN18) 45MB 54ms 32
ResNet 50 (RN50) 97MB 161ms 32
ResNet 269 (RN269) 390MB 350ms 16
ResNext 269 (RX269) 390MB 386ms 8

Table 6.1: Neural networks used in our evaluation. Time/batch refers to the forward and backward

compute times for a batch.

PS-Lite repo. We built MxNet with GCC 4.8 and configured it to use OpenBLAS and enable
SSE, the Distributed Key Value Store, the MxNet Profiler, and OpenMP. We used Jemalloc,
as suggested by MxNet.

6.1.2 DNNs Used in the Evaluation

We evaluated Parameter Hub’s performance by training state-of-the-art deep neural networks
using reference code provided with MxNet. We implemented a cache-enabled optimizer using
SGD with Nesterov’s accelerated gradient method [104] and a cache-enabled aggregator for
Parameter Hub. We chose a per GPU batch size of 32 when possible; for ResNet 269 and
ResNext 269, we used 16 and 8, respectively, since 32 did not fit in the GPU. We did not
use MXNet’s GPU memory optimizations [26] because they slow down training.

Table Ell summarizes the neural networks used in our evaluation, which include both
winners of the ImageNet challenge and other recent, popular networks. We used the reported
model size from MxNet and measured the forward and backward passes time on a single GPU.

We report only training throughput in our evaluation since our modifications did not
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Figure 6.1: Speedup from a faster data plane that supports zero copy.

change accuracy: they did not change the computations that were performed. We trained

multiple DNNs to convergence to verify this.

6.1.3 Training Performance FEvaluation

We include multiple results to highlight the effects of different software and hardware opti-
mizations on Parameter Hub’s training performance. We measured training performance by
comparing the total time of 200 iterations. We used two IB network configurations. This
lets us compare training performance for two different compute/bandwidth ratios: (1) where
GPUs were much faster than the network, and (2) with ample network bandwidth resources.

In both setups, we used 8 workers.

Benefit of a Faster Data Plane

Figure Ell shows the performance of replacing the communication stack of the MxNet PS
with a native InfiniBand implementation (MxNet) that had all optimizations enabled. This
lets us see the benefit of switching to an optimized network stack without changing the PS

architecture. We used our enhanced baseline MzNet in all the following evaluation.

Other Software and Hardware Optimizations

We now quantify further benefits from Parameter Hub’s software and hardware optimizations.
We used CS MxNet in this comparison. PShard results were obtained by running Parameter

Hub software on each worker as CS PSs. Parameter Box results represent running Parameter



49

3
o 2320 221 2249 19 16, 2.3, o 232'
g2 I 14 131212 131212 1.2 I = PBox
g1 T . ----- .- ------ — - - R . - PBox (7 Workers)
[
-3 0 . l . . u PShard
AlexNet VGG 11 VGG 19 GoogleNet Inception V3  ResNet 18 ResNet 50 ResNet 269 ResNext 269

Figure 6.2: Training performance on a cloud-like 10 Gbps network. Results are normalized to
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Figure 6.3: Training performance on a 56 Gbps network compared to MxNet (enhanced baseline).

Computation speed bottlenecked training throughput for all but AlexNet and VGG.

ResNet 269 I = Compute
Inception T u Aggregator
. Il Optimizer
_—
GoogleNet 2 Network Transfer and Other Overheads
AlexNet R
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6
Seconds

Figure 6.4: Progressive overhead breakdown of Parameter Hub. Compared to Figure @, GPU

compute time now dominates training time. Aggregator and optimizer have minimum overhead,

and are barely visible.

Hub software on our single Parameter Box machine as a NCC PS. We omit results for NCS
and CC PSs for clarity. They performed similarly to Parameter Box results.

Figure @ shows training performance on a cloud-like 10 Gbps network, obtained by
down-clocking our IB links. In this configuration, the ratio of GPU batch execution time to
network serialization delays is such that the reduced communication and faster aggregation of
Parameter Box significantly affects runtime. In addition, we provide speedup when training
with only 7 workers and Parameter Box, so that the total machine count in the system is
equal to the baseline.

Figure @ shows training performance on 56 Gbps InfiniBand. In this setup, for networks
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such as GoogleNet, Inception, ResNet, and ResNext, forward and backward pass execution
time limits training throughput; thus, raising network bandwidth only marginally affects
the total throughput of Parameter Box versus MxNet. Since Parameter Hub never slows
down training, we omit results of these networks (1x speedup) for clarity. We expect larger
speedups with newer, faster GPUs such as the NVidia V100, for these networks. Significant
speedup is still achieved with models that have large communication-to-computation ratios,
such as AlexNet and VGG; these models remained network-bound even on 56 Gbps links.

