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DianNao: A Small-Footprint High-Throughput Accelerator
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Abstract

Machine-Learning tasks are becoming pervasive in a broad
range of domains, and in a broad range of systems (from
embedded systems to data centers). At the same time, a
small set of machine-learning algorithms (especially Convo-
lutional and Deep Neural Networks, 1.e., CNNs and DNNs)
are proving to be state-of-the-art across many applications.
As architectures evolve towards heterogeneous multi-cores
composed of a mix of cores and accelerators, a machine-
learning accelerator can achieve the rare combination of ef-
ficiency (due to the small number of target algorithms) and
broad application scope.

Until now, most machine-learning accelerator designs
have focused on efficiently implementing the computa-
tional part of the algorithms. However, recent state-of-the-art
CNNs and DNNs are characterized by their large size. In this
study, we design an accelerator for large-scale CNNs and
DNNs, with a special emphasis on the impact of memory on
accelerator design, performance and energy.

We show that it is possible to design an accelerator with
a high throughput, capable of performing 452 GOP/s (key
NN operations such as synaptic weight multiplications and
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neurons outputs additions) in a small footprint of 3.02 mm?
and 485 mW; compared to a 128-bit 2GHz SIMD proces-
sor, the accelerator is 117.87x faster, and it can reduce the
total energy by 21.08x. The accelerator characteristics are
obtained after layout at 65nm. Such a high throughput in
a small footprint can open up the usage of state-of-the-art
machine-learning algorithms in a broad set of systems and
for a broad set of applications.

1. Introduction

As architectures evolve towards heterogeneous multi-cores
composed of a mix of cores and accelerators, designing
accelerators which realize the best possible tradeoff between
flexibility and efficiency is becoming a prominent issue.
The first question is for which category of applications
one should primarily design accelerators ? Together with
the architecture trend towards accelerators, a second si-
multaneous and significant trend in high-performance and
embedded applications is developing: many of the emerg-
ing high-performance and embedded applications, from im-
age/video/audio recognition to automatic translation, busi-
ness analytics, and all forms of robotics rely on machine-
learning technigues. This trend even starts to percolate in
our community where it turns out that about half of the
benchmarks of PARSEC [2], a suite partly introduced to
highlight the emergence of new types of applications, can be
implemented using machine-learning algorithms [4]. This
trend in application comes together with a third and equally
remarkable trend in machine-learning where a small number
of techniques, based on neural networks (especially Convo-
lutional Neural Networks [27] and Deep Neural Networks

PEKING UNIVERSITY
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for (int nnn = 0; nnn | Nn; nnn += Tnn) { / tiling for output neurons;

for (int iii = 0; iii | Ni; iii += Tii) { // tiling for input neurons;
for (int nn = nnn; nn  nnn + Tnn; nn += Tn) {

for (int n =nn; n j nn + Tn; n++)

sum|[n] = 0;

// — Original code —

for (int n =nn; n < nn + Tn; n++)

for (inti=1i;1 < 11 + Ti; i++)
sum[n] += synapse[n][i] * neuron[i];

for (int n = nn; n < nn + Tn; n++)

neuron[n] = sigmoid(sum[n]);

+}

PiEERE

i}
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for (int yy = 0; yy j Nyin; yy +=Ty) {
for (int xx = 0; xx | Nxin; xx +=Tx) {
for (int nnn = 0; nnn | Nn; nnn += Tnn) {
// — Original code — (excluding nn, ii loops)
int yout = 0;
for (inty =yy; y < yy + Ty; y += sy) { /tiling for y;
int xout = 0;
for (int x = xx; X < xx + Tx; X +=sXx) { / tiling for x;
for (int nn = nnn; nn < nnn + Tnn; nn += Tn) {
for (int n = nn; n < nn + Tn; n++)
sum[n] = 0;
// sliding window;
for (int ky = 0; ky < Ky; ky++)
for (int kx = 0; kx < Kx; kx++)
for (int ii = 0; ii < Ni; ii += Ti)
for (int n = nn; n < nn + Th; n++)
for (inti=ii;1 < ii + Ti; i++)
// version with shared kernels
sum[n] += synapse[ky][kx][n][i]
« neuron[ky + y][kx + x][i];
// version with private kernels
sum[n] += synapse[yout][xout][ky][kx][n][i] }
+ neuron[Ky + y][kx + x][i];
for (int n =nn; n < nn + Tn; n++)
neuron[yout][xout][n] = non_linear_transform(sum[n]);
} xout++; } yout++;
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for (int yy = 0; yy j Nyin; yy +=Ty) {
for (int xx = 0; xx | Nxin; xx +=Tx) {
for (int iii = 0; i1 j Ni; 1ii += Tii)
// — Original code — (excluding ii loop)

int yout = 0;
o WAL IE? for (inty =yy;y < yy +Ty: y += ) {
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for (int x = xx; X < XX + TX; X +=sX) {
for (Int ii = 11i; 11 < iii + Tii; i1 += Ti)
for (inti=1i;1 < ii + Ti; i++)
value[i] = 0;
for (int ky = 0; ky < Ky; ky++)
for (int kx = 0; kx < Kx; kx++)
for (inti=1i;1 < il + Ti; i++)
// version with average pooling;
value[i] += neuron[ky + y][kx + x][i];
// version with max pooling;

Fri}

// for average pooling;
neuron[xout][yout][i] = value[i] / (Kx * Ky);
xout++; } yout++;

value[i] = max(value[i], neuron[ky + y][kx + x][i]);

RS,
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DaDianNao: A Machine-Learning Supercomputer

Yunji Chen!, Tao Luo'%, Shaoli Liu!, Shijin Zhang', Ligiang He®*, Jia Wang!, Ling Li!,
Tianshi Chen!, Zhiwei Xu!, Ninghui Sun’, Olivier Temam?
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* Inner Mongolia University, China

Abstract—Many companies are deploying services, either
for consumers or industry, which are largely based on
machine-learning algorithms for sophisticated processing of
large amounts of data. Tl1e state-of-the-art and most popular
such ‘hine-learning itk are Convolutional and Deep
Neural Networks (CNNs and DNNs), which are known to be
both computationally and memory intensive. A number of
neural network accelerators have been recently proposed which
can offer high computational capacity/area ratio, but which
remain b d by memory

However, unlike the memory wall faced by processors on
general-purpose workloads, the CNNs and DNNs memory
footprint, while large, is not beyond the capability of the on-
chip storage of a multi-chip system. This property, combined
with the CNN/DNN algorithmic characteristics, can lead to high
internal bandwidth and low external communications, which
can in turn enable high-degree parallelism at a reasonable
area cost. In this article, we introduce a custom multi-chip
machine-learning architecture along those lines. We show that,
on a subset of the largest known neural network layers, it
is possible to achieve a speedup of 450.65x over a GPU, and
reduce the energy by 150.31x on average for a 64-chip system.
We implement the node down te the place and route at 28nm,
containing a combination of custom storage and computational
units, with industry-grade interconnects.

1. INTRODUCTION

Machine-Learning algorithms have become ubiquitous in
a very broad range of applications and cloud services;
examples include speech recognition, e.g., Siri or Google
Now, click-through prediction for placing ads [27], face
identification in Apple iPhoto or Google Picasa, robotics
120], pharmaceutical research [9] and so on. It is probably
not exaggerated to say that machine-learning applications are
in the process of displacing scientific computing as the major
driver for high-performance computing. Early symptoms
of this transformation are Intel calling for a refocus on
Recognition, Mining and Synthesis applications in 2005
[14] (which later led to the PARSEC benchmark suite
[3]), with Recognition and Mining largely corresponding
to machine-learning tasks, or IBM developing the Watson
supercomputer, illustrated with the Jeopardy game in 2011

[19].

Remarkably enough, at the same time this profound
shift in applications is occurring, two simultancous, albeit
apparently unrelated, transformations are occurring in the
machine-learning and in the hardware domains. Our com-
munity is well aware of the trend towards heterogeneous
computing where architecture specialization is seen as a
promising path to achieve high performance at low energy
J21], provided we can find ways to reconcile architecture
specialization and flexibility. At the same time, the machine-
learning domain has profoundly evolved since 2006, where a
category of algorithms, called Deep Learning (Convolutional
and Deep Neural Networks), has emerged as state-of-the-art
across a broad range of applications [33], [28], [32], [34]. In
other words, at the time where architects need to find a good
tradeoff between flexibility and efficiency, it turns out that
just one category of algorithms can be used to implement a
broad range of applications. In other words, there is a fairly
unique opportunity to design highly specialized, and thus
highly efficient, hardware which will benefit many of these
emerging high-performance applications.

A few research groups have started to take advantage of
this special context to design accelerators meant to be inte-
grated into heterogeneous multi-cores. Temam [47] proposed
a neural network accelerator for multi-layer perceptrons,
though it is not a deep learning neural network, Esmaeilzade-
h et al_[16] propose to use a hardware neural network
called NPU for approximating any program function, though
not specifically for machine-learning applications, Chen et
al. [5] proposed an accelerator for Deep Learning (CNNs
and DNNs). However, all these accelerators have significant
neural network size limitations: either small neural networks
of a few tens of can be d. or the
and synapses (i.e., weights of connections between neurons)
intermediate values have to be stored in main memory. These
two limitations are severe, respectively from a machine-
learning or a hardware perspective.

