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ABSTRACT

Deep Neural Networks (DNNs) are becoming the prevalent ap-
proach in computer vision, machine learning, natural language
processing, and speech recognition applications. Although DNNs
are perceived as compute-intensive tasks, they also apply intense
pressure on the capacity and bandwidth of the memory hierar-
chy, primarily due to the large intermediate data communicated
across network layers. Prior work on hardware DNN accelerators
leverages the cross-layer data sparsity via fully-customized datap-
aths; however, dynamically compressing/expanding such data is a
challenging task for general-purpose multi-processors with virtual
memory and hardware-managed coherent cache hierarchies.

In this paper, we observe that the DNN intermediate data is either
sequentially streamed or reshaped with a regular transformation be-
tween layers. Hence, accesses to this data can tolerate a sequential or
block sequential compression/expansion without requiring random
element retrieval. Based on this insight, we propose ZCOMP, a CPU
vector ISA extension tailored for DNN cross-layer communication.
ZCOMP compactly represents zero value compression/expansion
and fully automates the metadata generation, storage and retrieval
which eliminates the need for several extra instruction executions
and register usage. ZCOMP can be targeted both for inference and
training to dynamically compress/expand cross-layer data before
being written to memory. Our evaluations for individual layers
and end-to-end DNN networks demonstrate that ZCOMP offers sub-
stantial data traffic reduction, both on-chip across cache-hierarchy
and off-chip to DRAM, and performance improvements over no
compression and existing AVX512 compression approaches.
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1 INTRODUCTION

In the current Big Data era, Deep Neural Networks (DNNs) have
quickly emerged as the new "killer app” for computing hardware.
Data centers and cloud service providers are rapidly deploying
DNN:ss to carry out a wide variety of tasks, such as speech recog-
nition, natural language processing and computer vision. As the
training and inference tasks become more complex, DNN workloads
demand higher compute and memory capabilities. These trends
have turbo-charged the growth of both special-purpose DNN ac-
celerators [6, 18, 19, 24, 29, 35, 41, 44, 55, 55] and DNN-specific
optimizations for general purpose CPUs [5].

While most research on DNN hardware has focused on scaling
compute throughput (operations per second), the memory subsys-
tem is quickly becoming a major bottleneck. The availability of
higher resolution data and use of larger batch sizes has increased
the size of input and intermediate datasets. More importantly, in
order to cope with higher accuracy demands, data scientists have de-
veloped more complex and sophisticated DNN models with higher
numbers of network layers and training parameters (e.g., 152 layers
for Resnet, ILSVRC’15 winner [32] and 140 million parameters for
VGG, ILSVRC’14 winner [51] vs. 8 layers for Alexnet, ILSVRC’12
winner [37]). These networks dynamically generate tens to hun-
dreds of megabytes of intermediate data (activations or feature
maps) per network layer, which needs to be buffered and com-
municated across multiple layers. This data often overwhelms the
on-chip cache capacity and exerts immense pressure on main mem-
ory bandwidth. This has forced DNN hardware to use expensive
memory solutions, such as HBM2 in Google’s TPU2/3 [1].

In order to alleviate the bandwidth bottleneck of DNNs, prior
works have observed that DNNs exhibit significant data sparsity,
making them amenable to data compression techniques. In general,
there are two types of data sparsity in DNNs: model sparsity and
feature map sparsity. Model sparsity is often leveraged via offline
techniques, such as model pruning and quantization. Since feature
maps are generated dynamically and are unique for each input, it is
harder to exploit feature map sparsity by using offline techniques.
One promising technique to leverage feature map sparsity is to
compress feature maps at runtime. Prior works on hardware DNN
accelerators have proposed zero-skipping and zero value compres-
sion for cross-layer feature map communication [12, 19]. These
techniques rely on fully-customized datapaths in order to encode
or skip zero values in the activation data communicated between
network layers. While these techniques are highly effective for
custom-built accelerators, they are challenging for general pur-
pose multi-processor CPUs that need to preserve legacy support for
virtual memory and hardware-managed coherent cache hierarchies.

There is an intense ongoing debate regarding which hardware
approach is most suitable for DNN training and inference: custom
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designed ASIC accelerators, FPGAs, GPUs or general-purpose CPUs.
While accelerators and GPUs often have an edge over CPUs in
terms of raw compute throughput, CPUs offer their unique sets of
advantages as well. Recent studies at Facebook have shown that
when tighter integration is desired between DNN and non-DNN
tasks, CPUs are preferable due to their flexibility, lower latency, and
availability in the datacenter [31]. Recent SIMD extensions, e.g.,
AVX512, have enhanced CPU performance for DNNs. Since CPUs
are already widely deployed in data centers, client and edge devices,
they provide a cost-effective vehicle for the growing DNN inference
and training market, lowering the Total Cost of Ownership (TCO)
compared with the design and development costs of accelerators.
Therefore, it is important to develop CPU-tailored optimizations
for addressing the memory challenges imposed by DNN workloads.

In this paper, we explore instruction set architecture (ISA) exten-
sions for efficiently compressing dynamic data generated by DNNs.
Our proposed techniques are motivated by the following two key
observations: First, feature maps produced by DNN layers often
include large populations of zero value activations interspersed
with non-zero activations. Second, feature map accesses almost
always exhibit perfect streaming patterns, whereby activation data
is sequentially written by one layer and later read sequentially by
another layer, without requiring random element retrievals. We
propose ZCOMP, a CPU vector ISA extension tailored for DNN cross-
layer communication. The function of ZCOMP is to dynamically com-
press/expand data in a memory region before being written/read
to/from the memory hierarchy. It provides high-throughput parallel
execution, transparent interactions with caches and virtual memory,
and a flexible software interface. Specifically, ZCOMP enables zero
data values in feature maps to be compactly encoded, while fully
automating the meta-data generation, storage and retrieval, which
eliminates the need for extra instruction executions and register
usage.

Our paper makes the following key contributions:

e We evaluate feature map memory footprints, their sparsity,
and impact on the memory subsystem for DNN workloads
running on CPUs.

e We analyze existing AVX512-ISA approaches for feature map
compression and demonstrate their limitations.

e We propose ZCOMP, an efficient vector ISA extension tai-
lored for feature map compression, and explain its micro-
architecture and software interface.

o We evaluate ZCOMP by via detailed experimental studies using
Intel Caffe ReLU activation layer for several DeepBench
configurations and full networks from Google TensorFlow.

o Our results show that ZCOMP offers an average 31% reduction
in memory traffic and an average 11% performance improve-
ment for training popular DNNs.

2 BACKGROUND AND MOTIVATION

In this section, we provide a quick overview of DNNs. We also
discuss the main memory needs of DNNs and the sparsity in cross-
layer data transfers which motivates our work.