The gap between PShard and MxNet signifies the benefit of software optimizations. The
gap between PShard and Parameter Box highlights both the benefit of a non-colocated server
that halves the per link bandwidth usage, yielding a significant performance difference, and
the benefit of the hardware optimizations.

Figure @ breaks down the overhead in different distributed training stages when running
Parameter Hub in the same setup as Figure @ Compared to Figure @, Parameter Hub
reduces overheads from data copy, aggregation, optimization, and synchronization, and fully

overlaps these stages, shifting the training back to a compute-bound workload.

6.1.4 Performance with Infinitely Fast Compute

We used a benchmark to assess the efficiency of Parameter Hub’s gradient processing pipeline
to avoid being bottlenecked by our workers” GPUs. We implemented a special MxNet engine,
called ZeroComputeEngine, based on the original ThreadedEnginePerDevice, which replaces
training operators (such as convolution) with an empty routine. Only the synchronization
operators (WaitForVar, KVStoreDistPush and KVStoreDistPull) are actually executed. This
engine effectively simulates arbitrarily fast forward and backward passes on the worker side,
pushing the limits of Parameter Hub.

We used ResNet 18 as the test network. We measured how fast each worker can run in
this setup individually with the Parameter Box, then gradually added more workers to plot
total system throughput.

Figure @ shows the results of running the benchmark with Parameter Box, PShard and
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Figure 6.5: Parameter Box provides linear scaling of throughput for 8 worker nodes with infinitely

fast compute, training ResNet 18.

multiple baseline configurations. Parameter Box provided linear scaling with 8 workers and
outperformed the baseline by a large margin (up to 40x). Parameter Box had 2x the speedup
of PShard because each of its interfaces needed to move only about half the amount of data

compared to colocated servers.

6.1.5 Fxploiting Locality

To postpone hitting the memory bandwidth limit, it is crucial to exploit locality in network
interfaces and processor caches. This section evaluates the effectiveness of Parameter Hub’s

key assignment scheme and tall aggregation/optimization in leveraging locality.

Key Affinity in Parameter Box: We evaluate two schemes for connecting workers to
Parameter Box to exploit locality and load balancing. In Key by Interface/Core mode,
workers partition their keys equally across different interfaces on the Parameter Box. This
mode better utilizes cache by binding a key to a particular interface, core and a NUMA node.
This mode also exploits locality in time as workers are likely to generate the same key close
to each other in synchronous training.

In Worker by Interface mode, each worker communicates with the server through a single
interface. This lets Parameter Hub exploit locality within a single worker. It also provides

naturally perfect load balancing across interfaces and cores at the cost of additional commu-



52

Mem BW | Throughput
Opt/Agg Off 77.5 72.08
Caching Opt/Agg 83.5 71.6
Cache-bypassed Opt/Agg 119.7 40.48

Table 6.2: Bidirectional memory bandwidth (GB/s) utilization in Parameter Hub when training
VGG with 8 workers. The maximum memory bandwidth for the machine is 137 GB/s for read-only
workloads and 120 GB/s for 1:1 read:write workloads as measured by LikWid and Intel MLC.

nication and synchronization for each key within the server because keys are scattered across

all interfaces and sockets.

We found that Key by Interface/Core provided 1.43x (790 vs 552 exchanges/s) better
performance than Worker by Interface mode with ZeroComputeEngine. The locality within

each worker could not compensate for synchronization and memory movement costs.

Tall vs. Wide Parallelism: We evaluated tall aggregation vs MxNet’s wide approach
with ResNet 50. Tall outperformed wide by 20x in terms of performance and provides near-
perfect scaling to multiple cores. Tall aggregation benefited from increased overlap compared

to wide, and wide was further hurt by the cost of synchronization.

Caching Effectiveness in Parameter Hub: Caching benefits many Parameter Hub op-
erations. For example, models can be sent directly from cache after being updated, and
aggregation buffers can reside in cache near the cores doing aggregation for those keys. We
now evaluate the effectiveness of caching in Parameter Hub by measuring memory bandwidth

usage.

Table @ shows the memory bandwidth costs of communication, aggregation, and opti-
mization on Parameter Box. We used 8 workers running a communication-only benchmark
based on the VGG network, chosen because it had the largest model size. We first ran the
benchmark with no aggregation or optimization, and we then added our two aggregation

and optimization implementations.
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Figure 6.6: Left: Comparing Caffe2 4+ Gloo and MxNet 4+ Parameter Box on an 10Gbps InfiniBand
network. Right: Comparing MxNet + Gloo and MxNet 4+ Parameter Box on a 56Gbps InfiniBand

network with ZeroComputeEngine.