From a machine-learning perspective, there is a significant
trend towards increasingly large neural networks. The recent
work of Krizhevsky et al_[32] achieved state-of-the-art
accuracy on the ImageNet database [13] with “only” 60

R i
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Parameters Settings | Parameters Settings
Frequency 606MHz | tile eDRAM latency ~3 cycles
# of tiles 16 | central eDRAM size 4MB
# of 16-bit multipliers/tile 256432 | central eDRAM latency ~10 cycles
# of 16-bit adders/tile 256+32 | Link bandwidth 6.4x4GB/s
tile eEDRAM sizeltile 2MB | Link latency 80ns

Table II1: Architecture characteristics.
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Abstract—Deep convolutional neural networks (CNNs) are
widely used in modern Al systems for their superior accuracy
but at the cost of high computational complexity. The complex-
ity comes from the need to simultaneously process hundreds

The large size of such networks poses both throughput
and energy efficiency challenges to the underlying processing
hndw.uc Convolutions account for over 90% of the CNN

and domi runtime [10]. Although these

of filters and channels in the high.

which involve  significant amount of data movement. Although
highly-parallel compute paradigms, such as SIMD/SIMT, effec-
tively address the computation requirement to achieve high
throughput, energy consumption still remains high as data
movement can be more expensive than computation. Accord-
ingly, finding a dataflow that supports parallel processing with
minimal data movement cost is crucial to achieving energy-
efficient CNN processing without compromising accuracy.

In this paper, we present a novel dataflow, called row-
stationary (RS), that minimizes data movement energy con-
sumption on a spatial architecture. This is realized by ex-
ploil.lng local dulx reuse of filter \u‘lghh and feature map
pixels, i in the high.
and minimizing data movement of partial sum accumulations.
Unlike dataflows used in existing designs, which only reduce
certain types of data movement, the proposed RS dataflow
can adapt to different CNN shape configurations and reduces
all types of data movement through maximally utilizing the
processing engine (PE) local storage, direct inter-PE communi-
cation and spatial parallelism. To evaluate the energy efficiency
of the different dataflows, we propose an analysis framework
that compares energy cost under the same hardware area
and processing parallelism constraints. Experiments using the
CNN configurations of AlexNet show that the proposed RS
dataflow is more energy efficient than existing dataflows in
both convolutional (1.4x to 2.5x) and fully-connected layers
(at least 1.3 for batch size larger than 16). The RS dataflow
has also been demonstrated on a fabricated chip, which verifies
our energy analysis.

I. INTRODUCTION

The recent popularity of deep learning [1], specifically
deep convolutional neural networks (CNNs), can be attributed
to its ability to achieve unprecedented accuracy for tasks
ranging from object recognition (2=5] and detection (6, 7]
to scene unds [8]. These state-of-the-art CNNs [2—
5] are orders of magnitude larger than those used in the
1990s [9], requiring up to hundreds of megabytes for filter
weight storage and 30k-600k operations per input pixel.

operations can leverage highly-parallel compute paradigms,
such as SIMD/SIMT, may not scale
due to the g bandwidth requil and the
energy consumption remains high as data movement can be
more gxpcnuvc than computation [11-13]. In order to .n.hu.\c
CN? ing without p
lhmughpul we need to d-:vclnp dataflows that support parallel
processing with minimal data movement. The differences
in data movement energy cost based on where the data is
stored also needs to be accounted for. For instance, fetching
data from off-chip DRAMs costs orders of magnitude more
energy than from on-chip storage [11, 12].
Many previous papers hawc pmpmed ‘pecnalncd CNN
on various p GPU [14],
FPGA [15221], and ASIC [22-26]. However, due to dif-
ferences in technology, hardware resources and system
setup, a direct comparison between different implementations
does not provide much insight into the relative energy
efficiency of different dataflows. In this paper, we evaluate
the energy efficiency of various CNN dataflows on a spatial
architecture under llu‘ same hardware resource constraints,
ie., area, p llelism and technol Based
on this evaluation, we will propose a novel dataflow that
maximizes energy efficiency for CNN acceleration.
To evaluate energy consumption, we categorize the data
in a spatial archi into several levels of
hierarchy according to their energy cost, and then analyze
each dataflow to assess the data movement at each level.
This analysis framework provides insights into how each
dataflow exploits different types of data movement using
various architecture resources. It also offers a quantifiable
way to examine the differences in energy efficiency between
different dataflows.
Previously proposed dataflows typically optimize a certain
type of data movement, such as input data reuse or partial
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Deep learning using convolutional neural networks (GNN) gives state-of-the-art
accuracy on many computer vision tasks (@.9. object detaction, recogition,
segmentation). Convolutions account for over 80% of the pracessing in CNNs
for both inferenceftosting and training, and fully convolutional networks are
inoreasingly being used. To achiove stale-of-the-art accuracy raguires CNNs with
notonly a larger number of layers, but also millions of fiers weights, and varying
shapes (i filer sizes, number of filers, number of channels) as shown in Eig

451, Forinstance, AlexNet 1] uses 2.3 milion weights (4.6MB of storage) and
requires 666 million MACs per 227x227 image (13KMACs/pixel. VGG16 [2] uses
14.7 million weights (29.4MB of storage) and requires 15.3 billion MACs per
224224 image (306KMACs/pixel). The large number of fiter weights and
channels results in substantial data movement, which consumes significant
energy.

Existing accelerators do not support the configurability necessary to efficiently
support large CNNs with different shapes [, and using mobile GPUS can be
expensive (4] This paper uescrmes an aceelerator that can deliver state-of-the-
artaccuracy in the syst luding DRAM)
in real-time, by using two key methods: (1) efficient datafiow and supporting
hardware (spatial array, memory hierarchy and on-chip network) that minimize
data movement by exploiting data reuse and support different shapes; (2) exploit
data statistics m minimize energy mmugn 2er0s skipping/gating 1o avoid

and 1o reduce off-chip
memory nannwwmm which is the most expenswe Gata movement.

shows the top-level architecture and memory hierarchy of the
accelerator. Data movement is optimized by buffering input image data (Img),
filter weights (Filt) and partial sums (Psum) in a shared 108KB SRAM buffer,
wihich facilitates temporal reuse of loaded data. Image data and filter weights are
read from DRAM o the buffer and streamed into the spatial computation array
allowing for overlap of memory traffic and computation. The streaming and reuse
allows the system to achieve high computational efficiency even when running
the memary link at a lower clock frequency than the spatial array. The spatial array
computes inner products between the image and filter weights, generating partal
sums that are retumed from the array to the buffer and then, optionally rectified
(ReLU) and compressed, to the DRAM. Run-length-based compression reduces
the average image bandwidth by 2. Gonfigurable support for image and filter
sizes that do not it completely into the spatial array is achieved by saving partial
sums in the buffer and later restoring them to the spatial array. The sizes of the
spatial array and buffer determine the number of such ‘passes’ needed to do the
calculations for a specific layer. Unused PEs are clock gated.

Figure 14.5.3 shows the dataflow within the array for filter weights, image values
and partial sums. If the filter height (R) equals the number of rows in the array
(in our case 12), the logical dataflow would be as follows: (1) filter welghts are
fed from the buffer into the left column of the array (one fikter row per PE) and
the filter weights move from leftto right within the array; (2) image values are fed
into the left column and bottom row of the array (ane image row per PE) and the
image values move up diagonally; (3) partial sums for each output row move up
vertically, and can be read out of the top row at the end of the computational pass.
If the partial sums are used in the next pass, they are fed into the bottom row of
the aray from the buffer at the beginning of the next computational pass.

In order to maximize ufilization of a fixed-size array for different shapes, the
mapping may require either folding or replication if the shape size s larger or
smaller than the array dimension, respectively. Replication results in increased
throughput to the purely logical above. Cases I,
111, 1V, and V in Fig. 14.5.3 illustrate the replication and folding of image values
for various layers of Alexllet. The same data values are shown i the same color.
Across the six example cases, which include physical mapping of filter weights,
image values and partial sums onto the fixed-size spatial array, we see the logical
dataflow patterns translating to myriad physical dataflow patterns that need to be

supported. Furthermore, the same data value is often needed by multiple PEs,
whose physical location in the array depends on the data type (fifer, image or
partial sum) and layer.

Since different layers have diferent shapes and hence different mappings, a
design-time fixed interconnect topology will not work. Every PE can potentially
be a destination for a piece of data in some particular configuration, and so a
Netuoicor-Chip (o) i naedad to suppart adiess hased daa civey
However, traditional NoG des ionsy tevery PE data
10 0ne or multiple sult delays. A full

10 eny PE coldwork bl would consume cnormous pover

To optimize data movement, itis important to exploit spatial reuse, where a single
buffer read can be used by multiple PEs (ie. multicast). Eig 1454 shows our
NoG that supports configurable data patterns, and provides an energy-efficient
multicast to a variable number of PEs within a single-cycle. The NoG comprises
aone Global Y bus, and 12 Global X buses (one per row). Each PE is configured
with a (row, col) ID at the beginning of processing via a scan chain. Multicast to
any subset of PEs is achieved by assigning the same D to multiple PES. Data
from the buffer is tagged with the target PEs’ (row, col) ID, and multicast
contrallers at the input of each X bus and each PE deliver data only to those X
buses and PEs, respectively, that match the target ID to avoid unnecessary
switching. Data is sent on the buses only if aftarget PE are ready (ie., have an
empty buffer) to receive. To suppart high bandidth, we use separate input NoCs
for filter, image, and partial sums. The partial sum NoC has a separate set of
output links to the buffer to write the final partial sums. The NoC data delivery for
four of the cases from Fig. 145.3 is shown in.

