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ABSTRACT

Large-batch training approaches have enabled researchers to utilize
distributed processing and greatly accelerate deep neural networks
training. However, there are three problems in current large-batch
research: (1) Although RNN approaches like LSTM have been widely
used in many applications, current large-batch research is princi-
pally focused on CNNs. (2) Even for CNNS, there is no automated
technique for extending the batch size beyond 8K. (3) To keep the
variance in the gradient expectation constant, theory suggests that
a Sqrt Scaling scheme should be used in large-batch training. Unfor-
tunately, there are not many successful applications. In this paper,
we propose Dynamic Adaptive-Tuning Engine (DATE) for better
large-batch training. DATE achieves a 5.3x average speedup over the
baselines for four LSTM-based applications on the same hardware.
We finish the ImageNet training with ResNet-50 in two minutes on
1024 v3 TPUs (76.7% top-1 accuracy), which is the fastest version
as of June of 2019.
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1 INTRODUCTION

Speeding up Deep Neural Network (DNN) training is important
because it can improve the productivity of machine learning re-
searchers and developers. Since the acceleration of training through
exploiting model parallelism is limited, current research principally
focuses on data parallelism. Specifically, a large-batch training ap-
proach has enabled us to successfully exploit large-scale distributed
processing [1, 13, 20, 27, 35, 47, 49]. For example, by scaling the
batch size from 256 to 32K [48], researchers are able to reduce
the training time of ResNet50/ImageNet from 29 hours [14] to 2.2
minutes [47]. However, there are three problems with current large-
batch approaches:
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Figure 1: DATE achieves the constant accuracy when we
scale up the batch size without tuning the parameters (learn-
ing rate, weight decay, and momentum). DATE works better
than previous large-batch techniques [13].

o Although RNN techniques like LSTM [15] have been widely
used, the current large-batch study is mostly focused on CNN
applications. On the other hand, adaptive solvers like Adam
[23] do not beat well-tuned Momentum SGD for ImageNet
training. We want to evaluate Adam for large-batch LSTM
training.

e Even for CNN applications, significant hyper-parameter tun-
ing is required to increase the batch size beyond 8K with no
loss in accuracy. For batch sizes lower than 8K, linear scaling
usually works well for most applications. However, for batch
sizes beyond 8K, even solvers like LARS [48] require users
to manually tune the hyper-parameters (including learning
rate, warmup, weight decay, and momentum).

o Prior successful large-batch training relies on a linear scaling
scheme [13]. However, to keep the variance in the gradient
expectation constant, theory [24] suggests a Sqrt Scaling
scheme should be used. Currently there are not many suc-
cessful large-batch applications using Sqrt Scaling. Our goal
is to show how to make Sqrt Scaling effective in practice.

To solve these problems, we propose a new approach called Dy-
namic Adaptive-Tuning Engine (DATE). DATE enables Sqrt Scaling
to perform well in practice and as a result we achieve a much better
performance than the previous Linear Scaling learning rate scheme.
DATE also includes other techniques like efficient warming-up, auto
LR (learning rate) decay, and runtime LR adaptive updating. For the
GNMT application (Seq2Seq) with LSTM, we are able to scale the
batch size by a factor of 16 without losing accuracy and without
tuning the hyper-parameters mentioned above. For the PTB dataset
with LSTM, we are able to scale the batch size by a factor of 32
without losing accuracy and without tuning the hyper-parameters.
Beyond RNN applications, we also successfully applied DATE in
ImageNet training with ResNet-50. DATE is able to achieve a con-
stant accuracy when we scale the batch size to 32K. DATE works
better than previous large-batch tuning techniques (Figure 1). We
also provide some theoretical explanations for the key techniques
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of DATE. DATE achieves a 5.3x average speedup over the baselines

for 4 LSTM-based applications on the same hardware (Figure 2).

DATE achieves 119% weak scaling efficiency (super-linear speedup)
as we increase the number of TPUv2 chips from 8 to 512. DATE
also achieves a good scaling efficiency for several state-of-the-art

deep learning models on latest TPUv3 chips (Figure 4 - Figure 9).

We finish the ImageNet training with ResNet-50 in two minutes on
1024 v3 TPUs (76.7% top-1 accuracy), which is the fastest version
with 76.5+% accuracy as of June of 2019. We also did not tune the
hyper-parameters.
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Figure 2: The speedups over the baseline, which are achieved

by DATE with different batch sizes on the same hardware.

The leftmost bar is the baseline.

2 BACKGROUND AND RELATED WORK

2.1 Data-Parallelism Mini-Batch SGD

Let us refer to w as the DNN weights, X as the training data, n as
the number of samples in X, and Y as the labels of X. Let us also
denote x; as a sample of X and I(x;, y;, w) as the loss computed
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Figure 3: Tensor Core is the most basic building block of the
TPU system. A TPU-v2 Chip has two tensor cores. 16-by-16
TPU-v2 chips connected via 2D torus is a TPU-v2 Pod.

imageNet Training with AlexNet Scaling Efficiency

= Perfect Scaling
I DATE

4 16 32 64 128
TPUs

Figure 4: 76.66% weak scaling efficiency.

ImageNet Training with Inception-v4 Scaling Efficiency

= Perfect Scaling
I DATE

4 16 32 64 128
TPUs

Figure 5: 84.76% weak scaling efficiency.

by x; and its label y; (i € {1,2,...,n}). A typical loss function is
cross-entropy [12]. The goal of DNN training is to minimize the
loss defined in Equation (1).
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Figure 6: 100.05% percent weak scaling efficiency.
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Figure 7: 92.82% percent weak scaling efficiency.
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Figure 8: 100.08% weak scaling efficiency.
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Figure 9: 81.89% weak scaling efficiency.