2.1 Deep Neural Networks

In recent years, Deep Neural Networks (DNNs) have been mas-
sively deployed by the computing industry to carry out various
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data mining , recognition and synthesis tasks. There are many
types of DNNSs, each suited for a specific set of applications. Multi-
layer perceptrons (MLPs) were the first to use backpropagation for
training and were applied to supervised learning problems. Recur-
rent Neural Networks (RNNs) such as Long-short-term-memory
(LSTM) work well for tasks that exhibit time-dependent sequential
behaviors, such as speech recognition and text-to-speech synthesis.
Convolutional Neural Networks (CNNs) are most suitable for com-
puter vision tasks, such as image recognition, image classification
and object detection. In the rest of this section, we use CNNs as an
example to explain the general structure and operation of DNNs.
A CNN consists of multiple network layers: an input layer, an
output layer and many hidden layers. Each hidden layer is respon-
sible for extracting certain features from input data and passing
the extracted information to the next layer. Earlier hidden layers
extract high-level features whereas later layers detect more detailed
features that are eventually used to classify the image into one of
the known categories. The most common layer types used in a CNN
are as follows:
1. Convolution layers. CONV layers are the main building blocks
of CNNs. Each CONV layer applies a set of filters to its input and
generates a feature map which is passed on to the next layer. A
filter in a CONV layer comprises a shared set of parameters (a.k.a.
weights) which are applied to different portions of the input. The
result of these convolutions is passed through an activation func-
tion, typically a Rectified Linear Unit (ReLU) to generate feature
maps which are used as inputs for the next layer.
2. Pooling layers. These layers reduce the activation data size by
combining information from multiple adjacent activations into a
single activation, using either an averaging (AVG-POOL) or maxi-
mum (MAX-POOL) computation.
3. Fully-connected layers. FC layers connect every input to every
output and are generally used as the last few layers of a CNN.
The data used in a CNN is classified into three categories:
1. Inputs. These are the input images that the network either uses
to train itself or classifies/recognizes during inference tasks. The
input data size depends on the image resolution and the batch size
that is being processed by the CNN.
2. Weights. A CNN learns the weights for each network layer
during the training process by comparing known outputs with
current outputs and adjusting the weights accordingly. The total
size of the weight data depends on the complexity of the network,
such as number of layers and weight precision.
3. Activations/Feature maps. Each layer generates a set of output
features by a product-sum of weights with inputs and then passing
the results through a filter, such as ReLU. The input activations to a
layer can either be the input images (in case of the first CONV layer)
or activations propagated from the previous layer. The size of the
activation data generated by a layer is a function of the input batch
size and the number of filters used in the layer. Since pooling layers
reduce the activation data size, latter layers in a CNN typically have
smaller activation footprints than earlier layers.
DNN training vs. inference. DNN training uses large amounts
of input data (e.g., images), each with known outputs, in order to
iteratively learn and update the weights in different network layers.
The entire training process is broken up into a series of training
epochs. Each epoch involves network traversals in both forward
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Figure 1: Zero value ratio and memory footprint for VGG-16.

(called "forward propagation”) and backward (called "backward
propagation") directions. For ease of processing, the input data
is broken up into smaller batches and each batch is propagated
forward and backward once during an epoch. Network weights
are updated during each training epoch. Training stops once the
desired accuracy has been reached. The weights learned during
training are then used to classify inputs during inference.

2.2 Sparsity in DNNs

There are two types of sparsity in DNNs: model sparsity and fea-
ture map (or activation map) sparsity. Model sparsity arises due to
redundancy, zero values and over-precision of weights. Model spar-
sity is leveraged via pruning, quantization and re-training [29, 30].
Generally, compression techniques take trained sparse models as
inputs and then analyze, quantize and compress them offline to
achieve smaller models. These pruned models have fewer weights
and often use reduced precision for inference, possibly preceded by
re-training. Feature map compression, on the other hand, cannot
be achieved with offline processing. Activation maps are gener-
ated uniquely for each input during both training and inference.
Hence, the activation data needs to be dynamically compressed
as it is being generated, which is more challenging than model
compression.

Feature map sparsity arises due to two reasons. First, DNNs
commonly employ rectified linear units (ReLU) as the activation
functions. ReLU maps all negative input values to zeros in the out-
put. Hence the activation maps generated from ReLU-based layers
include large populations of zero values. Second, techniques such
as drop-out randomly discard some of the output activations for
algorithmic reasons (e.g. to avoid over-fitting). Discarded activa-
tions are represented as zero values in the feature map. As a result,
feature maps exhibit a sparse behavior where large fractions of the
elements are zeros. Since each network layer extracts a different set
of features in input data, the location and number of zeros can vary
significantly across different networks/layers/input combinations.

Hence, a dynamic mechanism is needed to capture the sparsity in
feature maps.

Some of the layers in the long DNN pipeline do not have ac-
tivation functions at their outputs. For example, local response
normalization (LRN) layers simply normalize the inputs to a range
of values, or pooling layers selectively pass the inputs based on their
values. Although these layers do not apply ReLU-based activation,
they carry over the sparsity that is generated by the earlier layers.

Figure 1 demonstrates the feature map sparsity characteristics
for VGG-16, one of the popular DNNs. For each network layer, we
show the percentage of zero-value data generated in each train-
ing epoch. We carried out this analysis by profiling a TensorFlow
implementation of VGG-16 with a batch size of 64, executed on a
16-core Skylake-X CPU. We observe that feature map sparsity exists
at all network layers. Generally, pooling layers reduce the sparsity
available at their inputs, whereas CONV layers mostly enhance it.
In our analysis, we have merged the LRN layers with their previous
layers and are not separately reporting sparsity for these layers.
However, we note that LRN layers simply carry over the available
sparsity from previous layers. Based on these insights, we conclude
that in order to fully utilize the available feature map sparsity, a
dynamic compression mechanism needs to be generalized to apply
to all cross-layer data transfers and not just to the activation maps
generated by ReLU functions.

2.3 Memory Requirements for DNNs

Although most prior work on DNNs has focused on their compute
bottlenecks, DNNs also spend significant amount of time on data
movements throughout the memory hierarchy. To quantify the
memory impact on DNN performance, we profiled 5 popular DNNs
implemented using the TensorFlow framework on the Sniper sim-
ulator modeling an AVX512-capable 16-core CPU (details about
our methodology are provided in Section 5). Figure 2 shows the
breakdown of CPU stall cycles caused by compute, memory and
synchronization operations. It is worth noting that DNN workloads
spend a large fraction (24%-41%) of their execution time stalled
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Figure 2: CPU cycle breakdown for DNN benchmarks.
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benchmarks.

due to memory accesses. This data motivates the need for memory
optimizations tailored for DNNs.