Without aggregation and optimization, Parameter Box’s bidirectional memory band-
width usage was stable at 77.5 GB/s. No cache was used in this case because Parameter Box
did not touch the data (only the network interface did).

We found that the caching version of the aggregator and optimizer performed signifi-
cantly better than the cache-bypassing version, which hit the maximum memory bandwidth
available on the Parameter Hub machine when combined with the memory bandwidth of
worker sends and receives. The caching version, on the other hand, added only 8% to total
memory bandwidth usage; aggregation and optimization added only 1% of overhead to the

overall throughput in this benchmark, fully overlapping gradient transfer.

6.1.6  Comparison with Other Schemes

Parameter servers are not the only way to perform model updates. Frameworks such as
CNTK and Caffe2 can use HPC-like approaches, such as collective communication opera-
tions [[144, 62].

To understand how Parameter Hub compares to other communication schemes, we first
ran Caffe2 and MxNet with Parameter Box. We used InfiniBand for both systems. We
evaluated the fastest algorithm in Gloo: recursive halving and doubling, used in [53]. Figure
@ (left) shows Parameter Box was nearly 2x faster.

We ported Gloo to MxNet to better assess both systems. Gloo implements blocking
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Figure 6.7: Effect of chunk size and queue pair count on throughput.

collective operations, but MxNet expects non-blocking operations. Therefore, we measured
an optimistic upper bound by letting Gloo start aggregating the entire model as soon as
the backward pass started, as if all gradients were available instantaneously. Since Gloo
only does reduction, we ran our SGD/Nesterov optimizer on all nodes after reduction was
complete. We used 56 Gbps IB and ZeroComputeEngine to compute bottlenecks. Figure @
(right) shows Parameter Box sustained higher throughput and provided better scaling up
to its limit. Two reasons account for this difference. First, collectives suffer from the same
problem as colocated PSs: the interface on each participating node must process nearly 2x
the data (Gloo’s allreduce starts with a reduce-scatter followed by an allgather [144)]).
Second, collectives frequently use multi-round communication schemes whereas Parameter

Box uses only 1 round.

6.1.7 Tradeoffs in Fine-Grained Key Chunking

We now examine tradeoffs in the communication layer concerning the size of key chunks and

queue pair counts.

Size of key chunks: Parameter Hub leverages fine-grained key chunking to better balance
load and overlap gradient reception and aggregation. Figure @ (left) evaluates the effect
of chunk size with ZeroComputeEngine on Parameter Box. Larger chunk sizes improved
network utilization, while smaller sizes improved overlapping. We found 32KB chunk size
to be optimum: this is likely due to our interfaces’ maximum injection rate and aggregation

pipeline latency.
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Queue Pair Count: A worker needs at least one queue pair per interface with which it
communicates. Queue pairs have state, which is cached on the card. When that cache misses
frequently, communication slows. For Parameter Box to use 10 interfaces, we need a mini-
mum of 10 queue pairs per worker. More queue pairs could enable concurrent transmission
from the same worker and reduce head of line blocking, but it increases the queue pair cache
miss rate. Figure @ (right) evaluates the tradeoff, showing that fewer queue pairs was

optimal.

6.1.8 Limits on Scalability

The scalability of Parameter Hub is inherently limited by available total memory, network
or PCle bandwidth. This section explores how close Parameter Hub gets to these limits.
We use Parameter Box to answer these questions. Parameter Box achieves a 1:1 read:write
memory bandwidth of 120 GB/s and a bidirectional network bandwidth of 140 GB/s. To
determine how much bandwidth can be utilized, we added an additional IB interface to each
of our 8 machines to emulate 16 workers and configured varying numbers of emulated workers
running ib_write_bw, each with 10 QP connections to the ib_write_bw process on Parameter
Box. These pairs of processes did repeated RDMA-writes to two 1 MB buffers on the other
side. We set the PCle read request size to 512 bytes. This configuration was chosen to mirror
the setup of an actual training system while maximizing total system throughput.

To our surprise, we found that the peak memory bandwidth usage never exceeded more
than 90 GB/s, far from the limit of both the aggregate network card and memory. This
suggests that the bottleneck lies somewhere else.