At the t-th iteration, we use forward and backward propagation
to get the gradients of weights based on the loss. Then we use the
gradients to update the weights, which is shown in Equation (2):

i1 = wr = V(X3 yi, w) )
where 1 is the learning rate (LR). This method is called as Stochastic
Gradient Descent (SGD). Usually, people do not use a single sample
to compute the loss and the gradients. Instead, they use a batch
of samples at each iteration. Let us refer to the batch of sample at
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t-th iteration as B;. The size of B; is b. Then we update the weights
based on Equation (3).

Wit = we= L0 V(W) 3

This method is called as Mini-Batch SGD. To simplify the notation,
we define the gradient estimator as Vw; := %er B, VI(x,y, w) and
the updating rule in Equation (4) can be denoted as

Wil = W —Vwy 4)

where we use the gradients Vw; to update the weights w;.

2.2 Model Parallelism

2.2.1 Limitation. Due to the data dependency between different
layers in forward propagation and backward propagation, the de-
velopers can not parallelize across different layers. Thus, model
parallelism requires the developers to parallelize within each layer.
In this way, a wider neural network provides a higher parallelism.
However, modern deep learning researchers prefer deep neural
networks to wide neural networks. The reason is that, given the
fixed number of parameters, the deep model can achieve better
results than the wide model. For example, a typical layer of BERT
(the state-of-the-art NLP model) [8] is a 1024-by-1024 matrix. The
widest layer of BERT is a 1024-by-4096 matrix. If we disable the
data parallelism (i.e. set batch size as one), we can not even make
full use of the computational power of one GPU or CPU chip to
accelerate a 1024x1024x1024 matrix multiply.

2.2.2  Work with Data Parallelism. For applications with an ex-
tremely wide model or a large single sample, model parallelism can
work with data parallelism( e.g. Mesh-tensorflow [38]). Assume we
have P nodes in this situation, we partition these P nodes into G
groups (e.g. G=256, P=1024). We use model-parallelism within each
group and data-parallelism across different groups. In this paper,
G = P works well for all of our applications. Thus, we only enable
model parallelism within a single node. We focus on maximizing
the data parallelism (i.e. maximizing the batch size).

2.3 Large-Batch Training Difficulty

Increasing the batch size allows us to scale to more nodes without
reducing the workload on each node. On a modern architecture
like TPUs, reducing the workload often leads to a lower efficiency.
However, when we increase the batch size after a certain point
(e.g. 1024) without a careful optimization scheme, the algorithm
usually suffers from slow convergence. The test accuracy of the
converged solution becomes significantly lower than the baseline
[13, 16, 22, 28]. Keskar et al [22] suggested that there is a general-
ization problem when training with large-batches. The algorithm
usually converges to sharper local minimums, so the test accuracy
will be much lower even when the training accuracy remains high.
For small batches, the training accuracy and test accuracy are closer
to each other. Hoffer et al [16] and Li et al [28] suggests that training
longer will help the algorithm to generalize better and keep the
accuracy higher. On the other hand, Goyal et al [13] can scale the
batch size to 8K without losing accuracy by using a LR scheduling
technique.
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2.4 Large Batch Training Techniques

When we increase the batch size (B), we need to increase the peak LR
to prevent losing accuracy [13]. There are two rules for increasing
the peak LR:

Sqrt Scaling Rule [24]. When we increase the batch size by k
times, we should increase the LR by Vk times to keep the variance
of the gradient estimator constant.

Linear Scaling Rule [24]: When we increase the batch size
by k times, we should increase the LR by k times based on the
assumption that VI(x,y, ws) = VI(x,y, ws+j), where j < B.

Warmup Scheme [13] Usually, under linear scaling rule, kn
is extremely large, which may make the algorithm diverge at the
beginning. Therefore, people set the initial LR 5 to a small value
and increase it gradually to kn in a few epochs (e.g. 5 or 10). This
method is called Gradual Warmup Scheme. There is another
method called as Constant Warmup Scheme, which uses a con-
stant small LR during the first a few epochs. Constant warmup
scheme works efficiently for prototyping object detection and seg-
mentation [10], [29]. Goyal et al. [13] showed that gradual warmup
performs better than constant warmup for ResNet-50 training. Bot-
tou et al. [3] showed that there should be an upper bound of LR
regardless of batch size. Our experimental results are in line with
these findings. Chen et al. [4] also used linear scaling LR scheme in
their experiments when they increase the batch size from 1600 to
6400. However, they did not show the accuracy of the small-batch
baseline.