The memory system bottleneck will become more critical in
the future due to two key reasons. First, processors will continue
to incorporate hardware customizations and ISA extensions to
improve raw compute throughput, which would reduce compute
stall cycles. Second, future trends in DNNs are likely to put more
pressure on on-chip cache capacity and memory bandwidth [42].
For example, more accurate implementations of common tasks,
such as image understanding, object detection, action recognition
and video inference require larger feature maps. Furthermore, for
distributed large-scale inference, larger batches are preferred to
improve throughput which increases the memory bandwidth and
capacity needs.

We analyzed the memory capacity usage of DNN benchmarks.
Figure 3 shows the memory capacity consumed by different data
types in each DNN. For this analysis, we used a batch size of 64 for all
networks except for ResNet, which uses 128. We observe that cross-
layer feature map data accounts for the majority of the memory
footprint. Another big source of memory usage is the gradient
maps which are communicated between layers during backward
propagation. We also carried out a layer-by-layer analysis of the
feature map and weight footprints for the VGG-16 network, shown
in Figure 1(b). We note that earlier DNN layers, which are generally
very wide, often generate hundreds of MegaBytes of cross-layer
feature map data, whereas the weight data is only dominant in the
fully-connected layers. Moreover, the use of larger batch sizes will
cause further increases in the feature map footprint relative to the
weight footprint.
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It is also worth noting that feature map data generated by a layer
exhibits distinct short-term and long-term reuses. First, feature
maps from one layer are passed to the next layer as inputs. Due to
the all-to-all nature of inter-layer communication, all the activation
data in a layer is fully calculated, and then passed to the next layer.
This short-term reuse often stresses only the on-chip cache capacity
and bandwidth. However, for complex networks and large batch
sizes, the feature map produced by even a single layer can exceed
the on-chip cache capacity, thereby exposing the main memory
bandwidth bottleneck. Second, feature maps that were calculated
during the forward pass are re-used during the backward pass in
order to calculate the weight changes. Since feature maps generated
by all layers need to be accumulated and remain buffered in the
main memory during the forward pass, this long-term reuse exerts
pressure on both main memory capacity and bandwidth.

2.4 CPUs for Deep Learning

Substantial performance improvements for deep learning work-
loads are achieved by using various accelerators including GPUs
[6, 20], FPGAs [24, 40], and custom ASIC systems [19, 35, 41, 55].
However, CPUs still provide unique advantages for deep learn-
ing workloads. Recent studies at Facebook ([31, 42]) highlight that
availability, flexibility and low latency of CPU platforms are highly
valuable for deep learning. CPUs are preferred especially when a
tighter integration between deep learning workloads with other
business services is needed. CPUs also provide cost-effectiveness
due to the additional design and deployment costs of accelerators.
Consequently, inference workloads are run primarily on CPUs,
whereas training often targets CPUs, GPUs or both for various
services [31].

Recent SIMD ISA extensions, e.g., AVX512, have enhanced CPU
performance in data-parallel computing, making CPUs more attrac-
tive for DNNs. Several new Vector Neural Network Instructions
(VNNI) are included in AVX512 extensions, which specifically target
DNN workload requirements and provide hardware customizations
to the CPUs in the form of ISA extensions. As these instructions im-
prove CPUs compute capability for deep learning, the performance
impact of memory becomes even more important.

3 ZCOMP MICRO-ARCHITECTURE

In this section, we present ZCOMP SIMD instruction family as a vec-
tor extension that is similar to other instruction families within
AVX512 of x86 ISA [5]. We define two new ZCOMP instructions:
zcompl and zcomps. zcompl is used to load and decompress the ele-
ments, whereas zcomps compresses and stores them. As is common
in x86, each instruction has multiple variants to support different
data types (e.g. int8, fp16, int, fp32, double, etc.). Throughout the
paper, we will assume 32-bit float by default, as it is a common
data type implemented in the deep learning frameworks we eval-
uated (Tensorflow [7] and Caffe [34]) and fp16 support is limited
in current CPUs. However, the proposed concepts can be easily
extended to other data types. We next describe two different vari-
ants of zcompl and zcomps: (i) interleaved header and (ii) separate
header.
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3.1 Interleaved Header zcomps and zcompl

zcomps is a SIMD vector instruction that operates on 512 bit data
similar to other x86-AVX512 instructions (but it can be general-
ized to target different vector widths). The micro-architecture of
zcomps with interleaved header is shown in Figure 4. Interleaved-
header zcomps requires two input registers (regl and reg2) and a
comparison condition flag (CCF). It is used in the form of “zcomps [reg2],
regl, #CCF”. It takes the input vector via the regl register operand
(e.g. a 512-bit SIMD register) and stores the compressed version
into the memory region starting from the location pointed by the
reg2 operand (i.e. register indirect access as represented with [ ]).
Finally, the third operand, #CCF, is an immediate field that holds
the comparison condition for the elements in the input vector. The
comparison flag can be configured to simply check if the elements
are zero valued and compress them in the cross-layer data. More
interestingly, it can be configured to check if the elements are less
than or equal to zero values in the input vector. This can be very
useful in ReLU activation layer to fuse (i) the activation function,
which essentially performs a less than or equal to comparison, and
(ii) the compression into a single instruction in the form of zcomps.

zcomps execution starts with performing the element-wise com-
parison operation of the vector in regl based on the comparison
condition flag CCF. The result of the CCF vector comparison creates
a mask with 1 bit per element that will represent the compression
metadata (i.e. header in Figure 4). Meanwhile, the number of un-
compressed values in the vector (which can be non-zero values or
non-negative numbers based on the CCF) is calculated by simply
counting the 1s in the comparison result. Then, only the elements
in the vector lanes which are uncompressed are selected. The final
output to be written into memory is formed by concatenating the
header and the selected uncompressed elements sequentially. This
final output is written into the memory region starting from the
address held by reg2. After the execution, regl remains unchanged
and reg? is automatically incremented to account for the amount of
data plus metadata that is written into the memory after compres-
sion. When zcomps is used iteratively within a loop to compress
larger data arrays, reg2 acts as a compressed data pointer and the
auto-increment feature enables the next iteration to fill in the new
elements starting from the location that the current iteration left
off.