We then built a loopback microbenchmark that used the IB cards to copy data locally
between RDMA buffers. This isolated the system from network bottlenecks and involved
only the NIC’s DMA controllers and the processor’s PCle-to-memory-system bridge. This
microbenchmark also achieved only 90 GB/s. Based on this experiment, we believe that
the limit of throughput in our current Parameter Hub system is the PCle-to-memory-system

bridge.
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Figure @ summarizes this experiment. The InfiniBand/PCle limit line shows an ideal
case where unlimited cache line transfers can be performed. However, this rate was not achiev-
able even with a microbenchmark, which poses a hard upper bound on how fast Parameter
Hub can run during training. We also see that, when training VGG with ZeroComputeEngine,
as more workers are added, Parameter Box’s performance approached the microbenchmarks
(97%), demonstrating Parameter Hub’s ability to fully utilize system resources. The gap in
the plot between Parameter Box and the microbenchmark is due to the overhead of schedul-
ing operations in MxNet and straggler effects in workers. Parameter Box hit the limit at a

sustained 80GB/s memory bandwidth.

In real training, however, Parameter Box’s scalability limit was difficult to reach. Recent
work ([73, 78]) describes the difficulty of generalization with large batch sizes; it is not
advantageous to blindly scale deep learning to a large number of workers without considering
statistical efficiency [156, 76]. One example [53] reports that ResNet 50’s statistical efficiency
drops with aggregate batch sizes larger than 8192 on a system with 256 GPUs on 32 machines
(with a mini-batch size of 32 per GPU). To assess whether Parameter Box could reach this
scale, we measured the memory bandwidth usage for ResNet 50 with 8 workers using the
same batch size. We found that Parameter Box required only 6GB/s memory bandwidth and
an aggregated 4GB/s network bandwidth. This suggests that our Parameter Box prototype
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Figure 6.9: Overhead of multiple parallel training jobs sharing the same Parameter Box instance.

could scale to rack-level and support up to 120 worker machines training this network. In
other words, our prototype could support sufficient scalability to handle cutting-edge training
tasks.

On the other hand, the scalability bottleneck (PCle controller) in our current prototype is
specific to this particular platform, but it can change. For example, recently released AMD
Epyc [11] processors provide nearly triple the Stream Triad performance (290 GB/s) [12]
and 40% more PCle bandwidth than our Parameter Box machine. We would expect Epyc
to support 40% more throughput.

6.1.9 Effectiveness of Parameter Box as a Rack-Scale Service

We now evaluate effectiveness of Parameter Box as a rack-scale service with two typical
scenarios in a 10 Gbps cloud-like environment: (1) when multiple jobs are training in parallel
in a rack, sharing the same Parameter Box instance with different key namespaces and
(2) when a training job crosses rack boundaries, and Parameter Hub performs hierarchical
reduction.

Figure @ shows the overhead of running multiple independent training jobs sharing a
single Parameter Box. AlexNet saw a 5% drop in per-job throughput when running 8 jobs,
likely due to frequent invocation of optimizer and less effective caching; ResNet 50 saw a
smaller impact as it is compute bound.

Figure emulates a single cloud-based training job whose VMs span N racks, and each
rack contains 8 workers and 1 Parameter Box. The Parameter Box uses a widely used ring

reduction algorithm [[16, 130] for inter-rack aggregation.
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Since we have only one Parameter Box machine, we model this ring reduction by sending
and receiving N chunk-size messages sequentially, each performing one additional aggregation,
for each of the keys, after local rack has finished aggregation. We assume each rack would
finish its local aggregation at roughly the same time, as stragglers can exist regardless of rack
assignment. Therefore, this faithfully estimates overhead of Parameter Hub’s hierarchical
reduction.

AlexNet’s throughput loss comes from added latency of multiple rounds of communica-
tion, but is compensated by drastically reduced cross-rack traffic, and thus we would expect
speedup in real deployment. On the other hand, we again observed virtually no loss of

throughput in ResNet 50.

6.1.10 Rack-scale cost model

Is a cluster built with PHubs and a slow network more cost effective than one with sharded
PSs and a fast network? This section explores this question using a simple cost model. We
consider the cost of three cluster components: worker nodes, PHub nodes, and network gear.
We use advertised prices from the Internet; while a datacenter operator might pay less, the
ratios between component prices should still be similar. The baseline is a cluster running
MXNet IB with colocated sharded PSs; we compare this to a PHub deployment in terms of
throughput per dollar.

The model works by computing the cost of a worker node, and adding to it the amortized
cost of its network usage; for the PHub deployment, it also includes the amortized cost of the
worker’s PHub usage. This allows us to compare the cost of worker nodes in deployments

with different numbers of workers per rack, switch, or PHub. We capture only the most
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significant cost, and include only capital cost, since operational costs are dominated by GPU
power usage and thus differences would be small.