Krizhevsky [24] reported 1 percent loss in accuracy when he in-
creased the the batch size from 128 to 1024. He achieved 56.7% accu-
racy for using a batch size of 1024 in Imagenet training with AlexNet.
Iandola et al. [19] also scaled the batch size to 1K for AlexNet and
GoogLeNet. Li [27] used a batch size of 5120 for ResNet-101 to train
Imagenet dataset on 160 GPUs. Goyal et al. [13] scaled the batch
size to 8K for ImageNet training with ResNet-50. They used data
parallelism to process ResNet-50 model on 256 NVIDIA P100 GPUs
(equal to 32 NVIDIA DGX-1 stations). The LARS algorithm [48]
was proposed to scale the batch size to 32K for ImageNet training.
The LARS algorithm was implemented on 2048 Intel KNL chips and
finished the ImageNet/ResNet-50 training in 14 minutes [49]. The
LARS algorithm was also implemented on TPU-v3 Pod to finish the
ImageNet/ResNet-50 training in 2.2 minutes [47]. Codreanu et al. [5]
scaled DNN training on 1024 SkyLake CPUs and finished ImageNet
training with ResNet50 in 44 minutes. Akiba et al. [1] scaled the
batch size to 32K and finished the ImageNet training with ResNet50
in 15 minutes. However, their baseline’s accuracy was missing. Jia
et al. [20] combined LARS algorithm with mixed-precision training
[33] and finished the ImageNet training with ResNet50 in 8.6 min-
utes. The other related directions include K-FAC [32] and dynamic
batch size [7, 39]. However, there is no auto-tuning technique for
CNN with a batch size beyond 8K. Moreover, there is no existing
autotuning work for large-batch RNN applications like LSTM. The
hand-tuned process is painful and time-consuming. In this paper,
we study the large-batch algorithms for LSTM applications. We
propose an auto-tuning framework for large batches called DATE
(Dynamic Adaptive-Tuning Engine), which not only performs well
for LSTM applications, but also performs well for CNN applications.
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2.5 Distributed TPU Systems (TPU Pod)

TPU (Tensor Processing Unit) [21] is a powerful architecture target-
ing machine learning applications. TPU v1 is focused on inference
tasks like speech and image recognition. TPU v2 and TPU v3 pro-
vide the high floating-point performance for the training process.
TensorCore is the most basic building block of the TPU system. A
TPU-v2 Chip consists of two compute nodes called TensorNodes.
Each TensorNode can be thought of as a core in a CPU. The Ten-
sorNode has a dense compute unit called TensorCore (Figure 3) and
a sparse compute unit. The MXU (Matrix Multiplier Unit) within
each TensorCore features a drastically different architecture than
typical CPUs and GPUs, called a systolic array. In matrix multiply,
a MXU reuses the inputs several times as part of producing the
output. Each value can be inputted once, but used for various op-
erations without being moved back to a register. Arithmetic Logic
Units (ALUs) are energy-efficient because they are only connected
by adjacent wires. The design is simplified because the ALUs per-
form only multiplications and additions in the constant patterns.
The MXU design is called systolic because the data flows in waves
through the chip, which is the same way that the heart pumps blood.
The specific type of systolic array in the MXU is optimized for re-
ducing power and improving area efficiency in matrix multiply (i.e.
the dominate operation in deep learning). It is not optimized for the
general-purpose computing. This brings an engineering trade-off:
the higher operation density and energy efficiency comes from the
reduced control, registers and operational flexibility.

A group of 16-by-16 TPU chips connected via 2D torus is a TPU
Pod (Figure 3). The Cloud TPU-v2 server includes four TPU chips.
Each Cloud TPU-v2 server provides 180 TFLOPS and 64 GB High
Bandwidth Memory (HBM). A TPU-v2 Pod is made up of 64 TPU-
v2 servers. In theory, a TPU-v2 Pod can provide 11.5 petaflops
performance (16/32 bit mixed precision) and 4 terabytes of HBM
memory. TPU’s 16-bit format is called bfloat16, which is different
form IEEE 754 16 bit (IEEE 754 has 1 sign bit, 5 exponent bits, and
10 mantissa bits. When combined with the 1 "hidden bit", there are
effectively 11 mantissa bits. bfloat16 has 1 sign bit, 8 exponent bits,
and 7 mantissa bits).

3 DATE: Dynamic Adaptive-Tuning Engine (for
large-batch training)

In this section, we introduce DATE framework for large-batch
training. We present the main features of DATE one-by-one.

3.1 Linear Epoch Gradual Warmup (LEGW)

The warmup technique has been successfully applied in the CNN
applications [13, 48]. However, before this paper, most of the RNN
implementations did not use warmup techniques. On the other
hand, warmup has become an additional parameter that requires
developers to tune, which further increases the efforts of DNN
system implementation. To make things worse, large-batch training
usually converges to a sharp local minimum, so a tiny change in
the hyper parameters may have a significant influence on the test
accuracy (Table 1). We propose the Linear-Epoch Gradual Warmup
(LEGW or Leg-Warmup) scheme. When we increase the batch size
by k times, we also increase the warmup epochs by k times. The
intuition is that larger batch size usually needs a large LR. However,
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Table 1: Large-batch training is a sharp minimal prob-
lem. It is easy to miss the global minimum. Tuning the
hyper-parameters requires a lot of efforts. In this exam-
ple ImageNet/ResNet-50 training by LARS solver), we only
slightly changed the LR, the accuracy dropped below the tar-
get 76.3% accuracy.

[ Batch Size [ Init LR [ Warmup [ Epochs [ Top-1 Test Accuracy ]
[ 2048 | 9.94 [ 0.6875epochs [ 90 | 76.97% |
[ 2048 | 10.0 [ 0.6875epochs [ 90 | 75.59% |

a larger LR may make the training algorithm more easily diverge
because the gradient changes dramatically in the beginning of
neural network training. We use a longer warmup to avoid the
divergence of larger LR. Linear epoch warmup means fixing the
warmup iterations as we increase the batch size, which helps us to
stabilize the chaotic early-learning state. It worth noting the users
do not need to change anything. DATE will work like a black box.

3.2 Explanation of LEGW

In general, it is hard to prove why a specific learning rate schedule
works. However, some experimental findings on the change of local
Lipschitz constant during iterations partially explain why LEGW
works better than previous methods.