In the example demonstrated in Figure 4, there are 6 non-zero
32-bit elements out of 16-element 512-bit vector. In this example,
we assume that CCF is configured to check if the elements are
zero-valued. Based on the lanes of non-zero elements, the result of
the vector comparison becomes 1001000100011100. This bit vector
constitutes the compression metadata, i.e. header (0x911C). Based
on this bit vector, active input lanes are selected and shifted to
gather the non-zero elements together. The header and the non-
zero elements are then concatenated to form the final output to be
written into the memory region starting from 0x1000, the address
pointed by reg2. In addition, since reg2 acts as a compressed data
pointer, it is automatically incremented to account for the total data
written out, including both the header and the compressed data. In
order to calculate the size of compressed data, we perform a popula-
tion count (popcount) operation on the comparison bit vector. The
popcount output is the number of non-zero elements (NNZ), 6 in
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Figure 4: Micro-architecture for zcomps instruction with in-
terleaved header (512-bit vector fp32 elements).

the example of Figure 4. Since we are dealing with 4-byte elements
(fp32), total amount of data written out is determined as 6*4-bytes
(left-shift NNZ by 2) for the compressed non-zero elements and
another 2-bytes (increment by 2) for the 16-bit header, which makes
a total of 26 bytes. Assuming a byte-addressable memory space,
contents of reg2 is incremented by this amount and it becomes
0x101A where the initial content was 0x1000. If zcomps is used in
a loop iteratively, the next set of elements will be compressed into
the memory starting from the address 0x101A, and this operation
will continue.

Before going into other zcomps implementation details regarding
memory allocation, virtual memory, and data alignment, we first
explain zcompl instruction that performs decompression. zcompl is
a dual of zcomps; any data compressed and stored via zcomps has to
be retrieved by using zcompl. Similar to zcomps, zcompl takes two
input registers: regl and reg2, but it does not require an immediate
CCF field. It is used in the form: “zcompl regl, [reg2]”. The first
operand, regl, is the destination register (e.g. 512-bit SIMD register)
to which the loaded vector will be expanded. The second operand,
reg2, is the source pointer for the loaded vector. Note that while
the vector size after expansion is known, the source data can have
any arbitrary size based on its compression ratio. However, the
information regarding the source data size is already contained in
the header.

zcompl first reads the bytes that correspond to the header start-
ing from the address held by reg2. Note that while the header size
depends on the element precision and vector width, it is never-
theless a known value. For example, for 512-bit vector with 32-bit
elements, the mask will be 16 bits. A bit-wise comparison between
the header and a zero bit-vector determines the active lanes that
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Figure 5: Micro-architecture for zcompl instruction with in-
terleaved header (512-bit vector fp32 elements).

will have non-zero values. A following popcount operation on the
comparison result also determines the number of non-zero (NNZ)
elements to be read from the memory. Consequently, zcompl reads
in NNZ elements starting from the address held by reg2 plus the
header size. These elements are then expanded into a full regl reg-
ister based on the active lanes determined by the zero bit-vector
comparison. Inactive lanes, i.e. lanes that have 0 bits in the corre-
sponding comparison result, get a 0 value element in the expanded
vector in regl. After the execution, regl will hold the expanded
vector and reg2 is automatically incremented to account for the
amount of compressed data plus metadata that is read from memory.
Similar to the zcomps, if zcompl is used iteratively within a loop,
reg2 will point to the address of next vector to be read.

3.2 Separate Header zcomps and zcompl

The interleaved header approach aims to fit headers and the com-
pressed data into the original memory space. For large datasets
with certain sparsity guarantees, that approach can be very efficient.
However, if the compressibility of the data is completely unknown,
separately and explicitly allocating memory for the metadata is
desirable. To achieve this goal, the second variation of ZCOMP in-
structions, separate-header, decouples the metadata (header) and
the compressed data storage and retrieval.

The ISA for separate-header zcomps and zcompl is very sim-
ilar to the interleaved-header variants. But instead of two input
register operands, we need three inputs for separate-header instruc-
tions, used in the form of “zcomps [reg2], regl, [reg3], #CCF” and

»

“zcompl regl, [reg2], [reg3]” The additional register reg3 holds the
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pointer to the separated header store. We skip the detailed micro-
architecture descriptions as they are very similar to the interleaved-
header variants. For zcomps, the execution only differs at the final
stage where the generated header is written into the memory lo-
cation pointed by reg3 instead of concatenating it in front of the
compressed vector. Similar to reg2, reg3 is also auto incremented
to enable a continuous iterative operation. For zcompl, execution
starts with reading in the header from the location pointed by reg3
instead of reading it from reg2 pointer. Note that the reg2 auto-
increment amount is adjusted to account only for the compressed
data size.

3.3 Micro-architecture Details

Execution Pipeline. Both zcomps and zcompl instructions in-
clude several operations as part of their execution. These operations
can be divided into two categories: logic micro-ops and memory
micro-ops.

We provide a detailed critical path overview for the logic ops as
follows: The logic component is divided into two pipeline cycles
based on the corresponding micro-op latencies reported for modern
CPUs [23]. For zcomps, execution starts with a vector comparison.
For the feature-map compression usage, only “equal to zero” and
“less then or equal to zero” operations are required. Assuming fp32
elements, this is achieved via 1-bit XOR (for sign) and a 32-bit OR
(for equal to zero) operation per lane which can be implemented
via 6x2-input gates or 4x3-input gates per lane. This operation
is followed with a popcount on the 32-bit binary vector which
is achieved with a hierarchical carry look-ahead adder tree. The
5-bit result of popcount is padded by two zeros (i.e., equivalent
of left-shift by 2 since we have 4 bytes per element). In parallel
to the popcount, elements from the active lanes are selected and
concatenated together. This constitutes the end of the first pipeline
cycle. In the second cycle, a tree of carry look-ahead adder adds the
7-bit popcount (with padded zeros), the 2-bit header size and the
48-bit virtual address held in reg2 together.

Although the logic micro-op execution has a to 2-cycle latency,
because of the pipelined implementation, it achieves a 1 instruction
per cycle throughput (i.e. it can accept a new instruction every
cycle). Memory micro-ops have variable latency based on the lo-
cation of the data (L1/L2/LLC/DRAM) and the size of the transfer
which will be added on top of the logic latency. Nevertheless, due
to prefetching, parallel execution (explained in Section 4), and bulk
transfer of large feature maps, ZCOMP usage becomes throughput-
bound which effectively hides the latency of the logic component. In
fact, when we test a 3-cycle logic latency variant, the overall perfor-
mance is almost identical to the 2-cycle version due to throughput-
bound operation.

Prefetching. Due to the sequential nature of ZCOMP-based com-
pression/expansion, memory latency can be an issue. Especially
for expansion, reading the header, compressed data, then the next
header and the next compressed data are all sequentially depen-
dent. We observe that, due to sequential memory layout and access
patterns, both compressed data and headers are easily prefetchable
with a streaming prefetcher. ZCOMP generated memory micro-ops
train the L2 streaming prefetcher and trigger subsequent prefetches.
Consequently, while a core is working on the current vector, the
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memory requests for the next vector(s) will be in flight, which im-
proves the memory-level parallelism and mitigates the memory
latency. For the workloads analyzed in Section 5, we observe L2
prefetcher accuracy of 98-99% and coverage of 94-97%.