Eact own in Fig 14,55, is a three-stage pip bl
for ca\cmz!mg the inner product of te input mage and fier weights for  single
vow of the filter. The sequence of partial sums for the sliding filter window is
computed sequentially. The partial sums for the row are passed on alocal ink to
the neighboring PE (see , Where the cross-row partial sums are
computed. Local scratch pads allow for energy-efficient temporal reuse of input
image and filter weights by recirculating values needed by different windows. A
partial sum Scratch pad allows for temporal reuse of partial sums being generated
for different images and/or channels and filters. Data gating is achieved by
recording the input image values of zero ina zero buer’ and skipping fiter reads
and computation for those values resuiting in a 45% power savings in the PE

“The test chip is implemented in 85nm CMOS. It operates at 200MHz core clock
and 60MHz link clock, which results in a frame rate of 34.7fps on the five
convolutional layers in Alextiet and a measured power of 278mW at 1V. The PE
array, NoC and on-chip buffer consume 77.8%, 16.6% and 2.7% of the total
povier, respectively. The core and lnk clocks can scale up to 250MHz and S0MHz,
respectively. This enables us to achieve a throughput of 44.81ps at 1.17V. Elg.

hows ateach layer, ratio, power
consumption, PE utilzation, and memory access to highlight the reduction in
DRAM bandwidth, efficiency of the reconfigurable mapping and reduced data
access due to data reuse, respectively. A die photo of the cmp and the range of
the shapes it can support natively are shown in.
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Eyeriss: An Energy-Efficient Reconfigurable
Accelerator for Deep Convolutional
Neural Networks

Yu-Hsin Chen, Student Member, IEEE, Tushar Krishna, Member; IEEE,
Joel S. Emer, Fellow, IEEE, and Vivienne Sze, Senior Member, IEEE

Abs Eyeriss is for state-of-the-art deep

yeriss is an or
‘neural networks (CNNs). It optimizes for the energy
efficiency of the entire system, including the accelerator chip
DRAM, for various CNN shapes by reconfiguring
ecture. CNNs are widely used in modern Al systems
but also bring challenges on throughput and encrgy efficiency
to the underlying hardware, This is because its computation
requires a large amount of data, ereating significant data
movement from on-chip and off-chip that is more cnergy-
than ing data movement energy
cost for any CNN shape, therefore, s the key to high throughput
and energy efficiency. Eyeriss achieves thése goals by using a
proposed processing dataflow, called row stationary (RS), on a
spatial architecture with 168 processing elements. RS dataflow
reconfigures the computation mapping of a given shape, which
optimizes energy efficiency by maximally reusing data locally
to reduce expensive data movement, such as DRAM accesses.
Compression and data gating are also applied to further improve
energy efficiency. Eyeriss processes the convolutional layers
at 35 frames/s and 0.0029 DRAM access/multiply and n:cumula-
tion. (MAC) for AlexNet at 278 mW (batch size N = 4),
07 frameds and 00035 DRAM accwwMAC for VGG-1 15
at 236 mW (N =3).

Index  Terms—Convolutional neural networks ~ (CNN),
fHicient

of CNN has to not only provide high parallelism
for high throughput but also optimize for the data movement of
the entire system in order to achieve high energy efficiency.
In addition, this optimization needs to adapt to the varying
shapes of the high-dimensional convolutions in CNN.

To address these challenges, it is erucial to design a compute
scheme, called a daraflow, that can support  highly parallel
compute paradigm while optimizing the energy cost of data
movement from both on-chip and off-chip. The cost of data
movement is reduced by exploiting data reuse in a multilevel
memory hicrarchy, and the hardware needs to be reconfig-
urable to support different shapes. To further improve energy
cfficiency, data statistics can also be cxploited. Specifically,
CNN data contains many zeros. Techniques such as compres-
sion and data adaptive processing can be applicd to save both
memory bandwidth and processing power.

Previous work has proposed hardware designs for CNN
acceleration [121-[22]. However, most of them only have
simulation results that are not verified by the measured results
from fabricated chips; implementations using FPGA also do
not reveal the actual throughput and energy efficiency of the

dataflow cep learning, energy
spatial architecture,

L. INTRODUCTION
EEP learning using convolutional neural networks
(CNNs) [1] has achieved unprecedented accuracy on
many modem Al applications [2]-[9]. However, state-of-the-
art CNNs require tens to hundreds of megabytes of para-
meters on billions of operations in a single inference pass,
creating significant data movement from on-chip and off-
chip to support the computation. Since data movement can
be more energy-consuming than computation [10], [11], the
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. A few efforts have demonstrated the measurement
results of fabricated chips . However, these works
do not benchmark their implementations using widely used
publicly available state-of-the-art CNNs, which is critical to
the hardware evaluation. Specifically, Park et al. [23] propose
a deep-learning processor for running both training and infer-
ence using an MIMD architecture, which was tested on a cus-
tom four-layer network using 5 x 5 filters. Cavigelli et al. [24]
present a CNN accelerator for inference that is tested on a four-
layer CNN using 7 x 7 filters. Sim et al. [25) demonstrate a
CNN processor and only report the theoretical peak throughput
along with the power measured on a CNN for the MNIST
data set [26], which has storage and computation requirements
that are orders of magnitude lower than the state-of-the-art
CNNs. With the exception of [24], these works did not report
the required DRAM bandwidth for the proposed compute
schemes. It is not sufficient to look at the processor power
alone, since DRAM access is one of the most important factors
dictating the system energy efficiency.

In this paper, we have implemented and fabricated a CNN
accelerator, called Eyeriss, that can support high through-
put CNN inference and optimizes for the energy efficiency
of the entire system, including the accelerator chip and
off-chip DRAM. It is also reconfigurable to handle different

00139200 © 2016 IEEE. Personal use is permitied, but leuth.mun/xcd.\nnhuuun requires IEEE permission,
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Layers
FC | Conv |Vector | Pool |Total

Nonlinear TPU Ops / |TPU Batch| % of Deployed
function Weight Byte | Size  |TPUs in July 2016
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61%
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Abstract

Many architects believe that major improvements in cost-energy-performance must now come from domain-specific
hardware. This paper evaluates a custom ASIC—called a Tensor Processing Unit (TPU)— deployed in datacenters
since 2015 that accelerates the inference phase of neural networks (NN). The heart of the TPU is a 65,536 8-bit MAC
matrix multiply unit that offers a peak throughput of 92 TeraOps/second (TOPS) and a large (28 MiB)
software-managed on-chip memory. The TPU’s deterministic execution model is a better match to the 99th-percentile
response-time requirement of our NN applications than are the time-varying optimizations of CPUs and GPUs
(caches, out-of-order execution, multithreading, multipr ing, prefetching, ...) that help average throughput more
than guaranteed latency. The lack of such features helps explain why, despite having myriad MACs and a big
memory, the TPU is relatively small and low power. We compare the TPU to a server-class Intel Haswell CPU and an
Nvidia K80 GPU, which are contemporaries deployed in the same datacenters. Our workload, written in the high-level
TensorFlow framework, uses production NN applications (MLPs, CNNs, and LSTMs) that represent 95% of our
datacenters’ NN inference demand. Despite low utilization for some applications, the TPU is on average about 15X -
30X faster than its contemporary GPU or CPU, with TOPS/Watt about 30X - 80X higher. Moreover, using the GPU’s
GDDRS memory in the TPU would triple achieved TOPS and raise TOPS/Watt to nearly 70X the GPU and 200X the
CPU.

Index terms—DNN, MLP, CNN, RNN, LSTM, neural network, domain-specific architecture, accelerator

1. Introduction to Neural Networks
The synergy between the large data sets in the cloud and the numerous computers that power it has enabled a renaissance in
machine learning. In particular, deep neural networks (DNNs) have led to breakthroughs such as reducing word error rates in
speech recognition by 30% over traditional approaches, which was the biggest gain in 20 years [Deal6]; cutting the error rate
in an image recognition competition since 2011 from 26% to 3.5% [Kril2] [Szel5] [Hel6]; and beating a human champion at
Go [Sil16]. Unlike some hardware targets, DNNs are applicable to a wide range of problems, so we can reuse a DNN-specific
ASIC for solutions in speech, vision, language, translation, search ranking, and many more.

Neural networks (NN) target brain-like functionality and are based on a simple artificial neuron: a nonlinear function
(such as max (0, wvalue)) of a weighted sum of the inputs. These artificial neurons are collected into layers, with the
outputs of one layer becoming the inputs of the next one in the sequence. The “deep” part of DNN comes from going beyond
a few layers, as the large data sets in the cloud allowed more accurate models to be built by using extra and larger layers to
capture higher levels of patterns or concepts, and GPUs provided enough computing to develop them.