Consider the update along the gradient direction g = Vf(x).
Assume the update is x « x — ng, the question is: how to choose
learning rate ? One classical idea is to form a second order approx-
imation around current solution x. f(x + A) =

Fx+A) = F(x) + ATV () + %ATVZ FOA, )

and then find A to minimize the approximation function. If we
assume A is in the form of —ng and Hessian is positive definite
along the direction of g (97 V2f(x)g > 0), then the optimal n* is

1 1
g V2 f(x)g/llgl? ~ L(x.9)"
Therefore, ideally the learning rate should be inversely proportional
to L(x,g). Moreover, it is known [11] that the update —ng will

decrease the objective function in a small compact region S if <
minyeg L(+’§) The optimal learning rate is also called the local

arg min f (x — ng) =
n

Lipchitz constant along the gradient direction, and L(x, g) can be
viewed as its approximation. In Figure 11, we plot the values of
L(x, g) for all the iterations in MNIST training with LSTM. It is hard
to compute L(x, g) exactly since V?f(x) involves all the training
samples. So we approximate it using a small batch and compute the
Hessian-vector product by finite difference. For the same reason
it is hard to apply a second order method exactly, but the plots in
the figures show an interesting phenomenon that explains why
linear warmup works. We observe that the value of L(x, g) usually
has a peak in the early iterations, implying a smaller step size
should be used in the beginning (which implies warmup is needed).
Furthermore, the peak tends to shift toward right (almost linearly)
as batch size grows. This intuitively explains our linear warm-up
strategy: when batch size increases, the warm up should be longer
to cover the “peak region”.
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3.3 Sqrt Learning Rate Scaling

To keep the variance in the gradient expectation constant, the-
ory [24] suggests that Sqrt Scaling should be used in large-batch
training. In practice, however, researchers observe that Linear Scal-
ing performs much better than Sqrt Scaling [13, 24, 27, 49]. The
constant-epoch warmup scheme was used together with Linear
Scaling in previous applications. For example, Goyal et al. [13] man-
ually set the warmup length as five epochs. The efficiency of Linear
Scaling only works up to 8K batch size, although researchers are
able to scale the batch size to 32K with signifiant hyper-parameter
tuning (tuning learning rate, warmup, weight decay and momen-
tum for different batch sizes). With LEGW, the Sqrt Scaling scheme
can work well in practice, and is able to match the expectations
of the theoretical analysis. The results are shown in Section 4. We
assume that Sqrt Scaling is built on top of LEGW. The reason is
that the constant number of warmup steps performs better with
the constant variance.

3.4 Roller Coaster Schedule

The adaptive solvers like AdaGrad [9] use the sum of all historical

gradients to decay the learning rate (e.g. ———2—), which is easily

V2 8t O8t

out of control at runtime because of the vanishing and exploding
gradient problems [2]. Thus, in the real-world systems, the state-
of-the-art approach uses a manual way to reduce the learning rate.
For example, in ResNet-50 training, the authors manually reduce
the learning rate by a factor of 10 at 30th, 60th, and 80th epoch
[13]. In ResNet-101 training, the authors manually reduce the LR
by factor of 10 at 50th epoch and 100th epoch [27]. The way of
manual tuning makes the decay scheme too complicated to be used
by amateurs. In this paper, we use an automatic way to decay the
learning rate. Let us assume ¢ is the current number of iterations
we have finished and T is the total number of iterations we need to
finish. We use a roller-coaster way to decay the learning rate after
the warmup stage:

_ (-1 B
1= M G xT \/Bjo'm’"}

where 7j is the lower bound of the LR. There is no need to tune
7i, we set 107° as the default. This way maintains a stable decay
all the way from the post-warmup point to the final stage, which
helps the algorithm converges to the minimum. In our experiments,
this approach is consistently better than the polynomial decay
(power=0.5, 1.0, 2.0) in more than 10 repeated runs.

3.5 Dynamic Per-Layer Stabilized Learning

One successful idea of the LARS solver [48] is to use the ratio be-
tween the L2 norm of the weight and the L2 norm of the gradient at
each iteration to adaptively update the LR. In this way, different lay-
ers will have different speeds of learning. However, one weakness
of LARS is that it requires the users to build on top of a momentum
solver. The users need to manually input the hyper-parameters
like LR and weight decay. If we switch the kernel from momentum
to RMSprop [43], we observe LARS does not converge in some
situations. We use MNIST with LeNet to illustrate the idea here. For
small-batch baseline (batch size = 256), RMSprop achieves 1% test-
ing error rate (i.e. 99% testing accuracy). When we scale the batch



SC’19, Nov 17-22, 2019, Denver, CO

size to 8K, RMSprop only achieves 2.8% error rate. After adding
LARS correction to RMSprop, the accuracy becomes even worse. It
only achieves a 21.8% error rate. For these adaptive solvers, they
already gave a larger learning rate to the weights with a smaller
historical gradient. LARS gives them an even larger learning rate
(Layer 4 in Figure 12). For the slowly-learning layer (i.e. with a
small learning rate), LARS gives them an even smaller learning rate
(Layer 5 in Figure 12). Thus, we correct LARS by a dynamic upper
limit and a dynamic lower limit for LARS ratio at runtime. We also
removed the weight decay from LARS. In this way, we can reduce
the error rate from 21.8% to 1.0% for the 8K batch size.

3.6 Minimal Tuning Effort

By using DATE, the users do not need to manually tune any hyper-
parameters for scaling batch size. For example, the users only need
to input the hyper parameters of a baseline (e.g. batch size = 256)
to the framework. Then the system can automatically scale to the
batch size the users want. The users can treat DATE as a black-
box large-batch training tool. Here, we use a specific example (i.e.
MNIST training by LeNet) to illustrate the details inside DATE
framework.