Alignment. Note that, even if the available sparsity enables the
compressed data and the headers to fit within original memory
allocation boundaries, there can be individual vectors in the dataset
which may not be compressed. For the targeted 512-bit SIMD oper-
ation, this leads to header plus data to occupy more than a single
64-byte cacheline. These cases are handled the same way as a regu-
lar unaligned store instruction that falls off a cacheline boundary.
Moreover, based on the data-type precision, compressed vectors
can end up in various sizes. 4-byte elements with 2-byte headers
and 2-byte elements with 4-byte headers both guarantee 2-byte
aligned memory transfers for the compressed vector which is al-
ready supported by the existing micro-architectures. But for lower
precisions, alignment issues may lead to redundant data transfers.

4 ZCOMP USAGE IN DNN PROCESSING
4.1 Virtual Memory Allocation Impacts

ZCOMP provides a software-friendly interface for drop-in replace-
ment of store and load instructions with zcomps and zcompl for
DNN cross-layer data transfers. With ZCOMP, the software does not
need to worry about managing compression metadata or checking
if the data is actually compressible. However, another important
aspect is the memory allocation and virtual memory interaction
for compressed data, which needs to be programmer-friendly in
order to be effective.

The feature map compression ratios are dynamic parameters that
depend on the inputs. Therefore, it is not possible to allocate the
memory space before passing the inputs through the layers. Even if
the virtual memory allocation is somehow done based on the com-
pressed size estimations, it needs to account for the worst case com-
pression, unless the intermediate buffers are allocated/deallocated
for every input batch, which can lead to performance issues.

ZCOMP instructions rely on the original virtual memory alloca-
tions and do not aim to reduce virtual memory footprint. Instead,
our goal is to reduce the actual physical memory space usage with-
out changing the original virtual memory allocations, if possible.
Interleaved header and separate header variants of ZCOMP instruc-
tions (Section 3) interact differently with the virtual memory. If the
estimated compression ratio is large enough to make the metadata
and the compressed data to fit in the originally allocated virtual
memory space, then interleaved header ZCOMP instructions are pre-
ferred. For example, considering 512-bit SIMD instructions and fp32
values, only an overall 3.125% compressibility is sufficient to fully
amortize the metadata. In this case, the original memory allocations
can remain unchanged, whereby the metadata will be interleaved
with the compressed data without exceeding the original allocation
space. Compressed data pointers will always remain within the
allocated address space. However, a memory violation can happen
without enough compressibility.

If the compressibility is completely unknown, there are two
different options for memory allocation. First option is to continue
to use interleaved header, but to modify the memory allocations for
the intermediate data buffers to account for the full uncompressed
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oid _mm512_zcomps_i_ps(_ m512* &out_ptr, 1512 inp_vec,
uint8 CCF);
1512 _mm512_zcompl_i_ps(_ m512* &inp_ptr);
void _mm512_zcomps_s_ps(__ m512* &out_ptr, n512 inp_vec,
mmask16* &headers, uint8 CCF);

15

12 _mm512_zcompl_s_ps(_ m512* &inp_ptr,
nmask16* &headers);

Figure 6: ZCOMP software interface using intrinsics.
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Figure 7: ZCOMP parallelization approaches.

data plus the metadata size. Second option is to use separate-header
variant where the metadata is completely decoupled from the data.
This requires an additional memory allocation for the header store,
however, the original allocation for the intermediate data buffers
remains unchanged. These options ensure that the compressed
data pointers will always stay within the allocated address space,
eliminating the memory violation possibility.

In each of these techniques, irrespective of whether additional
virtual memory is allocated or not, the usage of physical memory
space will be reduced based on the compression ratio. Reducing
physical memory footprint decreases the bandwidth and capacity
usage throughout the cache hierarchy and DRAM. For the DNN
benchmarks profiled, we observe that average sparsities are within
the range of 49%-62%. Hence, throughout our analysis, we have
used the interleaved header and kept the original allocations un-
changed. Since the compression ratios are more than sufficient to
amortize the metadata, ZCOMP is able to seamlessly fit headers and
compressed data within the original allocation boundaries by using
a much smaller physical memory footprint.

4.2 Software API via Intrinsic Functions

The most effective way to apply ZCOMP is to use a corresponding
intrinsic function to emit zcomps and zcompl instructions. Intrinsic
functions are a common way of interfacing to similar SIMD ISA
extensions such as AVX512 [3]. Proposed intrinsic functions for
zcomps and zcompl are given in Figure 6, which demonstrates the
case for interleaved (i) and separate (s) header with 512-bit vector
fp32 elements. Note that input and output pointers use a pass-by-
reference construct to allow them to be auto-incremented to point
to the next vector (these pointers will be held in reg2 operand). For
separate-header, header pointer also uses this apporach to enable
auto-increment (reg3).

Proposed functions provide a simple software interface such that
a single intrinsic function for compress/expand simply replaces
the vector store/load operation. The programmer does not need to
worry about generating masks to perform masked load/store, han-
dling metadata and maintaining pointers to where the compressed
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data is. However, we trade away the capability to access elements
randomly. Both compression and expansion needs to be performed
vector-by-vector sequentially for each slice of the dataset. As DNN
intermediate data buffers are communicated between layers or
re-read in the backward pass in bulk, this is a reasonable trade-off.

Reading and writing the intermediate data buffers in DNNs can
be clearly identified in the beginning and at the end of different
types of layers, where the proposed intrinsic functions are inserted.
These insertions require minor changes in DNN software. Never-
theless, we note that these changes can easily be incorporated in
the Deep Learning frameworks and would not burden the appli-
cation developers, for whom these optimizations would enable a
transparent performance improvement.

4.3 Parallel Execution

So far, we have focused on the case where the compression/expansion

using ZCOMP is performed sequentially, vector by vector. As the sizes
of the compressed vectors are embedded in the headers, operat-
ing on the next vector requires the completion of the current one.
Hence, ZCOMP throughput can be an issue without parallel execution
support.

For a naive parallelization approach which aims to compress the
feature map into a contiguous chunk, a heavy serialization occurs to
pass the compressed data pointer between threads (see Figure 7(a)).
Instead, slicing the feature map into chunks where each thread
will compress their own portion as an independent stream can be
a better parallelization strategy. For this partitioned compression
case (Figure 7(b)), each thread gets the same amount of memory
region to work on, but they will have separate compressed data
pointers which are isolated from each other. Elements within a
chunk still need to be compressed sequentially but each chunk can
be compressed in parallel, independently. With enough chunks that
can sustain the available cache/memory bandwidth, the throughput
problem can be mitigated. Note that the expansion needs to match
the compression parallelization strategy to correctly retrieve the
data. Similarly for the expansion, each chunk is expanded separately
in parallel where the expansion is still sequential within a chunk.