The two phases of NN are called #raining (or learning) and inference (or prediction), and they refer to development
versus production. The developer chooses the number of layers and the type of NN, and training determines the weights.
Virtually all training today is in floating point, which is one reason GPUs have been so popular. A step called guantization
transforms floating-point numbers into narrow integers—often just 8 bits—which are usually good enough for inference.
Eight-bit integer multiplies can be 6X less energy and 6X less area than [EEE 754 16-bit floating-point multiplies, and the
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Layers Nonlinear . TPU Ops /
° Goog Ie TPU v1 Eg'l'iﬁgﬁ*ﬁ Name FC | Conv V}cjctor Pool |Total| function Weights Weight zyte
MLPO 5 5 ReLU 20M 200
sl s MLP1 4 4 RelLU SM 168
i %-I-i‘j.M LP~ LSTM P Eﬂ*ﬂimuuﬁmﬁigméﬁ LSTMO | 24 34 58 | sigmoid, tanh | 52M 64
LSTM1 | 37 19 56 | sigmoid, tanh | 34M 96
* — A Y
- ERENSEERNZAFEEREER et T3 7o T T oo | retv oo [ i
Application MLPO MLP1 | LSTMO  LSTM1 | CNNO CNNI | Mean | Row
Array active cycles 127% 10.6% 82% 10.5%| 782% 462%| 28% 1
Useful MACs in 64K matrix (% peak) 12.5% 9.4% 8.2% 63%| 782% 225%| 23% 2
Unused MACs 0.3% 1.2% 0.0% 42%| 00% 237% 5% 3
Weight stall cycles 539% 442% 58.1% 62.1%| 00% 28.1%| 43% 4
Weight shift cycles 159% 134% 158% 171%| 00% 70%| 12%| 5
Non-matrix cycles 17.5% 319% 17.9% 103%| 21.8% 18.7%| 20% ©6
RAW stalls 33% 8.4% 14.6% 10.6%| 35% 228%| 11% 17
Input data stalls 6.1% 8.8% 51% 24%| 34% 0.6% 4% 8
TeraOps/sec (92 Peak) 12.3 9.7 3.7 2.8 86.0 141 214 9

Table 3. Factors limiting TPU performance of the NN workload based on hardware performance counters. Rows 1,4, S, and 6 total
100% and are based on measurements of activity of the matrix unit. Rows 2 and 3 further break down the fraction of 64K weights
in the matrix unit that hold useful weights on active cycles. Our counters cannot exactly explain the time when the matrix unit is
idle in row 6; rows 7 and 8 show counters for two possible reasons, including RAW pipeline hazards and PCle input stalls. Row 9
(TOPS) is based on measurements of production code while the other rows are based on performance-counter measurements, so
they are not perfectly consistent. Host server overhead is excluded here. CNNI1 results are explained in the text.

BB/ FFaHE <29 >



AlNhE=RZR I E——Google TPU v2

- AEFTPU vIRZISHE, TPU v2EERIZIFIS
- BT, SHFIGHEEELX:

- EBITE (f1KB) . RAEHE. BE. kSHHE
- BSFE: RETEEERE, REEEPSEE

- ERtEE: INTSEERBIIGER

- ESTREN: FRNRAESE

- EMHITITE:

i}

BIEEH FREHE

C

Build it quickly

Achieve high performance...

...at scale

...for new workloads out-of-the-box

...all while being cost effective

<30>




AlNlEER Y& EB—Google TPU v2

G »
NECE R

PEKING UNIVERSITY

« - DDR3 | « -~ DDR3
v
PCle . PCle -
Queues . ASC;:;\;:t;;n > hl/\lAlL.ljal:t‘I:%)l(y Queues L Asctt:;/rzt;;n [ I\;\I/Itjalé:%)l(y
o *EE?TPU V1 TPU vzﬂg*?' \‘Egﬂ]@-tﬁ Activation P_ A!cu- Accju->ﬁation
f A L’ : Pipeline mulators mulators ~ Pipeline
(a) (b)
1 ?bﬂ‘igrﬁgﬁs ’%ﬂlE‘E{EKrf nnA < ={ DDR3 ‘ " >’W
v v
. BENSNAEARE, TREOEELEET S [ e B e
Vect Unit Vect Unit
- BMMUBLARRESTHMLIEES, FLinES emory | g —
ctivation ector
i [ . . > U .
- 15DDR3XAIHBM, RIHESIHFTR A @ -
3 > <> HBM <> Interconnec
. WMSEEE, BASETRRE ey ==
(I.?ugulees ” Mat_rix Queues |\5\|Aa|tt'ri)|(
L | Vector Mﬂlgsly Vector Bnllg ’
Memory } Memory v
..| Vector < Vector
Unit Unit
(e) (f)
FIEBH FEAE <31>




AINMERRSRIEA

- KW,

==

ISAZ:
. 5EPEITEIgTTRAE128 x 12884BkENEES, X

SRS, [ETITE

TM

E——Google TPU v2

ite, TEE

B
5bf16 (s1e8m7) FE;EFIFP32EMM

UNIY

::38':?.)“57

PEKING UNIVERSITY

o PHAEEFE128 x 128R9BKEI%51, MA=ETPU vIFRRJ256 x 2567

1 |
''|  Scalar Core O |
1 Unit I Compute |:|
1 |
| I Matrix | Memory |:| = Interconnect
I > Multiply I
: Unit |
I Vector I
| Unit |
: .| Transpose/ : E E E E
, Permute Unit | | - - - -
| ! I
| |
I Vector :
: Memory |
I |
I I
TTTTTTTTTTTT T T T T T TS Interconnect
Router
HBM
PCle
Queues

SSHHE AFREe7TE

Core 1 Scalar
Unit
Matrix I
Multiply
Unit
Vector
Unit
Transpose /
Permute Unit
Vector
Memory
HBM
PCle
Queues

A
T 4x
operations per
operand ratio
utilization
-1 ratio
1.7x
T 1X 1x .
(normalized) (normalized)
I I | » Constant
! ! | FLOPS
256x256 128x128 64x64
(1x) (4x) (16x)
<32>



AlINNiEREEEaZEB——Google TPU v2

- BETRETRINIEE:
- SPMRETRZ, SMEEANEHILE128MEA
» FIERETHER TR

G ) »
N e 7 ) ¥

PEKING UNIVERSITY

Control from Scalar Unit 5 - Saal_?r TPU Core

g ,.é ni 1
S
< ;
Vector ! Matrix
Control et X ‘ ] MUltIP ly
mEsaER = Unit
"""55‘:;5:55::_5:‘:_—5::5::::_5-::_EE:':_E:::::::: ------ ]'I :I E ]. : T '——__ = % Vector
TS B2 | | Y || Trensposes
R L | Permute Unit

o ALUO AL ool )

=

> 32Kix32b | |

= Vector (Lane) [+

@ ~—

& Memory -

8 < | 32x32b Vector (Lane) x8

i Reg File |-
. : x128
BIEEA FaHE <33>

C



AlNlEER Y& EB—Google TPU v2

FSSIGN »
NPT TS

PEKING UNIVERSITY

- TPU v2IYTFER S
- h LE1Fi5£97932MB
- 16GB HBM, #%£979600 GB/s (TPU v13ERDDR3, #%£77330 GB/s)
- R EERHRBEAEERE, SMERREZRH500 Gbps, RA4EER (Torus) RYFRHEID
- RBXI5256/NTPURYIRRE

[ \\\ [ A\ f \\\ / x\
| | | | ; i PO\ PO | POV | PU2 |
TPU Core TPU Core SIS S 1 ‘ \ [\ ‘
1# TPUV2 \ TPUV2 \\ TPUV2 \‘\ TPsz ‘
| w ‘ ‘ ‘ \ | ‘i
l Interconnect l - A ! ‘ e |
Router Core < n eRrg(l)j?enrec <> Core TPUV2 “ TPUV2 TPUV2 | TPUV2
f f‘ S
A 4 | | |
b N |
. . . U2 | POV | W2 | 0 |
QPC|9 Widths ©C QPC'e Link | Link -/ . —
Ueues BandWidthS Ueues N \V/ 7. NS

BB/ FFaHE <34 >



S N »
NPT TS

PEKING UNIVERSITY

AlNlEER Y& EB——Google TPU v3

- fETPU v2RyEfil E, TPU v3#{TTH—SRICUH TIRF, €55
- FEMESRIAERTTH K25
- EPTIEMC, SRHSEERM700 MHZIERE] 7940 MHz
- IEAHBM&EEE30%, I KHBMESE2(E, IRAHERR30%, iXZIE6ElR650 Gb/s
+ RASZIF102440TPURSY &

Scal TPU Core O |
flii?r ' D = Compute D Host
I |:| = Memory D Int t
r Matrix
Multiply
| |

+30% blw
]|
]

R _‘_30°l°b|w 4Interconnect s "'30% b/,,,, ”””
HBM X HEM
20 g 0Ces —

PCle PCle
Queues Queues

BB/ FFaHE <35>

i}

C



E § . HBALG RS

CONTENTS

. ASHEREE D RIZT
. AIKERBEIS gt
. FE—SAIG RS




AT &R CH

o BAINET AIBRLERECHBOESHEFRIESR
- BEAXAER: itHERx. hF. BEEE
- (KFHEZ13: DianNaoZF%l, Eyerissz®%]. Google TPUZE7I

o ETEREAVSNBUMTE T ML/ M IRE SRR RIS,

- HERMBIRESHUSRESREALSGELIERR
- HERIEIRBIEES A T8RN BRSNS

i}

BIEEH FREHE

C

< 37>



AT EREEENL RS

. BN TR SEIEE. &

e
o pmay
)

=, BSiTEE.