First, we explain the way used in state-of-the-art deep learning
system [13], which is a manually-tuned approach. The LeNet/MNIST
training has 30 epochs. The baseline’s batch size, number of iter-
ations, learning rate, and warmup epochs are By=1024, Ip=1755,
170=1.25x1073, and wp=2, respectively (notations are explained in
Algorithm 1). The baseline works in this way:

o In the initial two epochs (117 iterations), the users gradually
increase LR from 0 to 1.25x1072 in a linear way.

o In the (2, 10] epochs (469 iterations), the constant learning
rate of 1.25x1073 will be used.

o In the (10, 20] epochs (586 iterations), the constant learning
rate of 1.25x10™% will be used.

o In the (20, 27] epochs (410 iterations), the constant learning
rate of 1.25x107> will be used.

e In the (27, 30] epochs (176 iterations), the constant learning
rate of 1.25x107° will be used.

If the user scales up the batch size by k times, they need to increase
the learning rate by k times. For example, the 8K batch size uses a
peak learning rate of 0.01. In the same way, the users first warm up
the LR in the first two epochs and then reduce the LR by multiplying
it by 0.1 at 10th, 20th, and 27th epoch. The idea is illustrated in
Figure 10.1. Some users may feel there are too many parameters to
tune in this scheme. The users may need to decide in which epoch
to decay the learning rate, and how much the learning rate should
be reduced each time.

In DATE, the user only needs to input the baseline information.
DATE automatically do the following for a batch size of 8K (input
of B in Algorithm 1):

e In the initial 16 epochs (117 iterations), DATE gradually

increases LR from 0 to 1.25x1073x % (line 6 of Algorithm

1). DATE also uses adaptive method to update LR at the
runtime.
e From 16th epoch to 30th epoch (from 118th to 220th itera-

tion), DATE uses a LR of max{ (1_(2207” % 1.25 X 1073 x

2/30)x220
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%, 107} at t-th iteration. DATE also uses adaptive method

to update LR at the runtime.

The idea is illustrated in Figure 10.5. Figure 10 includes the main
features of DATE framework and a comparison to the state-of-the-
art approach. Algorithm 1 is an overview of DATE framework.

Algorithm 1: Framework of DATE
Input:

n labeled data points (x;, y;) for training;
Another k labeled data points (X, ;) for testing;
ie{L,2..n}je{1,2 .k}
A baseline with Batch Size By, learning rate 19, warmup epochs wy
and total number of iterations Iy;
A target large batch size B;
Output:
Trained Model of large batch B;
Test Accuracy of large batch B

Bwgy
1 The warmup epochs w = By

2 The number of iterations I = %
3 fori €1:1do
4 E= % (the current epoch)
5 if E < wthen
o | | n=EEmor (£rEn
7 else
8 =max{ﬂ X B 1o, 1076}
n (T=w/E)xI B, 10>
9 L = {the number of layers}
10 forj€1:Ldo
11 w = {the weight of layer- j}
12 g = {the gradient of layer-j}
13 if ||g|l2 == 0 or ||w|]z == 0 then
14 L r = min{max{1.0, lower_limit}, upper_limit}
15 else
16 L r = min{max{ \ll‘\gv‘l‘\zz , lower_limit}, upper_limit}
17 1 = rn (runtime correction)
18 apply_gradient_update(w, g, 1) based on the optimizer (SGD,
momentum, AdaGrad, or RMSProp)

4 EXPERIMENTAL RESULTS

In all the comparisons of this paper, different methods will use the
same hardware and run the same number of epochs (i.e. the same
number of floating point operations). We use several real-world
applications to evaluate our approach. The models and datasets are
shown in Table 2. Besides the LSTM applications, we also include
the traditional CNN applications like MNIST/LeNet training and
ImageNet/ResNet-50 training.

Table 2: The applications we used to evaluate our method.

[ Model [ Dataset [ Type [ Samples [ Metric & Reference ]
LeNet MNIST Small 60K/10K 99.2% a&:curacy1
1-layer LSTM MNIST Small 60K/10K 98.7% accuracy2
PTB-small PTB Medium | 930K/82K 116 perplexity3
PTB-large PTB Medium | 930K/82K 78 perplexity4
GNMT wmtl6 Large 3.5M/3K 21.8 BLEU®
ResNet50 ImageNet Large 1.3M/5K 75.3% accuracy6
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4.1 The LSTM applications

4.1.1 Handwritten Digits Recognition for MNIST. We use the
MNIST dataset [26] to train a pure-LSTM model. We partition each
image as 28-step input vectors. The dimension of each input vector
is 28-by-1. Then we have a 128-by-28 transform layer before the
LSTM layer, which means the actual LSTM input vector is 128-by-1.
The hidden dimension of LSTM layer is 128. Thus the cell kernel of
LSTM layer is a 256-by-512 matrix. The state-of-the-art single-layer
LSTM achieved 97.27% accuracy for MNIST dataset [34, 44, 50]. Af-
ter a careful model design, we achieved 98.7% accuracy in 25 epochs
training. The baseline uses a momentum solver (momentum=0.9)
and constant learning rate. The baseline’s batch size is 128. Our goal
is to scale the batch size to 8K without losing accuracy. A batch size
over 8K on a V100 GPU or a TPU-v2 server will get no additional
speedup, so we stop at 8K. The effect of DATE is shown in Figures
16, 17 and 18. These figures show that DATE is able to beat the
comprehensive tuning solver and the Adam solver.