In the iterative usage of ZCOMP instructions, compiler optimiza-
tions such as loop unrolling become very challenging due to loop-
carried dependencies. Partitioned compression technique can be
further extended to address this problem. If the chunk assigned
to a thread is further sliced into smaller sub-blocks, then, at every
iteration, multiple ZCOMP instructions can be executed that target
different sub-blocks. The number of sub-blocks determines the de-
gree of unrolling that can be performed; however, large number
of chunks/sub-blocks can lead to fragmentation. Overall, we ob-
serve that loop unrolling has minor impact for large feature-maps.
For small feature map sizes, it can improve instruction throughput;
therefore we match the ZCOMP unrolling to the default unrolling per-
formed by the compiler for the baseline case. Loop tiling/reordering
changes the traversal order from the baseline data layout. Hence,
expansion needs to be done considering the loop traversal for com-
pression. If compressed data needs to be read in a different order,
an explicit data reorganization should be performed.
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// Parallel zcomps RelLU Activation Layer
Y_ptr

{

// Each thread will get a separate slice of Y
Y_ptr =Y + threadID*n/num_threads;

}
for (int i=0; i<n/vec_elems; i++)
{
1512 tvec = _mm512_load_ps(X+i*vec_elems);
_mm512_zcomps_i_ps(Y_ptr, tvec, _LTEZ);
}

Figure 8: Storing ReLU generated feature maps by using the
proposed zcomps instruction.

// Parallel zcompl to Retrieve Data After Compression
X_ptr

{
// Each thread will get a separate slice of X
X_ptr = X + threadID*n/num_threads;

}

for (int i=0; i<n/vec_elems; i++)
{
1512 tvec = _mm512_zcompl i ps(X_ptr);
// Use the retrieved input tvec ..

}
Figure 9: Retrieving cross-layer feature maps by using the
proposed zcompl instruction.

4.4 AVX512 and ZCOMP Usage Comparison

We compare the usage efficiency of ZCOMP with pre-existing com-
pression support in AVX ISA. For this purpose, we present code
examples which store and retrieve sparse feature maps by using
intrinsic functions. In each of the examples, parallelization is ex-
pressed via OpenMP pragma directives.

We first start by tackling a ReLU activation layer. We omit a
straightforward parallel vectorized baseline implementation that
uses AVX512 store/load and vector comparison to determine the
activation results. Figure 8 demonstrates the case for using inter-
leaved header zcomps via partitioned compression parallelization.
We assume a ReLU activation over n element input array X to be
written into Y. First, the target memory space is sliced into chunks
where each thread gets a different compressed data pointer (Y_ptr).
In this example, zcomps performs a “less then or equal to zero
(_LTEZ)” comparison to map all non-positive numbers to zero and
compress the results in one-shot. Note that, for a generic layer that
does not perform ReLU comparison, condition flag can be set to
_EQZ (equal to zero) and zcomps can be used similarly to write out
sparse feature maps in the compressed form.

When the feature maps are written out using zcomps, they need
to be retrieved back using zcompl. Figure 9 demonstrates the use
case for zcompl to retrieve back and expand the compressed data.
Similar to the previous case, each thread will get a separate slice
to expand (Xp¢r). In this case, we do not have a comparison flag as
zcompl expands the non-zero values to their lanes embedded in the
header while only inserting zeros for the other lanes in the vector.

Next, we present applying recent AVX512 vcompress and vex-
pand instructions for the above use cases [5]. Since these are more
generic instructions, applying them to the previous examples con-
sumes several additional instructions and registers. Figure 10 and
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// Parallel AVX512-Vcompress RelLU Activation Layer
zvec = _mm512_setzero_ps();
index

{

// each thread will get a separate slice of Y
index = threadID*n/num_threads;

}
( i=0; i<n/vec_elems; i++)
{
2 tvec = _mm512_load_ps(X+i*vec_elems);
mask = _mm512_cmp_ps_mask(tvec, zvec, _NEQ);
t nnz_cnt = _mm_popcnt_u32(mask);

_mm512_mask_compressstoreu_ps(Y+index, mask, tvec);
index += nnz_cnt;
headers[i] = mask;
}
Figure 10: Storing ReLU generated feature maps by using

AVX512 compress instruction.

// Parallel AVX512-Vexpand Retrieve Data After Compression
index

// Each thread will get a separate slice of X
index = threadID*n/num_threads;

}
( i=0; i<n/vec_elems; i++)
{
16 mask = headers[i];
2 tvec = _mm512_maskz_expandload_ps(mask, X+index);
nnz_cnt = _mm_popcnt_u32(mask);

index += nnz_cnt;
// Use the retrieved input tvec ..
¥
Figure 11: Retrieving cross-layer feature maps by using

AVX512 expand instruction.

Figure 11 show the usage of AVX512 vcompress and vexpand in-
structions for the ReLU activation layer and compressed data re-
trieval, respectively. Both examples use the partitioned compres-
sion parallelization similar to the ZCOMP use. We omit the details
for the additional intrinsic functions used, which can be found
in [3]. Upon disassembling the code snippets in Figures 8—11, we
observe that AVX512 vcompress and vexpand require 5-6 extra
static scalar/vector instructions inside the loop body, and use 4-5
additional registers, compared to ZCOMP. Hence, over many itera-
tions, AVX512 implementations incur larger dynamic instruction
overheads, which we quantify in detail in Section 5.

5 EVALUATIONS
5.1 Simulation Methodology

Our evaluations are based on the Sniper multi-core simulator [15].
We use an extended in-house version of the Sniper simulator that
includes a detailed micro-architecture model for the recent ISA
extensions, such as AVX512. Our target architecture details are
summarized in Table 1. We have included ZCOMP micro-architecture
support in Sniper that models the necessary memory accesses and
micro-ops required by ZCOMP instructions. Since existing compil-
ers cannot generate ZCOMP instructions, our methodology is to use
AVX512 store/load instructions instead of zcomps/zcompl but la-
bel them differently. In the simulator, when a labelled AVX512
store/load is encountered, the default behavior is overridden and
the instructions are treated as zcomps/zcompl.
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Table 1: Architecture Configuration

Core 16 cores, x86 AVX512, 2.4 GHz, 4-issue
L1-D/1 32 KB private, 8-way, LRU
L2 1 MB private, 16-way, SRRIP
L3 24 MB shared, 12-way, SRRIP
Prefetcher Stream/stride at L2, IP-based at L1
NoC 2D-mesh, XY routing, 2-cycle hop
Memory | 4 channels, DDR4-2133, total 68 GB/s BW