We model a standard three-layer datacenter network with some simplifying assumptions:
racks hold as many machines as may be connected to a single switch, all switches and cables
are identical, and oversubscription happens only at ToR switches. We model network costs
by charging each worker the NIC per-port cost N, the amortized cost of one ToR switch
port S and cable C, and fractional costs of ToR/aggregation/core switch ports and cables
depending on the oversubscription factor F'. Thus, the amortized cost of the network per
machine is A = (N + S + C) + F(4S + 2C). Since our goal is to model costs for future
deployments, we make two changes from our experimental setup. Instead of 10Gb IB, we
use 25 Gb Ethernet. Instead of NVIDIA 1080 Ti’s, we assume a future GPU with similar
cost G, but that performs like today’s V100. This keeps the compute/communication ratio
similar to that of our experiments. We use ResNet-50 for comparison; we use our 10Gb
IB results for the PHub setting and downclocked 40Gb IB for the MXNet IB baseline. We
include 2% overhead in the PHub numbers to account for aggregation between racks.

Workers are the same as in our evaluation, but with 4 GPUs. The cost W is $4117 [142]
without GPUs; the GPU price G is (3699 [108]). The 100Gb baseline uses Mellanox ConnectX-
4 EN cards ($795 [107]) and 2m cables ($94 [106]). The 25Gb PHub workers use Mellanox
ConnectX-4 Lx EN cards ($260 [107]) and 4-to-1 breakout cables ($31.25 per port [106]).
The PHub node (also same as evaluation) cost H is $8407 [141], plus 10 dual-port 25Gb
Mellanox ConnectX-4 Lx EN cards ($162.5 per port [107]). The cost of each baseline worker
is W+ N +4G + A, and the cost of a PHub worker is W + N +4G + A+ K P, where K P is
the amortized PHub cost (P =W + 20N + 20A; K is the worker to Parameter Hub ratio).

We use the Arista 7060CX-32S 32-port 100Gb Ethernet switch ($21077 [14]) in both
configurations, with breakout cables to connect 25Gb hosts. With no oversubscription, each
switch supports 16 100Gb baseline workers, or a PHub and 44 25Gb workers. With 2:1
oversubscription each switch could support a Parameter Hub and 65 25Gb workers; with 3:1,

the number of supported workers is 76.
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Throughput/$1000
Future GPUs | Spendy | Cheap
100Gb Sharded 1:1 46.11 14.57 60.41
25Gb PHub 1:1 55.19 15.30 | 77.21
25Gb PHub 2:1 57.71 15.49 82.24
25Gb PHub 3:1 59.03 15.58 | 84.95

Table 6.3: Datacenter cost model comparing 25GbE PHub deployments with 100GbE MXNet 1B
on ResNet-50. Higher is better. The Future GPU PHub deployment with 2:1 oversubscription

provides 25% better throughput per dollar.

Table @ compares a full-bisection-bandwidth 100GbE sharded MXNet IB deployment
with 25GbE PHub deployments with varying oversubscription. With 2:1 oversubscription,
the PHub deployment provides 26% better throughput per dollar. We consider two other
configurations: a “lower bound” using today’s expensive V100’s, where the 2:1 PHub deploy-
ment provides only 6% improvement; and a “GPU-focused” one using cheap CPUs (E5-2603

v4) in workers, providing 36% improvement.
6.2 Effectiveness of Parameter Link

We continue to evaluate Parameter Link in public cloud environments.

Our evaluation goals are as follows: (1) Measure Parameter Link’s impact on end-to-
end training. (2) Demonstrate the efficiency of AggEngine. (3) Quantify the benefit of
hierarchical aggregation and topology-awareness. (4) Evaluate the accuracy of ProbeEmbed’s

inference of physical affinity. (5) Assess how well Autotune reacts to network changes.

6.2.1 FEnvironment Setup

We perform our experiments on both Azure and , in the same region or availability

zone. Each VM runs Linux kernel 4.18 with SoftiWarp support [63], Cuda 9.2, CuDNN 7,
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Figure 6.11: Parameter Link’s collective optimizations achieve up to 2.27x speedup on public clouds

training popular neural network models, compared to original Pytorch/Caffe2.

and network enhancements [94, 8] if possible. All VMs are provided with at least 10 Gbps
network throughput, using DCTCP [4] as SoftRoCE and SoftiWarp do not yield better
performance. AggEngine uses a chunk size tuned to its best performance, usually 16 to
64KB. All experiments use 64 nodes unless otherwise specified. Some experiments involve
comparing results generated with uncertainty. In those cases, we report speedup in terms of
mean and percentile metrics together with performance distribution of 50 runs. Each sample
represents mean performance of 20 iterations using a potentially different cluster assignment

generated by the underlying mechanism.