4.1.2 Language Modeling for PTB Dataset. The Penn Tree-
bank (PTB) [31] dataset selected 2,499 stories from a three year
Wall Street Journal (WS]J) collection of 98,732 stories for syntactic
annotation. The vocabulary has 10,000 words. After word embed-
ding, the input vector length is 200 and 1500 for PTB-small model
and PTB-large model’, respectively. The sequence length is 20 and
35 for PTB-small and PTB-large. Our LSTM model has two lay-
ers. The hidden dimensions of both these two layers are 200 for
PTB-small and 1500 for PTB-large. For both layers, the LSTM Cell
Kernel is an 400-by-800 matrix for PTB-small and 3000-by-6000
matrix for PTB-large. We use perplexity to evaluate the correctness
of our LSTM model (a lower perplexity means a better result). After
a 13-epoch training, PTB-small can achieve a perplexity® of 116.
After a 55-epoch training, PTB-large can achieve a perplexity® of
78. For PTB-small, the baseline uses a momentum optimizer (mo-
mentum=0.9) and exponential learning rate decay. The model uses
constant learning rate in the first seven epochs. Then the learning
rate will be decayed by 0.4 after each epoch. For PTB-large, the
baseline uses the LARS solver [48] and poly decay (power=2.0). The
baseline’s batch size is 20. Our goal is to scale the batch size to
640 without increasing perplexity. The effect of DATE is shown in
Figure 16, which is able to beat the Adam solver. The batch size
over 640 will lead to an out-of-memory error on a V100 GPU, so
we stop at 640.

4.1.3 Google Neural Machine Translation (GNMT). GNMT
or seq2seq [30, 46] is a state-of-the-art machine translation tech-
nique. We use WMT16 English-German translation dataset for train-
ing. The encoder and decoder are using shared embeddings. The
encoder includes 4 LSTM layers. The hidden dimension is 1024. The
first layer is bidirectional, the rest are undirectional. The residual

!https://github.com/tensorflow/models/tree/master/official/mnist
Zhttps://medium.com/machine-learning-algorithms
3https://github.com/tensorflow/models/blob/master/tutorials/rnn/ptb/ptb_word_lm.py
4https://github.com/tensorflow/models/blob/master/tutorials/rn/ptb/ptb_word_lm.py
Shttps://github.com/mlperf/training/tree/master/rnn_translator
Ohttps://github.com/KaimingHe/deep-residual-networks
"https://github.com/tensorflow/models/blob/master/tutorials/rnn/ptb/ptb_word_lm.py
8https://github.com/tensorflow/models/blob/master/tutorials/rnn/ptb/ptb_word_lm.py
“https://github.com/tensorflow/models/blob/master/tutorials/rnn/ptb/ptb_word_lm.py
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connections start from 3rd layer. The decoder includes 4 unidirec-
tional LSTM layers with hidden size 1024 and a fully-connected
classifier. The residual connections start from 3rd layer. We use
normalized Bahdanau attention (gnmt_v2 attention mechanism).
We use BLEU score on newstest2014 dataset as the quality metric
(higher is better). The BLEU score is reported by sacrebleu package.
The baseline achieves a BLEU score!® of 21.80. The effect of DATE
is shown in Table 3 and Figure 16, which demonstrates that we can
scale the batch size to 4K without losing accuracy. A batch size over
4K will lead to an out-of-memory error on a TPU, so we stop at 4K.

4.2 Compared to Adaptive Solvers

Our goal is to minimize the tuning effort for large-batch training.
To evaluate this we need to pick an adaptive solver as a baseline for
comparison. We fully evaluate a total of seven solvers: SGD [37],
Momentum [36], Nesterov [40], Adagrad [9], RMSprop [12], Adam
[23], Adadelta [51]. We pick Adam and Adadelta as the baseline
for adaptive solvers because they do not require the users to input
hyper-parameters. For MNIST and PTB datasets, we observe Adam
performs much better than Adadelta (Figure 13). Moreover, Adam
is able to beat the existing tuning techniques (Figure 15). Thus, we
use Adam as the adaptive solver baseline for comparison.

The comparison between Adam and DATE is shown in Figure
16. We observe DATE performs better than Adam for PTB and
GNMT applications in the same number of epochs. DATE’s accuracy
changes less than Adam when we scale up the batch size. It is
worth noting that we carefully tuned the learning rate of Adam
solver and made sure it gets the best performance. For MNIST
application, the tuning space is {0.0001, 0.0002, 0.0003, ..., 0.0010}.
For PTB application, the tuning space is {0.001, 0.002, 0.003, ..., 0.020}
and {0.0001, 0.0002, 0.0003, ..., 0.0020}. For GNMT application, the
tuning space is {0.001, 0.002, 0.003, ..., 0.020} and {0.0001, 0.0002,
0.0003, ..., 0.0020}. Figure 14 also shows that DATE performs better
than the tuned Adam solver for PTB-large and GNMT applications.
Therefore, we conclude that DATE is a better auto-tuning scheme
compared to state-of-the-art approaches.

4.3 Comparison to Comprehensive Tuning

To prove the effectiveness of DATE, we make a comparison between
DATE and the comprehensive tuning baseline for the largest batch
size. For the MNIST dataset, since the model uses a constant learning
rate for momentum solver. We comprehensively tune the learning
rate and find only the range of [0.01, 0.16] is effective. After tuning
the learning rate from 0.01 to 0.16, we observe that DATE’s accuracy
is higher than the best tuned version (Figure 17.1). For PTB dataset,
the baseline uses the SGD optimizer. We comprehensively tune the
initial learning rate for baseline and we find only the range from
0.1 to 1.6 is effective. Then we tune the learning rate within the
effective range, the baseline’s highest accuracy is still lower than
DATE'’s accuracy (Figure 17.2). We also run the training algorithms
long enough to make sure all of them are converged. For MNIST
dataset, we increase the number of epochs from 25 to 100. For PTB
dataset, we increase the number epochs from 13 to 50. Even when
comprehensive turning versions are allowed to run longer, DATE

Ohttps://github.com/mlperf/training/tree/master/rnn_translator
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Table 3: By using DATE, we can scale the batch size of
GNMT training from 256 to 4K without influencing the
BLEU score. The baseline’s BLEU score is 21.8. Since linear
warmup epochs means fixed the warmup iterations, DATE
sets the warmup iterations as 200.