5.2 RelLU Activation Layer

We start our evaluation with the use case of applying AVX512 com-
press/expand instructions and our proposed ZCOMP instructions to
the ReLU-based activation layers. We take the ReLU layer imple-
mentation from Intel optimized Caffe DL framework [34], which is
vectorized to use AVX512 instructions. ReLU layer typically follows
convolutional and fully-connected layers in DNNs. As the inputs
to the ReLU layer, we use various tensor shapes from the Baidu
DeepBench benchmark suite [2] (x-axis of Figure 12). We use a total
of 44 inputs collected from training and inference-server suites for
convolutional and fully-connected layers. Although default Deep-
Bench benchmarks use a random initialization of the values, we
use uncompressed snapshots from the evaluated DNN feature maps
(with an average 53% sparsity) to initialize the input tensors in order
to accurately capture the effects of compression.

In addition to the baseline AVX512 vectorized version (avx512-
vec), we implemented a version that uses AVX512 vcompress/vexpand
instructions as presented in Figure 10 to perform a compression-
enabled ReLU activation (avx512-comp). Finally, we implemented
a ZCOMP version using the approach presented in Figure 8 and fol-
lowing the methodology described in 5.1. Our evaluation results
are presented in Figures 12(a), (b) and (c). Each benchmark group is
sorted according to their input tensor sizes ranging from only few
KBs up to 560 MBs.

Figure 12(a) presents the data traffic between the cores and the
cache hierarchy. We observe that avx512-comp and ZCOMP both
capture the available sparsity and reduce the data traffic by 42% and
46%, on average. Moreover, Figure 12(b) presents the data move-
ments to/from off-chip DRAM. For smaller feature map sizes, we
do not observe substantial DRAM traffic, except for the compul-
sory accesses. But, for larger sizes, avx512-comp and ZCOMP both
provide significant reductions, by 48% and 54%, on average. Ex-
plicit management of the masks, storage/retrieval from separate
memory locations, and executing more dynamic instructions lead
to higher data traffic for avx512-comp compared to ZCOMP. In Fig-
ure 12(b), we observe a big drop in traffic for certain inputs within
each benchmark group (except conv-infer) that suggests a sweet
spot for off-chip traffic reduction. This sudden drop happens when
the original feature map would not fit in the on-chip caches but com-
pression makes it fit and therefore heavily reduces off-chip DRAM
accesses. Inference benchmarks generally have much smaller batch
sizes and feature maps. Therefore, for the conv-infer benchmark
group, feature maps of a single layer almost always fit in caches
and we do not see a big drop in off-chip accesses.

For avx512-comp, that uses existing AVX512 instructions, sev-
eral extra operations induce a latency overhead and decrease the
instruction throughput (Section 4). For larger feature map sizes,
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(a) ReLU Activation Layer On-Chip Data Movement

(b) ReLU Activation Layer Off-Chip Data Movement

(c) ReLU Activation Layer Runtime

1.2
1
0.8

0.6

0.4

ST
0

1.2

1

0.8

0.6

0.4

L
: |

conv-train

OCO0O0 RpRR
oNROoRND K

700-161-1-16-64-5-5 mm—

14-14-512-16-48-5-5
14-14-1024-8-512-1-
7-7-2048-16-512-1
14-14-512-8-512-3.
28-28-128-16-128-3
42-10-512-16-512-3.
112-112-64-8-64-1.
84-20-256-16-256-3
224-224-3-16-64-7-7
350-80-64-16-128-5-5 =
224-224-3-16-64-3-3
14-14-512-1-48-5-5
14-14-1024-1-512-1.
7-7-2048-2-512-1.
14-14-256-2-256-3.
14-14-512-2-512-3.
" 28-28-128-1-512-1.
= 28-28-256-2-512-3
350-80-64-2-128-5-5
350-80-64-2-64-3

o
o
=1
<
L
=1
=
o

224-224-3-2-64-3.

512-8-500000

Berkin Akin, Zeshan A. Chishti, and Alaa R. Alameldeen

W avx512-vec  Wavx512-comp M zcomp

W avx512-vec W avx512-comp W zcomp

Wavx512-vec  Wavx512-comp MW zcomp

© ¥ 9 ©w ¥ % © v g9 z

8 2 3 8 8 & & 2 2 8 8 2

8 3 88 8 3 8 B R S S 8 8 ¥ 8 o v ®¥8 ®» A4 v I

g8 ¥ 3§ ¥ 9 9 < 9 9 94 9498 94 g4 g 9§ 9 9 9 9 . 9°'53

I T S S S T T S
7 5 3 ¥ 3 8 4 »x 88 8 9 Y 3 88 8 8 8 8 8

o ! & — - i < < i=3 [=} i=} < o n =3 i=3 [=3 0 [=3 o w

2 £ 3 RN D I TR L 5 I 4B 8 28 800
7 ¥ 8 & o T T % 2 F 2 45 F TR L S T 09
< S5 8 3 8 & & o I T SR D 4 4 d T 20w O
& 8 ¥ 8 8 8 R 8 ¢ & & & S S 5 8 8 8 8
S g R 3 656 8 8 ] R h h h o I 3 38
S ] 8 R g 8 8 S % ¥ R

fe-train fe-infer

Figure 12: ZCOMP benefits over existing AVX512 instructions for ReLU activation layers with DeepBench input shapes.

Memory Traffic Reduction with ZCOMP
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Figure 13: ZCOMP data traffic reduction for full networks.

avx512-comp can be a viable approach where the savings due to
reduced data movements could amortize the instruction overheads
(Figure 12(c)). However, for small/medium feature maps. this ap-
proach can lead to severe performance degradation, as shown in
Figure 12(c). Although a runtime mechanism that selectively ap-
plies AVX512 compression can be a viable approach, it requires
knowledge about the hardware platform to estimate if the feature
maps will be cache/memory resident. Moreover, for end-to-end
networks, simply looking at the current layer’s feature map size is
not sufficient as there are other data structures and prior layer’s
maps that dynamically share memory.

In contrast to avx512-comp, ZCOMP provides a performance up-
side for both small and large feature maps. On average, ZCOMP achieves
a performance improvement of 77% over the avx512-vec and 56%
over avx512-comp. There are only 2 outliers out of 44 cases, where
ZCOMP does worse than avx512-vec, by only 2% and 4%. For these
cases, the performance headroom does not amortize the overheads
since small input datasets easily fit in the L1 cache. In Figure 12(c),
we again observe the big drop in the runtime, correlated with the
reduced off-chip data traffic. In these cases, ZCOMP achieves super-
linear speed-ups of up to 12x.