6.2.2 FEnd to end training performance

We start our evaluation with the impact of Parameter Link’s collective optimizations on
the end-to-end training performance of popular neural networks. Then we breakdown the
effect of each optimization in the following sections. We compare Parameter Link to original
Pytorch/Caffe2 performance by replacing Gloo. We represent training speedup as mean
speedup in throughput of 50 iterations to save experimental cost. This directly translates to
a reduction in end-to-end training time as Parameter Link’s optimization does not change
convergence because it keeps the computation intact.

Figure shows the speedup of Parameter Link, which ranges from 1.37-2.27x on Azure,
and 1.13x-1.53x on 0 when training popular vision models. We expect larger speedups

for neural networks with higher communication to computation ratios (such as AlexNet and

"While we report only data-parallel results for its dominance in distributed training, Parameter Link
optimizations are paradigm-agnostic, as all the scheduling of transfers is done by the framework.
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mean latency for large and small buffers, normalized to NCCL’s performance.

VGG) on VMs with faster networks, as we observe near line-rate network utilization when
training them with Parameter Link. For models with smaller communication to computation
ratios (such as ResNet-50), Parameter Link’s speedup comes from its reduced reduction

latency.

6.2.3 Efficiency of AggEngine

This section evaluates the performance of AggEngine itself, disabling ProbeEmbed and Au-
totune. For clarity, we first set up our baseline with communication libraries used in ma-
jor training frameworks, including MxNet PS-Lite, Nvidia NCCL 2.4, and Facebook Gloo,
covering ring (Gloo, NCCL), tree (NCCL), halving-doubling (Gloo) and parameter server
(PS-Lite). We use each library’s benchmark program to measure its performance. On both
Azure and , we use instances with V100 GPUs and test end-to-end reduction perfor-

mance involving copying from/to a GPU.

Figure shows the speedup in terms of mean (20 iterations) GPU to GPU reduction
latency normalized to NCCL’s result of aggregating a large (128MB) and a small (4B) buffer.
To provide a fair comparison, we limit AggEngine to use a single connection per peer (in a
typical scenario, multiple connections are used). Overall, AggEngine’s flat aggregation (FA)

leads the pack and is thus used as a strong baseline.
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Figure 6.14: Empirical reduction latency distribution of ProbeEmbed-, Balanced Random- guided
2LHA and FA on Azure and

6.2./ FEffectiveness of Hierarchical Aggregation

We continue with a detailed comparison between Parameter Link FA and 2LHA, reducing a
real-world model (ResNet-50, varying buffer sizes totalling ~100MB). We use 4 connections
per peer to fully utilize VM bandwidth. We separately tuned chunk sizes to ensure base-
line perform well in both clouds. We present the speedup summary in Figure ; then,
each subsection details the benefits associated with the individual technique. Performance
distribution is found in Figure .
Comparing with ground-truth-guided 2LHA. Cloud providers can expose topology in-
formation to assist in locality-aware scheduling and communication. We obtain ground-truth
topology information from Azure. We look at the effectiveness of using physical topology on
Azure to form a reduction schedule for 2LHA, grouping VM nodes based on their physical
locality.

Our experiment shows that ProbeEmbed-guided 2LHA beats ground-truth-guided 2LHA
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by 1.15x on average. The performance of ground-truth-guided 2LHA relies on a “luck” factor
related to the physical topology of the VM nodes: the more compactly the VMs are allocated,
and the more balanced the allocation in each rack is, the better performance of ground-truth-
guided 2LHA should be. But VM spawn location is in total control of the scheduler, and
sometimes it is impossible to guarantee a compact allocation due to current VM occupancy.
It is difficult to splice/split undersized/oversized racks for a more balanced 2LHA without
probing for network properties, which ProbeEmbed does.

Comparing with Balanced Random-guided 2LHA. We observe an additional 1.3x
and 3.9x expected performance gain of the clusters generated by ProbeEmbed over those
of Balanced Random on Azure and . ProbeEmbed leads to better and more stable
performance by generating cohesive, locality-preserving group assignments. On the other
hand, Balanced Random can include VMs that are far away in the same group, creating a

bottleneck in the system.

6.2.5 Accuracy of ProbeEmbed

Effective exploitation of locality requires capturing both static and dynamic aspects of the
network (which is directly captured by the probes). In this section, we evaluate ProbeEm-
bed’s ability to discover the network topology in terms of physical affinity.