[ Batch Size [ Init LR [ ‘Warmup [ Epochs [ BLEU ]
256 27057103 | 0.0145 epochs 2 22.7
512 2907103 | 0.0290 epochs 2 22.9
1024 2957103 | 0.0580 epochs 2 22.6
2048 2507103 | 0.1160 epochs 2 22.5
4096 2157103 | 0.2320 epochs 2 22.2

Table 4: DATE scales the batch size for ImageNet training
by ResNet-50 without tuning hype-parameters. According
to Stanford DAWN benchmark, 93% top-5 accuracy for Ima-
geNet is the metric of a correct ResNet50 model.

[ Batch Size [ Init LR [ Warmup [ Epochs [ Top-5 Accuracy ]

1024 225 10/2° epochs 90 0.9336
2048 2301 10/2% epochs 90 0.9325
4096 235 10/23 epochs 90 0.9334
8192 240 10/2% epochs 90 0.9355
16384 25 10/2T epochs 90 0.9343
32768 250 10 epochs 90 0.9318

is still able to beat them in accuracy (Figure 18). To repeat, DATE
does not require hyper-parameter tuning.

4.4 ImageNet Training with ResNet-50

To show its robustness, we also apply DATE to the large-scale
image classifications. We use DATE in ImageNet training with
ResNet50. According to Stanford DAWN benchmark!!, 93% top-5
accuracy is the metric of a correct ResNet50 implementation. We are
able to scale the batch size to 32K and achieve the target accuracy
without tuning hype-parameters (Table 4). We achieved a constant
performance and a higher accuracy compared to existing tuning
schemes (Figure 1).

4.5 Energy-Efficient Communication

The communication is becoming a major cost for the energy con-
sumption [6]. In our profiling result, the cost of a single floating
point operation is around 100 pJ. However, the cost to move a word
off-chip to a neighboring node is around 2500 pJ. In addition to
the speed improvement, we want to reduce the energy cost of the
communication over the network. Our results shown that DATE
can significantly reduce the communication energy cost (Figure
19).

5 SPEEDUP AND SCALING

For ImageNet training with ResNet50, our auto-tuning approach
is able to scale the batch size to 32K without losing accuracy. On
a TPU-v2 Pod, we are able to finish the training in 7 minutes. The
baseline [13] can only scale the batch size to 8K, which takes 16
minutes on the same TPU-v2 Pod. Ying et al. [47] are able to finish
the ImageNet training with ResNet-50 in 2.2 minutes by LARS

Hhttps://dawn.cs.stanford.edu/benchmark/
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solver [48]; however, they use a better hardware (i.e. TPU-v3 Pod).
If we port their code to TPU-v2 Pod, they achieve the same speed
as us. The difference between our results and theirs is that they
need to tune the hyper-parameters manually while we design an
auto-tuning technique. This paper does not claim the contribution
of implementing LARS on TPUs. We claim the contribution of the
design of DATE and implementing DATE on TPUs, which does not
decrease the system speed. We got 119% weak scaling efficiency
when we scale from one cloud TPU server to one TPU Pod (equals to
64 cloud TPU severs). The training on one cloud TPU server requires
8 hours and 52.5 minutes (76.1X speedup). The reason behind the
superlinear speedup is that we reduce the number of iterations
linearly as we increase the batch size (line 2 of Algorithm 1). The
number of communication messages is linear with the number
of iterations. For the other four LSTM-based applications, DATE
can also help the system utilize a much larger batch size without
sacrificing accuracy. This leads to significant speedups on all the
four datasets (Figure 2). For example, our GNMT baseline with a
batch size of 256 needs more than 2 hours to finish the training on
a cloud TPU-v2. With DATE, the GNMT with a batch size of 4096
can finish the training in 33 minutes on the same cloud TPU-v2. In
summary, DATE achieves a 5.3X average speedup over the baselines
for 4 LSTM-based applications on the same hardware.

5.1 Scaling on Various Models

In this section, we present more scaling results. We also want to
study the impact of DATE on different architectures that achieve
the same goal on the same dataset. We pick the ImageNet dataset
as it has driven the deep learning and HPC communities in recent
years. We pick several state-of-the-art models that were proposed
in recent years: AlexNet [25], Inception-v4 [41], MnasNet [42],
MobileNet [17], ResNet-50 [14], and SqueezeNet [18]. As mentioned
in previous sections, DATE can achieve the consistent accuracy
without hyper-parameter tuning when we scale the batch size to
extremely large cases. In this section, we focus on the system scaling
abilities of DATE. We focus on weak scaling study in this section
because we want to make sure each node is fully utilized as we
scale the number of nodes. We use 128 v3 TPU chips (latest TPUs)
in the section. The data in previous sections are measured by v2
TPU chips. The baseline uses four TPU chips and a batch size of
256 (i.e. 64 per chip). We keeps workload per chip constant and
increases the number of chips from 4 to 16, 32, 64, and 128. Figure
4 - Figure 9 show the scaling results. From these figures we can see
that DATE can achieve good scaling results for all the models. The
best scaling efficiency (100.08%) is achieved on ResNet-50 while
the worst scaling efficiency is achieved on AlexNet (76.66%). The
scaling efficiency of ResNet-50 in this section is different from the
efficiency in Section 4.4. The reason is that they use the different
hardware (chips and network).