Speedup with ZCOMP
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Figure 14: ZCOMP speed-up for full networks.

5.3 Full Networks

Our evaluations for full networks are based on 5 DNNs (AlexNet,
GoogLeNet, Inception-Resnet-v2, Resnet-32, VGG-16) implemented
within TensorFlow framework configured to use Intel MKL (Math
Kernel Library) [4]. For training, we used Oxford flowers (1360
images) and a 100,000 image subset of the Imagenet dataset. For
these DNNs, we observe that memory based stall cycles account for
24-41% of the overall runtime. Moreover, majority of the memory
accesses originate from cross-layer feature map transfers, which
account for 40-65% of the data traffic. Feature maps monitored from
the evaluated networks show 49-63% average sparsity (overall 53%),
which creates a great opportunity to apply ZCOMP.

Our full network evaluation results are shown in Figure 13 and
Figure 14. For training benchmarks, we use a batch size of 64 for
all the networks (except for ResNet which uses 128). For inference,
generally smaller batches are preferred to reduce the latency; there-
fore we use a batch size of 4 for all benchmarks. Due to large batch
sizes, data movements in training are dominated by feature maps.
In contrast, in inference, weight transfers also become a major
factor. However, due to the lack of backward gradient maps in infer-
ence, feature maps still account for a large fraction of the allocated
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Compression Ratio for ZCOMP vs. Cache Compression
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Figure 15: ZCOMP vs. cache compression.

memory (44% on average). As shown in Figure 13, average data
traffic reductions for training/inference are 31%/23% for ZCOMP and
26%/19% for avx512-comp.

In inference, generated feature maps are discarded as soon as they
are used by the next layer. Therefore, the data movement savings
can target only short term reuse on small data transfers. For training,
on the other hand, feature maps accumulate layer by layer, leading
to much larger active data, and a potential for larger performance
improvements. Consequently, performance improvements of using
ZCOMP are on average 11% and 3% (up to 16% and 5%) for training
and inference, respectively, as shown in Figure 14. In comparison,
existing AVX512 compression results in slowdowns for 5 out of 10
benchmarks due to the following overheads: (i) additional instruc-
tions, (ii) register usage, and (iii) metadata management. On average,
avx512-comp achieves 4% speed-up for training but 2% slowdown
for inference. We conclude that ZCOMP is a reliable approach that
provides substantial improvements for memory-intensive layers
but has little to no overhead when the opportunity is limited.

5.4 Comparison with Cache Compression

Cache compression has been proposed to increase effective cache
capacity and reduce memory traffic at the cost of higher cache hit
latencies [10, 14, 17, 22, 28, 43, 47, 48]. We compare the effective
compression ratio for ZCOMP to that of cache compression. We ana-
lyzed the compression ratio of five random static snapshots from
the five DNN workloads. For these snapshots, average compression
ratios achieved by ZCOMP are given in Figure 15. We also show the
upper bound cache compression ratio (LimitCC) assuming we can
compress cache lines to arbitrary sizes (at a byte granularity), and
compress as many lines as possible in a cache set regardless of phys-
ical cache line boundaries. This is a policy that could be approached
with advanced cache compression architectures, e.g., Skewed Com-
pressed Caches [47]. We also present the average compression ratio
for a more practical Two Tag architecture (TwoTagCC) where we
can combine at most two logical lines into one physical line [26].
Both cache compression options use the Frequent Pattern Com-
pression with Limited Dictionary (FPC-D) algorithm [9], which
extents Frequent Pattern Compression [11] to include a limited
dictionary, achieving higher compression ratios at lower latency
and complexity.

The geometric mean compression ratio for ZCOMP is 1.8, while it
is only 1.1 for the TwoTagCC architecture, and 1.54 for unrestricted
cache compression architecture (LimitCC). FPC-D captures more
patterns than just zeros. However, we attribute the lower compres-
sion ratio of LimitCC to the overhead of the compression prefix
which is 8 bytes per cache line in FPC-D [9] compared to only
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two bytes per cacheline for ZCOMP. The TwoTagCC architecture
needs to compress two cache lines in the space of one physical line,
which requires lines in the same set to have complementary com-
pressed lengths. This is much harder to achieve when the average
compressed line size is lower than 2X.

6 RELATED WORK

Multiple prior works have targeted DNN sparsity. Most of these
efforts focus on model pruning and quantization [29, 30, 41, 54, 55].
Model based optimizations reduce memory usage of weights by
removing them or using reduced precision. However, we observe
that weights correspond to only a small portion of the memory
usage.

There are prior works on zero-skipping and activation map com-
pression to reduce memory transfers [12, 19, 44]. These efforts
primarily target hardware accelerators with fully customized dat-
apaths and memory hierarchies which avoid the challenges of in-
teracting with automated cache hierarchies and virtual memory
systems. For GPUs, CDMA leverages feature map sparsity to reduce
CPU-GPU data transfers using a customized DMA [46]. DeftNN
performs data fission between multiple elements to reduce data
movements [33].

Large memory footprints originating from feature maps have
been identified by prior work. Virtualized DNN uses CPU memory
to virtually expand the memory capacity of GPUs to offload feature
maps [38, 45]. Fused-layer CNN accelerator merges multiple layers
to minimize intermediate data buffering [13]. Another prior work
proposes to discard some feature maps and re-compute them during
backward pass to reduce overall memory footprints [16].

Several other DNN accelerator systems which are FPGA-based
[24, 40, 50], ASIC-based [8, 18, 35, 36], or using processing-in-
memory [21, 25, 49] have been proposed. CPU-based deep learning
optimizations mainly center around improving the SIMD compute
capability, data layouts and parallelization [27, 39, 52, 53].

7 CONCLUSIONS

Most memory usage in DNNs originates from the cross-layer fea-
ture map transfers, which are often sparse. Although hardware
accelerators leverage this sparsity to compress feature maps using
fully-customized datapaths and memory hierarchies, it is challeng-
ing for general-purpose processors to efficiently capture this op-
portunity due to automated caches, coherence fabric and virtual
memory boundaries.

In this paper, we introduced ZCOMP vector ISA extensions to mit-
igate cross-layer memory footprint for CPUs. Targeted for bulk
sequential feature map compression, ZCOMP instructions provide
high-throughput parallel execution, transparent interaction with
cache hierarchy and virtual memory, and a flexible software in-
terface. On full networks, compared to an uncompressed base-
line, ZCOMP reduces average memory traffic by 31% and 23% for
training and inference, respectively, leading to an average 11% and
3% performance improvements. This performance improvement is
much higher than the 4% (training) and -2% (inference) achieved
by AVX512 vector extensions.
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