Physical Affinity Inference Accuracy (PAIA). We define affinity score as an intuitive

metric to quatify how well ProbeEmbed captures network topology: for any two VM nodes
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(a,b) that have comparable distance to an observer ¢, let T'(a, c), T'(b, ¢) be the ground-truth
distance (in terms of hops) from a to c and b to ¢, and let M (a, ¢), M (b, ¢) be the ProbeEmbed

measured distance. We define an affinity score A(a,b,c) for triplet (a, b, c) as:

1 if M(a,c) < M(b,c) and T(a,c) < T'(b,c)
A(a,b,c) = or M(a,c) > M(b,c) and T'(a,c) > T(b,c)

0 otherwise

For a given ¢, A(a,b,c) captures whether ProbeEmbed’s measurement agrees with the
actual hop distance between a and b. A(a, b, ¢) is only defined for comparable nodes a and b to
c¢: each node’s position is encoded as a tuple of format (region, datacenter, cluster, row, rack,
host). a and b are comparable to c if they have different longest common prefix to c¢. Longer
common prefix means higher affinity. We now define PAIA as the total sum of all A(a, b, c)
over the count of all defined A(a, b, c)s. A higher PATA means a better comprehension of the

datacenter network.

Quality of Various ProbeEmbed Probes. We evaluate base affinity accuracy achieved
by running latency and bandwidth probes, without the embedding process, on 64 VMs, in 2
datacenters, 7 clusters, 15 rows and 61 racks in the US West 2 region with a total of 81.3K
triplets to infer. Latency-based measurements better reflect underlying topology, with the
DPDK Echo probe yielding a PAIA score of 95.6% compared to 77.4% with iperf, likely

because bandwidth is not necessarily determined by distance.

Embedding’s Effect on Affinity Inference. ProbeEmbed’s probe readings can be af-
fected by measurement noise. We now show how the embedding boosts ProbeEmbed’s
inference accuracy, in a case with 64 VMs in a single datacenter with 75.2K triplets. This
effectively shrinks the latency distribution and makes it more difficult to infer topology.
DPDK Echo probes without embedding yield a PAIA score of 81.3%. We apply embeddings
with different v values to this dataset and found an average PAIA improvement of 5.0% with

a =1, and 8.1% with o = 2.
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6.2.6 Effectiveness of Autotune

We conclude our evaluation with the real-world impact of Autotune on training ResNet-50
with Pytorch/Caffe2 on 8 nodes with FA. We report Autotune’s effects in terms of end-to-
end training performance. We run Autotune continuously, ignoring the stop condition, and
assess how Autotune adapts to bandwidth changes and discovers a balanced LM assignment.
We start by imposing no limits on bandwidth; then we limit the bandwidth of node 0, and
eventually restore it. This shows how instantaneous training throughput changes as we apply
Autotune decisions.

Figure shows this process. We perform a step of Autotune every 10 iterations and
report the snapshot reading of current throughput after the schedule change. At step=0,
node 0’s network throughput is ~5 Gbps. At step=1, we limit its bandwidth to 2 Gbps.
This causes an immediate drop in training performance and triggers Autotune at step=3.
Quicktune moves LMs away from node 0. The training throughput then bumps up immedi-
ately, and Autotune enters fine-tuning mode through step=11. During this period, Autotune
continues to move LM assignments away from 0. When 0 is out of LMs, Finetune moves
LMs among the rest of the nodes based on their blame score. At step=11, node 0’s band-
width is restored, causing an immediate jump in training performance, but this time node
0 is underloaded. At step=12, this is partially corrected by Quicktune. Autotune continues

to monitor and rebalance workloads throughout, arriving at a balanced assignment at t=25,

maxn Y, D(n,i)
ming »_,; D(n,i)

alone, Autotune delivers 1.27x speedup when node 0 is the bottleneck, and can quickly

with < 1.05. Compared to using this near optimally balanced LM assignment

recover when node 0’s limit is lifted.

6.3 FEvaluation

We evaluate sCollectives with a series of microbenchmarks from various communication
backends and real-world applications that use collectives. We represent speedup by compar-

ing the performance we get from the best rank order and the worst rank order. We avoid
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Setup Azure | EC2
Gloo Ring 100MB 0.58 | 0.78
OpenMPI Ring 100MB | 0.81 0.94

Table 6.4: Spearman correlation coefficient between predicted performance from cost model and

actual performance.

comparing with the original rank order because it is random, and has a wide performance

distribution (Figure @)

6.3.1 FExperimental Setup

Our experiments are conducted on two public clouds, Azure and . We enable network
acceleration on both clouds and set TCP congestion control protocol to DCTCP. We include
microbenchmarks that exercise ring, having doubling, double binary tree, and Bcube algo-
rithms. All experiments run on Ubuntu 19. We focus our evaluation on one of the most

important tasks in collectives, allreduce for its popularity and generality.