To explain the difference in scaling efficiency for different mod-
els, let us define the computational intensity here, which is a similar
concept in the Roofline study [45]. We define the computational
intensity as the ratio between the computation volume and the
communication volume. Here, the computation volume means the
number of floating-point operations required to process each image.
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The communication volume means the number of parameters trans- state-of-the-art
—— Batch Size = 1K

ferred in each message. For deep learning applications, the number oo Batch Sze = 1K
of parameters transferred in each message is equal to the number ooe Batch Size = 4K
of parameters in the gradients (i.e. the number of parameters in the B
model). For AlexNet, the model has 61 million parameters and it
requires 1.5 billion operations to process each image. Thus, AlexNet
has a computational intensity of 24.6. For ResNet-50, the model
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tearning Rate
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has 25 million parameters and it requires 7.7 billion operations to

process each image. Thus, ResNet-50 has a computational intensity D ) : Epochs ) ) )
of 308. That is the reason why ResNet-50 has a much higher than 10.1
scaling efficiency than AlexNet (100.08% vs 76.66%). DATE is well
- . . . . Baseline
optimized as it can achieve a good scaling efficiency even the model - —
has a low computational intensity. The same analysis works for o Batch Size = 2K
other models. 3" T D Se -
O pooe.
-
6 CONCLUSION [
DATE is an auto-tuning method equipped with auto-tuning warmup, 2
LR Scaling, LR decay and adaptive LR updating techniques. In prac- -
tice, DATE performs well on both RNN applications and CNN ap- ' ’ ? Epachs ? ? !
plications. For LSTM applications, we are able to scale the batch 10.2

size by a factor of 64x without losing accuracy and without tun-
ing the hyper-parameters. For CNN applications, DATE is able to Baseline + LEGW + Decay

keep accuracy constant even as we scale the batch size to 32K, and ::: — g::z: z:iz - ;E
we have demonstrated that DATE works uniformly better than % o Batch Size = 4K
previous large-batch auto-tuning techniques (Figure 1). For four o] BCh Size = 8K
LSTM applications, while running on the same hardware, DATE E oams
achieves a 5.3X average speedup. We also provide some theoretical o
explanations for the key techniques of DATE. e
7 ACKNOWLEDGE Epochs
JD and YY are supported by the U.S. DOE Office of Science, Office 103
of Advanced Scientific Computing Research, Applied Mathematics Baseline + LEGW + Decay
program under Award Number DE-SC0010200; by DARPA Award ooz —— Batch Size = 1K
Number HR0011-12- 2-0016, ASPIRE Lab industrial sponsors and af- 2" EZZ: :: = ii
filiates Intel, Google, HP, Huawei, LGE, Nokia, NVIDIA, Oracle and % m —— Batch Size = 8K
Samsung. Other industrial sponsors include Mathworks and Cray. £
In addition to ASPIRE sponsors, KK is supported by an auxiliary § oo
Deep Learning ISRA from Intel. CJH also thank NSF via IIS-1901527, = oas
XSEDE and Nvidia for the support. We thank CSCS for granting us el . - - - - -
access to Piz Daint resources. Epochs
10.4
Baseline + LEGW + Decay + Dynamic
" —— Batch Size = 1K
@ 008 Batch Size = 2K
] Batch Size = 4K
LS —— Batch Size = 8K
£
& oot
‘ci
3.

3
Epochs

10.5

Figure 10: This figure illustrates the main features of DATE
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art approach, and the DATE framework. The application is
LeNet/MNIST training, which totally needs 30 epochs.
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Figure 15: Adam can beat existing tuning techniques. We
tune the learning rate for batch size = 128 and refer to it
as 1o. Let us also refer to batch size as B. In Figure 15.1, all
the tuning versions use 7. In Figure 15.2, all the tuning ver-
sions use the linear scaling scheme (i.e. 79 X B/128). In Figure
15.3, all the tuning versions use the linear scaling scheme
(i.e. no X B/128) and poly decay with power = 2. In Figure
15.4, all the tuning versions use the linear scaling scheme (i.e.
no X B/128), poly decay with power = 2, and 5-epoch warmup.
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Figure 17: The data in this figure is collected from 8K batch
size. Even when we comprehensively tune the learning rate
of the baseline, it still is not able to beat DATE. For other
hyper-parameters, DATE uses the same setting with the
baseline.
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Single-layer LSTM for MNIST (100 Epochs)

om0
a0z
015
DATE 0.

01 002 003 004 005 006 007 008 009 010 01l 012 013 014 015 016
Learning Rate

Error Rate

H

18.1

Two-layer LSTM for PTB (50 Epochs)

LEGW 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16

Learning Rate

& g 8

Test Perplexity
g

18.2

Figure 18: The data in this figure is collected from 640 batch
size. Even we comprehensively tune the initial learning rate
of the baseline, it still is not able to beat DATE. For other hy-
per parameters, DATE uses the same setting with the base-
line. Furthermore, we run the training long enough to make
sure all of them are converged. DATE is still better.
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Figure 19: Let us use Er to denote the network communi-
cation energy cost in pJ. In our experiments, the baseline
uses a batch size of 256. Large-batch approach increases the
batch size to 32K and reduces the communication energy
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communication energy cost from Er to Er/100 by enabling
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