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Abstract

The rise of deep learning has resulted in tremendous
demand for compute power, with the FLOPS required for
leading machine learning (ML) research doubling roughly
every 3.5 months since 2012 [1]. This increase in demand
for compute has coincided with the end of Moore’s Law [2].

As a result, major industry players such as NVIDIA, Intel,
and Google have invested in ML accelerators that are
purpose built for deep learning workloads.

ML accelerators present many opportunities and challenges
in production environments. This paper discusses some high
level observations from experience internally at Google.

1. Products Enabled by ML Accelerators

ML accelerators have had transformational impact on
consumer tech products. Many of the recent Al-inspired
products developed across the industry would not have been
possible without gains in compute via ML accelerators.
Notable examples at Google include computational
photography features in Photos and Lens, breakthroughs in
Translate quality, Gmail SmartCompose, and improvements
to Search and Assistant [3, 4]. Similarly, ML accelerators
have powered neural architecture search [15, 20] with
hyperparameter exploration to pick the best of the breed of
large set of models for a given task.

DeepMind’s WaveNet model is particularly illustrative [5].
WaveNet enabled a dramatic jump in text-to-speech quality,
which for the first time approached truly human-sounding
voice. However, the initial version of this model took 1
second to generate just .02 seconds of audio. Through
optimizations enabled by Google’s TPU ML accelerators, it
was possible to achieve a 1000X speed improvement in
audio generation and to launch both in Assistant and as a
Cloud product offering [6].

ML accelerators have led to the launch of new large scale
compute products e.g. NVIDIA’s DGX-2 2 petaFLOPS
system and Google’s TPU v3 pod 100 petaFLOPS system.

2. Overview of ML Accelerator Specialization

ML accelerator chips and the systems which incorporate
them are characterized by a variety of specializations
compared to general purpose CPUs and distributed systems
[2, 13]. These specializations have led to order of magnitude
gains in performance and cost [16], and in turn led to
significant breakthroughs in Al research e.g. AmoebaNet
[17], AlphaGo [18], and BERT [19].

Below, we summarize key specializations tailored to deep
learning, encompassing both supervised and unsupervised
learning with neural networks (NN) [10].

2.1. Instruction Sets

The main instructions for an ML accelerator implement
linear algebra operations such as matrix multiplication and
convolutions. Supported data types allow variable precision
tailored for deep learning workloads such as bfloat16 [11]
and quantized or low-precision arithmetic [2, 13], leading to
advantages in memory use and power savings.

2.2. Memory Hierarchy

ML accelerator instructions operate over block-oriented data
to fully utilize memory and computation capacity. The
memory hierarchy consists of on-chip buffers, on-board
high bandwidth memory to efficiently feed data, and host
memory to hold state across multiple ML accelerators.

2.3. Host Systems and Networks

To enable access to file systems for input/output, debugging
and development workflows, language runtimes, and
general purpose computing stack, ML accelerators are
connected to a host CPU system. Hosts connect to each
other through networks such as Gigabit Ethernet.

ML accelerators connect to hosts through off-the-shelf
networking such as PCle. Accelerator boards also
incorporate customized high speed interconnects that
connect multiple cores on and across boards. This allows for
fast synchronization of state, e.g. by using AllReduce.

3. Software Stack Design

Software stacks for ML accelerators generally strive to
abstract away hardware complexity from developers.
However, the supported ops, data types, and tensor shapes
can differ greatly across hardware platforms and create
limitations. These differences can render parts of a model’s
architecture unsuitable for accelerators. It can be
challenging to adapt models trained on one platform, e.g.
CPU, to run on a different platform for production inference
e.g. TPUvl or mobile devices. Many bespoke solutions
exist, but a good general purpose approach remains an
active area of research, including compilers and runtimes
that abstract away hardware details [7]. In practice, API
design emphasizing helpful error messages greatly improves
developer experience and enables broader adoption.
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4. Developer Experience

Model developers want to accelerate training and inference
across a variety of models. Below we summarize a few key
considerations in porting these computations to accelerators.

