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Chapter 1. Quick Start Checklist

The following quick start checklist provides specific tips for layers whose performance is
limited by memory accesses.

‣ Explore the available implementations of each layer in the NVIDIA cuDNN API Reference
or your framework. Often the best way to improve performance is to choose a more
efficient implementation. For example, persistent implementations of batch normalization
require fewer loads from memory.

‣ Be aware of the number of memory accesses required for each layer. Performance of a
memory-bound calculation is simply based on the number of inputs, outputs, and weights
that need to be loaded and/or stored per pass. We don’t have recommended parameter
tweaks for these layers.

‣ Be aware of the impact of each layer on the overall training step performance. Memory-
bound layers are most likely to take a significant amount of time in small networks where
there are no large and computation-heavy layers to dominate performance.

https://docs.nvidia.com/deeplearning/cudnn/api/index.html
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Chapter 2. Memory-Limited Layers

Many types of layers used in deep learning models, including normalization, activation
functions, and pooling layers, involve relatively few calculations per input and output value.
On the GPU, forward and backward propagation of these layers is expected to be limited by
memory transfer times.

The reasons behind this are explained in greater detail in the NVIDIA GPU Performance
Background User's Guide. This guide focuses on performance trends common among
memory-limited layers and any important algorithm and parameter choices for each.

https://docs.nvidia.com/deeplearning/performance/dl-performance-gpu-background/index.html
https://docs.nvidia.com/deeplearning/performance/dl-performance-gpu-background/index.html
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Chapter 3. Normalization

Normalization layers are a popular tool to improve regularization in training.

There are many variants of normalization operations, differing in the “region” of the input
tensor that is being operated on (for example, batch normalization operating on all pixels
within a color channel, and layer normalization operating on all pixels within a mini-batch
sample). All these operations have very similar performance behavior; they are all limited by
memory bandwidth. As an example, let’s consider batch normalization.

3.1.  Batch Normalization
Batch normalization (BN) layers take a 4D (NCHW or other layout) tensor as input, normalize,
scale, and shift all the pixels within each channel C. In most convolutional neural networks,
BN layers follow after a convolutional layer.

Batch normalization does not have enough operations per value in the input tensor to be math
limited on any modern GPU; the time taken to perform the batch normalization is therefore
primarily determined by the size of the input tensor and the available memory bandwidth.

Figure 1. Duration of spatial and persistent spatial batch normalization in
two different regions with NCHW data. Note that both axes are
logarithmically scaled. NVIDIA A100-SXM4-80GB, CUDA 11.2,
cuDNN 8.1.

(a) (b)
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When input tensors are very small, duration does not change with input size (Figure 1 (a),
with batch size below 64 for forward training). This is due to tensors being small enough that
memory bandwidth isn’t fully utilized. However, for larger inputs, the duration increases close
to linearly with size (Figure 1 (b)); it will take twice as long to move twice as many input and
output values.

Two different algorithm options are benchmarked Figure 1. Non-persistent batch
normalization is a multi-pass algorithm, where input data will be read one or more times to
compute statistics such as mean and variance, then read again to be normalized. When inputs
are small enough, a better single-pass algorithm (persistent batch normalization) can be used
by cuDNN - here, inputs are read once into on-chip GPU memory, and then both statistics
computation and normalization is performed from there, without any additional data reads.
Fewer data reads result in reduced traffic to off-chip memory, which - for constant bandwidth
- means the duration is reduced. In other words, spatial persistent batch normalization is
faster than its non-persistent variant.

Figure 2. Duration of persistent spatial batch normalization in two
different regions, this time with NHWC data. Note that both
axes are logarithmically scaled. NVIDIA A100-SXM4-80GB,
CUDA 11.2, cuDNN 8.1.

(a) (b)

Similar trends can be seen when NHWC data is used.
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Chapter 4. Activations

Activation functions typically follow a fully-connected, convolutional, or recurrent layer in a
network. These functions are applied to each activation value independently, hence we refer to
them as “element-wise” operations.

The shape of the activation tensor remains unchanged. For details on a possible
implementation of activation functions, see the documentation for cudnnActivationForward()
and cudnnActivationBackward(). Deep learning frameworks such as TensorFlow and PyTorch
often use their own (non-cuDNN) implementations and libraries to execute activation
functions, for example via the Eigen library in TensorFlow 1.13. Regardless of implementation,
the general performance behavior of activation functions (and other element-wise operations)
on the GPU is always the same, as we’ll describe below.

https://docs.nvidia.com/deeplearning/sdk/cudnn-api/index.html#cudnnActivationForward
https://docs.nvidia.com/deeplearning/sdk/cudnn-api/index.html#cudnnActivationBackward
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Figure 3. Duration of forward and backward propagation of activation
functions is proportional to input size (N*H*W*C here). Note
that both axes are scaled logarithmically. NVIDIA A100-
SXM4-80GB, CUDA 11.2, cuDNN 8.1.

These functions involve few enough calculations that their forward and backward propagation
speed is dictated by memory bandwidth. Sigmoid, ReLU, and tanh functions all rely only on
the individual activation value, and so have very similar memory access requirements and
thus performance. Figure 3 shows that duration is consistently proportional to the number of
activations (here, N*H*W*C). Consequently, reducing the number of activations is the only way
to speed up activation functions. As an exception to this rule, very small activation tensors may
not be transferring enough data to and from memory to saturate bandwidth; this behavior is
visible for the smallest batch sizes in the backward activation chart for the H=W=32 case shown
in Figure 3.
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Chapter 5. Pooling

Pooling layers are commonly used in neural networks to introduce robustness to small
spatial variations in the input, and to reduce the spatial dimensions (height and width) of the
activations flowing through the neural network. They are defined by the dimensions of the
input (N x H x W x C), the type of pooling (for example, maximum or average across the
activations inside the pooling window), the size and shape of the pooling window (win_h and
win_w), and stride between applications of the pooling window (U and V).

Figure 4. Duration becomes proportional to the input size for larger
dimensions. Performance differs for forward and backward
propagation of pooling operations. Note that duration is
normalized over N*H*W*C here. NVIDIA A100-SXM4-80GB,
CUDA 11.2, cuDNN 8.1.

(a) (b)

Most pooling operations practically used in deep neural networks are memory bound, as they
do not perform enough computation per element to amortize the cost of reading the input and
writing the output: Even in an ideal (forward pass) implementation, each element is re-used
only win_h * win_w times. Hence, most practical implementations focus on maximizing the
achieved memory bandwidth utilization, and both implementations are shown in Figure 4 to
reach bandwidth saturation for large-enough inputs. Once saturation is achieved, execution
time is directly proportional to the size of the input tensor.
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