6.3.2 Prediction Accuracy of Cost Model

While the goal of the cost model is not to predict the actual performance, but rather, it
should preserve the relative order of performance, i.e., pprea(R1) < pprea(R2) = prea(R1) <
Preal(R2) should hold true for as many pairs of (R;, R;)s as possible. We demonstrate this
for ring based collectives by generating 10 different rank orders, with the i-th order approx-
imately corresponds to the 10:-th percentile in the range of costs found by the solver. We
obtain performance data for Facebook Gloo and OpenMPI running OSU Benchmark on
64 F16 nodes on Azure and 64 C5 nodes on . We then compute Spearman [39] corre-

lation coefficient between the predicted performance and the actual performance for each

setup (Table @)
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6.3.3 Microbenchmark Performance

We evaluate sCollectives’s efficacy with microbenchmarks of algorithms introduced in B
We report a mean speedup of 20 iterations. We run all benchmarks with 512 F16 nodes on
Azure, except for NCCL, which runs on 64 P3.8xLarge GPU nodes on . Specifically, we
set B = 4 for BCube; for NCCL, we use a single binary tree reduction for small buffers and
a ring for large buffers. In all benchmarks, we reduce a buffer of 100MB, except for Nvidia

NCCL, where we reduce a small buffer of 4B to trigger the tree algorithm.

Speedup of Various Collectives Algorithms

o a7 B Gloo (on Azure)
. 2.2 -
20 1.5 11 14 1.7 Nvidia NCCL (on )
00 H = H
Chunked Haling BCube  Tree Ring Segmented [l 0sU Benchmark (on Azure)
Ring Doubling Ring

Figure 6.16: Speedups achieved by just using the rank ordering produced by our tool in various

algorithms across multiple distributed communication backends at a large scale.

Figure shows a summary of speedups achieved using #Collectives on these bench-
marks, ranging from 1.1x-3.7x, with the ring-family algorithms benefiting the most. We
speculate the reason for the effectiveness is that they have a much wider performance dis-
tribution, as each permutation of the order can potentially generate a different performance
(cost of each hop is on the critical path); they also have simpler cost model, allowing the
solvers to quickly navigate the objective landscape. On the other hand, halving doubling,
BCube, and tree algorithms have complex objectives — sum of maximums, resulting in a nar-
rower performance distribution because mutation of the ordering may not change the cost

at all if the mutation does not cause the critical path to change.

6.3.4 End-to-end Performance Impact on Real-world Applications

Speedup Distributed Gradient Boosted Decision Tree Training. We evaluate ®Collectives’s

impact on LightGBM [72], a gradient boosted decision tree training system. We use data
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parallelism to run lambdarank with metric ndcg. Communication-wise, this workload runs
two tasks: allreduce and reducescatter, and they are called sequentially in each split of the
iteration. At our scale of 512 nodes, Light GBM automatically chooses to use halving and
doubling for both reducescatter and allreduce. We use a dataset that represents an actual
workload in our commercial setting with 5K columns and a total size of 10GB for each node.
We train 1K trees, each with 120 leaves. We exclude the time it takes to load data from disk
to memory and report an average speedup of 1000 iterations. #Collectives generated rank
orders speed up training by 1.3x.

Speedup Distributed Deep Neural Network Training. We show #Collectives’s ef-
fectiveness on distributed training of DNNs with Caffe2/Pytorch, on 64 EC2 p3.8xLarge
nodes with data parallelism and a batch size of 64/GPU. We train AlexNet on the ImageNet
dataset. Since our #Collectives does not change computation and only improves communica-
tion efficiency of the allreduce operation at iteration boundary, we report speedup of training
in terms of images/second, averaged across 50 iterations. We use the ring chunked algorithm,
which achieves the best baseline performance, and the ®Collectives-optimized rank ordering

of VM nodes achieves a speedup of 1.2x.
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Chapter 7
CONCLUSION

The surge of data volume and accelerator throughput demand new optimizations in com-
munication to accelerate distributed learning. This paper argues deficiency in communication
comes from hardware, software and the network infrastructure itself. Through co-designing
of software and hardware and careful probing and exploiting of locality in the physical net-

work, we demonstrate significant end-to-end training speedup can be obtained.
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