4.1 Model Suitability and Decomposition

Operations used by a model must be implemented using the
instruction set of the accelerator e.g. to launch CUDA
kernels. For a modeler, it is a crucial first step to know
which of a model’s ops are not supported on the accelerator
and whether alternatives exist. Beyond compatibility, it is
also important to consider the suitability of ops to run the
accelerator (e.g. matmuls) vs. the host CPU (e.g. I/0).

A common decomposition is to place the input ops on the
host CPU, with its access to the operating system stack,
including file systems, and feed the data to the accelerator.
APISs such as tf.data enable this decomposition [25, 26].

4.2 Batch Sizes and Learning Rates

Large batch sizes help to fully exploit the data parallelism
available in accelerators. However, increasing the batch size
without additional tuning may increase the out-of-sample
error [12]. Hyper-parameter tuning, and warm-up
techniques where learning rate is slowly increased, may be
necessary to obtain quality comparable to lower batch sizes.

4.3 Toolchain - Reproducibility, Performance, and Tests

For a model developer, A/B diff tools integrated into the
workflow are essential to compare metrics around model
convergence (e.g. accuracy, recall, per batch weight
distribution at every step of training) and performance (e.g.
latency, throughput, resource utilization). The diff tools can
quantify model prediction equivalence between CPU and
accelerator based models. Comparing two model versions
both using accelerators is important to track benefits and
trade offs between cost, speed, and utilization. Finally,
continuous quality tests and performance benchmarks across
models must be used to gate models rolling into production.

4.4 Other Considerations

Contemporary large models deployed on multiple
computers use asynchronous stochastic gradient descent
(SGD) [12] to remain efficient on loosely coupled clusters
found in data centers. With dedicated high performance
interconnects, an accelerator-based system can use
Synchronous SGD, which can be beneficial in terms of
accuracy [10].

Other performance optimizations include support for
batching, switching between model versions, model
multi-tenancy to drive higher throughput for inference, and

optimizing lookups of variables in the model graph from
host CPUs to reduce per query cost.

5. Production Deployment

5.1 System Design for Balanced I/0 and Compute

It is important to pay attention to bottlenecks that can creep
into various stages of the training pipeline. For example, we
need to ensure that the CPU host(s) connected to the ML
accelerators can perform data processing, shuffling,
transformation, etc. at a high throughput. If any of these
stages is slow, the entire pipeline will be slow.

5.2. Diverse Hardware Pool Utilization

Traditionally, large-scale data processing used algorithms
such as MapReduce [8] on large clusters of fungible,
commodity hardware sharing the x86 architecture [13].

Accelerators add significant heterogeneity into data center
environments. Ensuring efficient use of diverse hardware
pools to achieve maximum value for an organization is an
open problem. Implementing a dominant resource fairness
policy [14] works well in practice for some training
workloads. However, complications arise while considering
data and traffic proximity, inference latency, and query cost.

5.3. Resource Planning

Timelines for designing new hardware and deploying it to
data centers often stretch over several years. Pricing and
accessibility to resources can significantly determine scale
of adoption and benefit to the organization. Forecasting the
future ML compute needs is uncertain, and driven by
research progress, e.g. new computationally intensive
models such as BERT [19]. When trends are accurately
reflected in ASIC design and data center planning, it can
drive enormous performance improvements [13].

6. Future Work

Several trends point to areas that will be increasingly
important for accelerators over the next few years.

Multitask learning [21, 22], where a single model performs
multiple tasks (e.g. CTR prediction and user like prediction
in a recommender system), is growing in popularity. Today,
the number of tasks is limited and generally related. Models
with orders of magnitude more tasks of greater diversity are
an active area of research [23]. Such models will consume
more data of wider variety, posing I/O challenges. It may be
necessary to distill [24] such giant models and leverage ML
accelerators to make production serving possible.

Transfer learning is a related approach where pre-trained
models are fine tuned to create many different models for
different tasks, often with significant quality wins. If this
grows in prevalence, it will dramatically increase the need
for ML software stacks to consistently run inference on
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model architectures across diverse HW platforms, regardless
of the HW platform used to train the models.
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