< 4
>
~ )
(INEAE
- o a X\

PEKING UNIVERSITY

SPEFEE RSP

) ¥

Al and Memory Wall
Eﬂ%ﬁ;g ooooo Al HW Memory . 2x/2yrs G:sa: h“;m:e:mrmmg *Eﬂ E E Output
HIBIRIK, - A, S =
EREIRR (.| e e e R BT [@ GPT%
mEER-1 || T : HEER>1 -
ae.m' mmﬁ Input T
TB 0.1 ° Gvo“ TB/S recit th farst Nel $
=a "jE =

= s = kv 7 £ a b= ‘
ST EE ?B§:F|=| R Cloud Al Mobile Al Tiny Al
SET LR itE. =i
SEURER gehfEER Memory 24 GB 4 GB 500 KB

2 3 EH=ib Storage ~ TB/PB ~100s GB ~1s MB

# params >70B 3-13B ~T1s M

TONTON JT 2

TS0




AT HEHRENAZ

. BTt

- HERIEHIRBIS(, HHL. HERLEEEH:

=S50

SR, MNEEE

SIEA A L HERBEEENER, RAREMAILESDRIG TR X

- FRERVENERSEREL. KR, NMEEENIESEONREigH

—— BRI

o [

IRBIRTIL

FP32

-

N
7

HREEIILEERS:

R -

——  FHRFEIA

P
e s Y

PEKING UNIVERSITY

<39 >



BT RS AR

- EEBE

& MIESHES IR A ERESRITE

NPT

s PEKING UNIVERSITY

- REIEAHESTIBWHERENTFEAERINSEED, EEIEAHREHREITRMER

- TIERHAER, ERMENMEFIHNFENIRFRBRENELEE

2.09

-0.98

1.48

0.09

0.05

-0.14|-

1.08

2.12

-0.91

1.92

-1.03

1.87

1.53

1.49

i}

BIEEH FREHE

C

- -1)%1.07

Operation Energy [pJ]
8 bit int ADD 0.03
32 bit int ADD 0.1
16 bit float ADD 0.4
32 bit float ADD 0.9
8 bit int MULT 0.2
32 bit int MULT 3.1
16 bit float MULT 1.1
32 bit float MULT 3.7

Rough Energy Cost For Various Operations in 45nm 0.9V

1 10 100 100C

<40 >



S(CHEMEET

- ENEREPNEESH: TEF. TR, EHEEE

- FRSEW:
- EESEW:

[FURINEE (r)
32-bitiZ=

1.48 | 0.09

-1.08

0 |-1.03

1.53 | 1.49

i}

BIEEH FREHE

C

SSHEEERRE, HEENFRSAE
SHSHEHERNTREGE

SUIE (q)
2-bitEe%g

2-bitBHFRIF &

2

ER (D)  EHETF (S)
2-bitEE 32-bitiZ=

- -1 ) X 1.07

Bina Decimal
______________ o1
00 0
11 -1
10 -2

_“\\“"‘,,, »
NELF TP

598 PEKING UNIVERSITY

BRENE
32-bitiZ=

-0.05

0.09

0.05 |-0. -0.02

0.16 |- 0.04

<41 >

-0.27| 0 0.42




LRSS @S e % f

s PEKING UNIVERSITY

- NENSASHEENEANTFITRERNZ AR

Y=WX
Sy @y — Zy) = Sw(qw — Zy) - Sx(qx — Zx)
SwSx
Qy = S (qw — Zw)(gx — Zx) + Zy
Y
SwSx |
Ay = — lawax — Zwax —|Zxqw + ZwZx) + Zy
Y

s ale B

QMatMul Zwﬁn% iI=ENtH

A0

i}

BEBH &5HE <42 >

C



S(CHEMEET

- NERNEASHEENEANTFHENEIRAR
- EHENEIEE: SINSINESNTR, BatiSEETRERESHHRLILISIEE L
. HE. QMatMulflMatMulgSit&E5H4XE1?

A (FP32) A (INT8)
(I?P%Z) e WL (K%) — eyl
\ 4
\ 4
B (FP32) Rteuant
i (INT8)

i}

BB/ FFaHE < 43>

C



RS E G5 20502

s PEKING UNIVERSITY

PSSl WAFEEARETAZIEEL, ELtaSERAYEAFERSERAYE L
- $ 13195984, QMatMulfiMatMul@ditsE, FRELISTEEN, EFEE

Tmax =S (Qmax — Z)
1.0
0.8 Finin i i 0 Fmax rmin — S (qmin - Z)
. r Floa:;nngg-egomt : >
S 0.6/
=
=1 K
0.4 SXS
‘.*“ Floating-point
02 q Scale
' ‘ . 7 . Fmax — U'min = S (@max — Qmin)
4-bit 7 . ‘
0.0 & . | | | . ero point
0.0 0.2 0.4 0.6 0.8 1.0 r —r .
Float S — max min
(a) Uniform Quantization AQmax — 9Qmin
BIEEH F#FEHE

<44 >



BaESIRITER

FSSIGN »
NEF T

PEKING UNIVERSITY

- BYEA: WAZELRIREI LIRS, EitISEREEA =ER SRR E L
- AEIIEMA: WAZERIRTAIELIEEL, EREEEHEPower of Two (PoT) . APoT3
- B%: BOHEARISEEBMESER]?

1.0 1 0.02 1 1.0 = . N Y b Sk == &
0.3 JJJJi <+— Rigid Resolution oo Lesslevels in PoTEf: EERILABRBAIHITIHTE,

"o T8 ;| e I EEFEITESERE, (B, WFRE
0.6 /,/ E 0.6 - _
B (Y LSS, PoTERGIEFHER

0.2 /_,—'/,_,_,‘
_, $bit | 4-bit APoTEM: FRXREIBALFINNESEMR,
0.0 02 0.4 i 0.6 0.8 10 Y 0.2 0.4 0.6 0.8 10 ‘1—%;‘&?_ EﬁIﬁ%& k"‘"
oat Float 2T > ‘mA POT 'y 2
(b) Power-of-Two Quantization (c) Additive Power-of-Two Quantization v < REXINKE

BB/ FFaHE < 45 >



S N »
NPT TS

PEKING UNIVERSITY

SHIELE

- B2 (post training quantization) : EBYJIEERREIINE. EiEEHTEE, HA,
AnENSEW, FEEMRIEEE

- EWRIIIZ (quantization-aware training) : FIGIAERERENEHITEIS, 3k
=ty st A S

lr Pre-trained model ] [ Calibration data | Pre-trained model ] 1 PTQE?&H\jI‘Hj%_‘E“ %&j&%*lj\, 1ETEE =]
v v . v Training data 3
Calibration Quantization ] ﬂ;&ﬁlﬁmg-lngﬁ*
I | I {
Quantization | | Retraining / Finetuning J
: v : | QATHIRES, (BRIISGEIEK, 24E
Quantized model Quantized model A u | . .
’ | BRE, eSS LEusREils

i}

BB/ FFaHE < 46 >

C



HEZEME SN S AN EERS

- SUHEMSEERIETMiITRGEN. FHFMORA, BARAFAILERERZ

- FINSZIFEELISFTERNITRER RiZsSR. BMRF) . USRS EIENFELIESE
- Et, HEMZECEEFEERSTHEN B &t REXEE RIS
- FHIR, BIESNTAIINMIF

- BitFusion: iSRS HREITHEAIAILIESS

+ OliVe: HEEHHSKIREAIAIIEES

« ANT: EFEGFHCEIESBIRIAIIEES

BIEEH REHE

<47 >



FZFEBILSAILIESE — BitFusion

FSSIGN »
NEF T

PEKING UNIVERSITY

- Bit FusionXE%&3FRTFISCA 2018, ZUEFHBEITIESEEMEIEIFE

+ BRORE: ARMERSREEILIRRF—HEMSREPHARE, NFEHIREFNSEEDARE
- XARSREENAIUEFRSREGENRE, SXCEERE

- XEiRiiBit Fusionf{fd, ERECAEMEIITRESET, EMARITERENRIER:

T | “weur_ R 1

Input (B8] [BB] [BB] [BB] |F-PE| | F-PE| [F-PE| [F-PE]
forward| | BB ||| BB

vard for‘.m‘irle—PE] [F-pe] IF—PE”F—PEl_.b * FUSiO“EEE1 Gﬁ\BitBriCkSZEEJZ, Ell\BitBriCkﬁ
[B8]|[BB] [BB |F-PE||[F-PE| |F-PE| | F-PE] \ $k 4=
|B)I3—H_B‘B| (B8] [BB] |F-PE| |F-PE| [F-PE| [F-PE] ,E‘l‘” . Elei:‘thB!IUVI-%

‘Psum forward *Psum forward

(a) Fusion Unit with 16 BitBricks (b) 16x Parallelism, Binary (1-bit) * g/I\Bit B ric ks a I ﬁgﬂggimW4A4\ W2A8s

or Ternary (2-bit)

“woor 1 SR “woor 1 SR WB8A2LIRWBA8HIITE

H

Input Input
(SERINEENAREERIRER
forwirg ﬂ.— ﬂ.— ﬂ._ ﬂ.— L fom_aE F_ P E .
|l o | e Hardik Sharma et al., Bit Fusion: Bit-Level Dynamically Composable

§Psum forward § Psum forwara Architecture for Accelerating Deep Neural Network, ISCA 2018

(c) 4x Parallelism, Mixed-Bitwidth . .
(2-bit weights, 8-bit inputs) (d) No Parallelism, 8-bits

BB/ FFaHE < 48 >



FZRILE RIS A I RESE — BitFusion

- 81 BitBrick EEFERBENRMZREIT, AREBUERARLISHEERZM

 BitFusion3HEKz]

271z 5540 g

1 1 0 O
0 O 00 0 O

01 00 0 0100

(a) A 4-bit multiplication
[610 X 1110 = 6510}

i}

BIEEH FREHE

C

(b) Decomposing the 4-bit
multiplication to four 2-bit
multiplications.

11, 10,

ﬁ o8

EEFJ

10, 01, | | 11, o1,
LY LY
BB BB

M¢«@

(c) Mapping decomposed

multiplications to BitBricks (BBs).

— I HEh T

—
-
]
£
[
e
L
=
=

IBUF (Shared)

/|
‘U""I:f'\:a"

Fusion Unit
[BB| |BB] [BB]| |BB]

BE ||| BB BB ||| BB

BE ||| BB BB ||| BB

BE | | BB BB | | BB

ﬁT

e 7 '

Fusion Unit

BB ||| BB
BB BB | | BB

[BB| |BB] [BB] |BB]
BB || BB "
BB

!

[ Pooling Unit || Activation Unit

CUNT »
CATR) )': N
§<:::E jg'f}::g?

PEKING UNIVERSITY

e
‘:f'"l‘j":'

Fusion Unit

[BB]| [BB] [BB] [BB]
BB|[[BB] [BB]||BB

Bel|[BB]|[BB]||BB]
BB| |[BB||[BB]| [BB

==

e

Fusion Unit
[BB| [BB| [BB| |BB]
[BB||/BB]||[BB]||BB]

!

|Pooling Unit| | Activation Unit




W"m BESAIMIEE——ANT

- ANTEZZFRFMICRO 2022, 1IRHTHAIEHEIEE, ENHREMESIHEIEEER

ZOMEE: 1. HENEPARIItensorD B EZAMERE; 2.F—1tensorAEEXF

A KRERAFRERSHEERD; EFEILEEIQINTIEFloatF
- IBR T —MERIEIEREE lint, EeFRFEHNSHRISE

:k i: atx‘ 'g

PEKING UNIVERSITY

ZITORY{EEkY:

TUEHELUERIXFRTRELL

ResNet-18 BERT-Base BERT-Base Bits | Exponent Value Fraction Value Value in Decimal
activation tensor weight tensor activation tensor
os| o3r 0000 0 0
oal o4t 0001 —1=0 I 2x1=1
03} 001x - 1 I, 1.5 2,3
031
g . 01xx —1=2 1,125, 15, 1.75 4,5,6,7
2t < .
v 3 11xx —1=3 1, 1.25, 1.5, 1.75 8, 10, 12, 14
0.1 E 01
E L 101x —1=4 I, 1.5 16, 24
2 -1 0 1 2 3" 0200 02z __ %0 -60 40 20 0 _ 1001 —1=5 1 32
6 —
Int < . PoT 1000 —1=6 1 20 x 1 = 64
High precision Wide range

I
=]
&
=
@
5
i~
)
et
=
=

Uniform-like Gaussian-like Laplace-like

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 1: Intra-tensor and inter-tensor adaptivity. |

Table II: The value table of 4-bit unsigned £1int with the
exponent bias of —1. The blue numbers are the first-one-
encoded exponent and “x” is mantissa with value of O or

Cong Guo et al., ANT: Exploiting Adaptive Numerical Data Type for Low-bit Deep Neural Network Quantization, MICRO 2022

SIEHEH REHB

<bH0>



. B TE:

[F Decoder

4-bit Multiplier

TSRS A GBS ANT

« AT ERtensorzZ|a)EY

€a ) ‘!b

€.

c

BN HARMNERE, EEBIEE:

Input decoder

e 1]

FSSIGN »
NPT TS

PEKING UNIVERSITY

BRIIESU RN RER)RIEESEE
- HRLIntZXBIESIINST, Float/PoTRBIESH SRS, FlintRBESHEHINH
Ll LA EUAYL ST (PE) , 2,

- BIRITHIPESRRLE T BXEN M5 URZ RGFRRISRESE

afFieR, SRiERR, NMiESRFIRN=S

Weight decoder
Reused component

IF Decoder

‘}‘Dﬁasc]nl_\ Exp. ]M*
!

16-bit
Accumulator

4-bit Adder

l

5

Weight

Left Shifter <<

i}

BIEEH FREHE

C

-—{> Exp. | Base Int.

To bottom PE

Accumulator

Preload (16bit)

<51>



BRI SA LB Olive

o OliVe&ZFEFISCA 2023, X
o ZUWME: X

AEE, ELkaJPlftEvictimsi
- ¥ Foutliers, IEH T HAIEUEIEIVAbfloat, 1 EiZ BiEMAYbias{ERISANBERRLLIEEEHE AL

Matrix

1.5

2.6 | -5.2

-98

17.6

421741

-6.8

1.2

6.3 |30.7

5.9

Normal Value

QOutlier Value

Victim Value

Quantization &
Compress Qutliers

Prune Victims

155

Sparse QOutlier:
Coordinate List

(a) Sparsity-Based Encoding (GOBO)

8-bit Unaligned
o

98— (0,3) E
=

18 (1,00 + ¢
-

N (2,2) &

17.67* 0

30.71=0

OV Pair

1l Aligned

Quantize &

Embed Outliers
—_—

4-bit OVP
Encoding

KRB EEHE (outliers) &
1RBIhTEE—Ltouliers, X&outliersREE, (BESBMIEFEE (FRAvictims)
‘AR SEbig &R aoutliers

ONIELE B

PEKING UNIVERSITY

T

4-bit
l—
2 3 -3 0
0 L I | -7
11606

1000 1111
2 13| (o,-9)
0010 1000
(16, 0) S
0100 1000
V1% @20
p—
8-bit

(b) Outlier-Victim Pair Encoding (Ours)

Binary | Exponent | Integer Real Value
000 0 0 0
001 0 3 3x20=3
01x 1 2,3 2x2l=43x21 =6
10x 2 2,3 2x2%2=83x22=12
11x 3 2,3 |2x2°=163x23=24

02.
C L
3

S

S

+ 0:3
0
) ~
- er“_@‘{
0000 I T

Cong Guo et al., OliVe: Accelerating Large Language Models via Hardware-friendly Outlier-Victim Pair Quantization, ISCA 2023



HEZEME SN S AN EERS

- fERASERkE, MEIRIT T RENMETTH

——~OliVe

) ¥

NI )
SET

S, 9
S &
EN) It 7

o) | ]

o

7502

PEKING UNIVERSITY

BKEDFE5I

Operation Unit

3i% (MAC Unit) , FiStB{iIEEREI T GPU tensor corel A}

J [ Buffers ] [ Register ] [ New OliVe Component J
Inst. Register File A | I Normal
Cache Scheduler ] g OVP Decoder ‘ ...... l OVP Decoder ‘
I : I
. Matrix A | Matrix B | | Matrix A
Dispatch) | Reg File | @ Buffer || Buffer || Buffer ' - [Bpa] 16 - -
e | | (500 ] e e o
FPé4/32 INT32 . Thread Group Thread Group 16-bit FEDP
X ; 8-bit 8EDP Adder Tree
W 4-bit 16EDP
LD/ST Write Back B\ : )
GPU SM (a) GPU Tensor Core (b) Outlier-Victim Pair Decoder
BRREE FE5HE

<53>



EF ERRRARE R

. BTNFRUBSOEEE, BENEEEESNRENRRE, DS ERE T E SIS

Bk, AIWEIEEERER

0.5%

0.0%=
-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%
-4.5%

Accuracy Loss

© Pruning

NELF TS

s PEKING UNIVERSITY

Pruning+Finetuing @ lterative Pruning and Finetuing

-
~ -
-
-
-
-
~
-~

A )
o
1

1
40% 50% 60% 70% 80"'/0

90%

Pruning Ratio (Parameters Pruned Away)

100%

<54 >



{RB R {LAY Taxonomy

G »
) - J, ;g
5179 =
PEKING UNIVERSITY

- (KIEEIRAIEARE, #MEMEEIERILLS AT ESaIEI
. MEEFEALDEENRE, CELREDES (ARREES) . BEEIESIEE
- HANESEERNEMESRY, (BEREESZR

fim? BRR?

JELEEE <

O M .
ey Bl OT
==l "R El.aa B

MRIEEE: BFEMRIRY i"‘ﬁ?‘?*ﬁ
Bt (R(UFT)

BIEEH REHE <55>




{RB R {LAY Taxonomy

- (i

. HCEERENEE M F TransformertSilai EFReLUSJCNNIEEIh, i@

Patch Embedding

BIfIX:

RAE, HHERILE

N e 7 £ PR
3ot PEKING UNIVERSITY

BRIl D AN EER S ERERE
. I‘XEB'J*S'ZL_FHEFCNN RNN TransformerZE, 1BEHFHFSER

: 1 r@ﬁi informative XL3
= D:—D : . ) ==
i g O C—m g || i Ui—ms

= : € : g
-D*§5_>DXDE—D>§ z| O L—m | 2
L"‘_‘?‘ A~ D D—{ |.>,£‘ U“F’Dxl:lé_{*,g E

2 5 3 1 |
1 p|» L] Ds—q} 2 [] D—D*; 5
= O 0O e 0 0O e
il —g: o it(!g declgné i . :{oken deci;)]n'.E ' =

REEEEE ‘a Bl | = ¢ heemesspussEe ¢ £
fass token on i}flgﬂ'ative non_i,;%l,;;t

0L FSE] 57

Peiyan Dong et al., HeatViT: Hardware-Efficient
Adaptive Token Pruning for Vision Transformers,
HPCA 2023

<56 >



P Tt e L ASTAND 2

- EHEHEMERRHIEEMiITEREN. EHFMRA, RAEFREREALESRZF

- SRR TFREEE, SETEESMEFNSE

- BlanznSEtRET. ASiTRERTE
- BEltt, MEMESMEEFIRERSTHREN (ZERL) Rit, FAKEHDRIZTHIG
- LR, BIIESINB3IMIF

« EIE, SNAP: [FR

5 B B ETERRIA I IR ER AR

 Nvidia sparse tensor core: ERIGHRAILEERSSR

- —MBEIFAITutorial: Sparse Tensor Accelerator Modeling Tutorial @ ISCA 2021

BIEEH REHE

<57>



FERERLSA LIRS — EIE

NEZFES]

s PEKING UNIVERSITY

+ XEAFRTFISCA 2016, $HEFSHEFREREIRE, BT SUUHEIES|ZEEIE

weights
(32-bit float)

-0.98

-0.14

cluster

=>

cluster index

(2-bit int) centroids
0 2 3: .
1 0 2: | 1.50
3 1 1: | 0.00
1 2 0: |-1.00
indexes codebook

reconstructed weights
(82-bit float)

Song Han et al., EIE: efficient inference engine on compressed deep neural network, ISCA 2016

BIEEH FREHE

<58 >



W"W 22 S5AIMIESE — EIE

AR »
NELE PR

s PEKING UNIVERSITY

NERFRTFISCA 2016, SIWEFEHEIRRIERER, BT SU0EE51Z2EIE

- BRUOME: ROFACIERRNFiERRETREREREA R
AR ETRER + S RYBEIRER

NEiRLSHUEESIEEIE, ST Y SRR EEMREMRE

@ (00 a 0 a a5 0 ar)

X b
PEO [woo! 0 'wez! 0 ‘woslwys wog O bo by
PELl 0 jwiii O lwizl 0 1 0 jwig: 0 b1 b1
PE2| 0 0 0 wzz: 0 wpa 0 0 0 ‘wag —bs 0
PE3| 0 'wsy! O ' 0 ; 0 'wos' 0 ' 0 bs b
0 :’LU4,1: 0 : 0 ’LU44 0 : 0 : 0 —b4 0
050}0'w540;0}0w57 by by
0 : 0 : 0 : 0 ‘w5,4‘ 0 waa' 0 bs bs
wror 0 1 0 iwrgr 01 0 wrg O | =br | Rerv | O
e 0010 00 5 s || || G
woo 0 1 0 | 0 | 0 | 0 |wys war —bg 0
010 0 0 woa 01010 buo buo
0 : 0 w112 00 1 0 1 0 'wir —b11 0
w1z, 0 0 'wlz 2 0 ‘: 0 "UJ12 s 0 wlz 7 —b12 0
wi, o”wls2 0 : 000 wlse 0 bis bis
0 0 w w43w 44w145 0.0 b1 b4
0.0 jﬂ?15,25’1015,3j 0 wiss 010 —bis 0

Figure 2. Matrix W and vectors a and b are interleaved over 4 PEs.

Elements of the same color are stored in the same PE.

BIEEH REHE

P EEFEE Index + value 7F{if/3 Compressed
sparse column (CSC) f&z{

SR TEE R EPEr B ESHE(EE

EHEEESBNEREN16MEFHMUZES I Bk
Scif

<59 >



FERERLSA LIRS — EIE

e s Y

PEKING UNIVERSITY

» Act QueueERE: IFEFHEEXMAI—IINERRIFEHEAR SHARPERISEAFE

- Leading Non-zero Detection Node: t&NIESHR(EF EEIFFBPE

Nzero Index
Encoded
Act Index Weight
Col
Leading Even Ptr SRAM Ban tart/| Spars-e
N Matrix
zero End SRAM
Detect A
© Odd Ptr SRAM Bank» ddr ‘A:ldress Absolute Address
. ccum
Pointer Read Sparse Matrix Access Rﬁ::‘:: Arithmetic Unit Act R/W
(a) (b)
Figure 4. (a) The architecture of Leading Non-zero Detection Node. (b) The architecture of Processing Element.

BIEEH FREHE

<060 >



BG5S AL EREE — SNAP

ONIELE B

PEKING UNIVERSITY

. WERBFETFISSCC 2021, i@ channel-firstEuE W RERMEISELRT TEAEINE

o ZIUINER: YIERRESNSIERRNEN, (BMaEHRTERNEER(ImIGEA T s
* Front-end: iEHAIW-IA pairsfIEARESEITR BT RZEE
- Back-end: it&4RSIa4itbE s
- RidlE: WFARkernel KIMIERBIRISTIFIEARE

OA Back-End (Reduce and Writeback)
1A | Front-End (Fetch and Compute) N B
| Compressed O— = :: \
| e @EEE 9o =ag NN R = =) NS
C 1A, W
= | O axC O— R - d—»[ Butfer ] | 4
EHH®®-»®| oa Qao \ - R
I O— —— D {
[l +®-®-@»®| Psums [ClbxA ><
w | ——[7 bxB O— Y Ny oy
A[B I o9 B bxC 7 5
c|Db QPR :
I =a MULT Arra 0 éxD B = oo -~ 4
X
(a) | (b) Y Crossbar Switch  Accum. Buffer Banks

—
O
—_—

Jie-Fang Zhang et al., SNAP: An Efficient Sparse Neural Acceleration Processor for Unstructured Sparse Deep
Neural Network Inference, JSSC 21 <63>



NELF TS

PEKING UNIVERSITY

BG5S AL EREE — SNAP

« Channel-first#ligi#i: E— 1 channelf§eJLUESEXS, FERSREGEREPEEHN
o« B TECEIERSEMSGITLMF, ABEFPsum, MR PsumBEFEIAYHbLLRSE

l -
k= | A Data (h=2, w=2) Fetch | Discover
IA data/fc-id
| (=L ol Bl <l ofd] et | IAcidx =] index W-IA

| r Matchin Data Pairs

A AL ~ | (rnk) W Data (s=0) 021315 | W cridx = & —

- a

H C/R D — | (0,0) |A]lOfB]C]O]O A‘:dzta/;'d; - | + =

+ z| / + / | d of2]3]of1]3 | ’ C c
+W—> +«S5» (2,0) 1011131 K] 010 os ptr _r-idx_ k-idx I W data —pi Data _b? B
IA Data (h=2, w=2) W Data (s=0) | (1) [tfofoJo]ofo FoT3][0] 1][0]o] | Otheridx —p| Buffer — I

(@) | L ———————== o=
—————————————————————— Compute | Reduce (Channel-Dimension)
Compressed IA Data (h=2, w=2) Compressed W Data (s=0) Data Pairs OA Psums |
f N [ ) [ —»— 0O | (h,w,s)—| Reduction

Data: |a] bf c| d Data: | Al Bl | D] E] F] - pos ptr: o0 : (v, k) —p| _Controller C-Reduced
. - OA Psums

r-idx: wes — > ® > D I l (xl Y, k)

ciox: OO0 | | cioe [EEBLOEG] - kidx: [o[0] - >8> | on _[comguane] , Qo

\ J \ / | —» R —> B | Psums Adder-Tree B1,20

— |

(c)

i}

BB/ FFaHE <64 >

C



T

SITY

wzm 2=t S5AINIEZE —— SNAP

« Front-end: Index Matching B ciZBUEISEISERY W-IA pairs, 1IRSFEETIFIAZEE
- Back-end: % partial sum l_ 45, PE-level #1 core- Ievel ‘jEU"P»]T‘ Gla)sE
- RiEME: core- IeveIEl’Jl_ ELIZISARERTTE

W Channel Index

” Addr Path
— ai‘-Pos h, +
) e ] [ o e 2
0 writte
Waddr* I Compute Path I clec &
Sle ™ wrF > 5 g
e < W data 2 a
IA Channel Index 1A w 0] wadar > 3
0|l215172|9 S22 f ‘V DL R L R
Valid Pos _ R / Processing Element (PE)
e -
0 0{0Xo 0 Enc 1|0 (1235 S
L k=0 k=K-1 y o S /
2 0 0 0 0 EnC 1 1 | ataflow Controller o Controllé
~ A A
9 0 0K 0 0 Enc 114 Control Module ‘p /
.RS' LA ! v
4 0 OO 0 Enc 0|x O — « o :
o € [ Confi Reducti
5 0 0 0)— Enc 1|23 2 W == || ==
C
[ Multi-Banked
& <_T: Buffer ?:‘t:
% (Data,Index) o
(=) H 8
oy =)
L x4 o°
OKOXONKO 0 Enc 0|x = &
Q
. . 1 (o]
(&}
Comparator Array Priority Encoders c o m
@ Unified
& o Multi-Banked
g- = Buffer Core g é
o (Data,Index)
L = —’_—16I | Global Accumulator
BIEER FREAE — " < 65>
Memory Module Compute Module



EMEENSAILIEEE—NV Sparse TensorCore 9”%*

- 20204E, *ﬁLﬁﬂiAm erelofd, ZISHRESKEHE
« AmpereZBfaZIFE zEEIQZ AR, EIJ§4A7|:§FI= 21NA0, FHEEEISSCIR2(ZRINMELL

V?ﬁiﬁ*ﬂ'\’.‘.ﬂ«ﬂﬁﬁ?ﬂﬁbﬂ ERON:MIRE:, EDEMATTER, NAHO

Structured-sparse Structured-sparse and Step 1
matrix W compressed matrix W 25% sparsity
R ————
Fine-grained
structured-sparse
matrix format
R — — R
R X C/2 elements + |==
R X C/2 2bits meta Step 2
data sparse finetuning
b C/2 = F=IC/2
= zero entry Non-zero data 2-bits Step 3
values indices 50% sparsity &
sparse finetuning
‘—

Reference: NV Technical Blog

BIEEH FEHE


https://developer.nvidia.com/blog/structured-sparsity-in-the-nvidia-ampere-architecture-and-applications-in-search-engines/

E § . BBAI R Ze4

CONTENTS

. Al REREED RS
. AIXIERG st
. FE—FAIGHEZEE




o e ——

AIXIRBIINE G R 5548

LSRN I pa— i 74
‘ T+ ActERy If ETMEE [ rransformer

¥ BRHEA

SERIEIR + MERIRTE

https://ai.baidu.com/unit/v2/static/socialbot

BIEEH FREHE

e - T

EE H XS

Styles: [S]__. ‘ fi

) e |+ A
\ Subjects: ; "ﬁ;l\‘ \

Shah, Viraj, et al. arXiv:2311.13600 (2023).

A Tl AR -~ ~
IRIEFESRARE

o T N - —
L —— g

https://pika.art
< 68>



PEKING UNIVERSITY

AIAHEBITERS H2 G5 00 502

= RNN CNN Transformer v
Transformer fl

RIS BERS SHNE —EER e wm ]

KEplhE v X v | L=
I X v v —
A T !
Va 17 |[Asz | [Asa ] f[Asa
RNN TV~ A A1 AL ]
==~ y=ty I 1 1,1 21 | 11731 ]~ mmmmmmmmmem
: ® | Py i — [ 17 7 N
I fw S S . A >l JEIH | | Softmax(M) :-|---->: S :
I I eRA(=E ) b 1 Jrax mpray =t
I [ ! 'Iklu:\ﬁl‘]1l:|:m\ 1 | I LN !
LT[ e }_V" h I__f‘ . B Shaata T I Ky = E;s E,s | 1 Ess |
———————————— - ’ ’ 1
Ay | = g ¥ Lk = eo ] Tes e |
® ® ® T L SERZRIA e e
CNN > Ky =1 By Esq ' Esq |}
t t ==t
) Y-l — i L1 —— ’
\ U S ————— —— | Q
RN A R B = =C T Q) %) %)
\ / =V S — . ittt
IX X XA 1) =t = D6 G| X T LIRS
el NP — -
| X X N X ,/’ Xg |F=mmmmm 77 "LE.]-L/LEJ&EEU)\ |
| \‘. y TEmEEmEmEmEmEmTmTTT
L S NI Femm———

BIEEH REHE <69 >



AIKIRBINE T

;;:—;ae;.wff

PEKING UNIVERSITY

ASIC/
= 42b N
SHEE | emmzs

ey RN RIS A —
L o2 : FETIER
L om2xd) !

= o FERTIZNN
P FIIKE —
| dER | (ESMRIgS > FHAEFIEX

L[
_______ e o\ | RIS
IRBIETR wuﬁiﬂﬂaj(GPu hours):BHEFE(MWh)  BRHEBIER(tCOzeq)\

OPT-175B | 809472 i 365 137 )

BLOOM-175B ! 1082880 I 475 183 i "
7B | 82432 I 36 14 W INEELIEK
13B' 135168 I 59 23 V| ERREREREN

LLaMA L -
33B1 530432 I 233 90 .
65B 1 1022362 I 449 173 i
7B | 184320 I 83 31 ] BEET e )

Laman 1381 368640 162 62 — Hfiﬁ%j;%ﬁt
34B| 1038336 I 306 154 ! H/ A
70B 1720320 I\, 748 291 /

From LLaMA/LLaMA 2, #iEIIEEFA100-80GB

<70>



AIXIRBIINE G R 5548

TE =Ty} =R FaEN DiEFRE i ayl):]=!
ReTransformer HEKEFE ReRAM FRITE Transformer HE
ISSCC'2023 EB XK= SRAM EFITE Transformer R
ReBERT KAIST ReRAM EWITE BERT HE
TranCIM BERF SRAM IEFITE BERT Ni¥al
X-Former T E K SRAM/RRAM  EF/HFERNITE BERT R
P3ViT RTKEFE SRAM FRITE ViT yi¥al
H3DAtten a3 T SRAM/RRAM  IEf7/fFAITE  Swin Transformer FE
MulTCIM BEXKF SRAM EFTE r a:ﬁ?gﬁm or mhA
TransPIM ~ IIFfEE L K= DRAM IEFITE BERT+GPT hE

___Liu, Shiwei, et al. ISSCC 2023
TIEEH FREHE

Tu, Fengbin, et al. ISSCC 2023

D ez xS

PEKING UNIVERSITY

- 1.87mm
(EESEBNSSOSBLLLUR LLLE il (R

|EEN NN WREWEY

PIARPRRPHPRPPPPPRI RO abhE
7y L \ L 4

i LA A
DR DDU §

7 T TRt

<71>



AIXIRBIINE G R 5548

S N »
NPT TS

PEKING UNIVERSITY

BIERI&AALE || ASIC/E R

v y v

N - PbakL | e 2o R b2 | L Bl e PR3 | \
[, EEsEEX | HIBEAEHERRE || RESHEEETOXS |
| e.s EBE) L BERERE i
PR S— | o w1 f IEGBEF  FAEEF
§1E+01 o1, i SEMEMESRAMYM)  GELU i
El'E+OO ii o ii rEpEsEMESRA(MatMul) LayerNorm |
: 2017 v 2019 2021 2023 ii H'J)\ ii ‘ §£§1‘E}]ﬂ Softmax‘ i
i FH—-FSHBARE 1 LI T Ti— o
| _FPAR [SRAM|DRAMRRAM_PCM_|Flash 1 ) gty | BADNEFEE  BSE— |
\ 5= 1MB (160GB| 4MB |21.25MB|80MB ,"\ I"\ }

——————————————————————————————————————————————————————————————————————————————————————————————————

RERIE ERRIE BT RIE
RO R R, IEEEET

BEBEH F5HE <72>

Xt




AIKIEBYIME
O BAEH:

B ZNRIEERR-S DR

O SR

B Ftoken)y
mF 7;7J3:F§k[CLS]
B NREEIE

O embedding:
B AN\IRIS:

Vaswani, Ashish, et al. NIPS 2017

TV 2 2

B UERE: AEER

) ¥

SITY
Output
BHAGEN: ZmtDes-2ZiEibes Probabilities
. i \
[ ENCODER DECODER |
) Linear
| ENCODER ] DECODER | e w
: G )~
[ ENCODER ] DECODER || ——— TFeed
B (H—%HtokenZBAL - \ g
— PG — \ s I 2 ( Add & Norm ;
| 15_11(& ~—{(Add & Norm ) Mult-Head
— = —_— Feed Attenti
@ rji%_f Forward 7 &jlon} Nx
Jembedding= " e B
f—bl Add & Norm | Mask‘ed
Multi-Head Multi-Head
"""""""""""""""""""""""""""""" \ Attention Attention
ey I EwIS ; ) ——
I:I'Ll‘ : ...... b‘.‘m m‘f---.\.mm{ .......
XAFS: =z B 518 i’gjﬂ_gﬁﬁii 'PO&:ItIOﬂd| D Posmonall
B . ! 'Encodmg € Encodin
77 L i =i e g
/\ /\ > $§jtl_]\ i / Embedding Embeddlng
\/ i tokens I I
X } Inputs Qutputs
""""""""""""""""""""""""""""""""" (shifted right)
< (3>

BIEEH FREHE



AIXTRBINNE

LR F

'L:‘J:IL 1‘5.1

Qutput
Probabilities

Softmax
Linear

I —
Add & Norm

Feed
Forward

e Y Add & Norm
rl..h.. .
A0 N Multi-Head
Feed Attention
Forward T 5 ) Nx
—
Nix _Add & Norm _
(—>| Add & Norm | TEEE
Multi-Head Multi-Head
Attention Attention
At At
& J — )
Positional 1 @ Positiona
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

BeEm wmartrw

(shifted right)

ZFENE
=t e a=wAL Kl
Con(;at {-Y--;-Z{;’; .....
- Scaleii\ tl?ot;Product IJZ A | T T
I 1l I
rL‘ir_wear E;ear aear %E&{ZIKérﬁ ‘

( ﬂ[ ﬁ( ﬂ G
vk A= QKT )
B 1RIRY FELZHEF JE&LIEEF

embedding  JEEIIER EfFEEFEMVM) GELU
S BRI FEFEFERESR/A(MatMul)  LayerNorm
S TReEIEIR TeZ a0 Softmax
<74 >



AIXIRBIINE G R 5548

- RIEMILELS

2Eba sk

« Encoder-only; Decoder-only; Encoder-Decoder

Encoder-only

Decoder-only

S N »
NPT TS

PEKING UNIVERSITY

Encoder-Decoder

ﬁEEng;R good am |
4 4 4
NG p—
E—Re5 t
<GO>
iﬁﬂﬁﬁﬁ' ﬁﬁﬁ%[ }*[ }%::}{
MBI I A
ow are you ?
= iEE BERT, RoBERTa GPT, LLAMA T5, BART
BEBEES DTS AZEAES BRI
i A\ 3a) HH4SFAIE FrgtokenF{THIAN NG T _E—REYE TG A U TN
S INERAFIE et {GAERT {RRERY
ShcFFi TRt imKFETRT SIEHITRT SIEHITRT

BIEEH FREHE

<75>



AIXIRBIINES AR5

- {RBIRNNE

- RBIEYE

- IR
* TRIRBNE

- IEEIRIRINE

- AR RILENINIE
- BFRNNE

- HHESFINE

- IR EEFIE

m

BIEER FREHE <76 >

C



AIXIRBUNNES A543
- HBIES: BEERERRAINL

e B Bl et feees 2. | »
O | REEM i
|| g | O UEME/REMRACEL
|| D ememeEEasR |
: 1 fa L O PHEERTEREEK :
A« ¥ o Y WV . /
® RESH ;
1

| [memm/ | | O ESRBRSROE— |
| | BE O EIEEREFETR )
; O [#EEHRITER |
: ;

AR »
NELF TR

Gios PEKING UNIVERSITY

@ BSIIt ;
i O MEREBHOE |
i - EhgEL !
| O WEEER |
Y Y . I ;
' @ lizz 3] |
! 1
| \ /O BREEERS A
|| |- EREIEOES
i [\ O BREEISEERR |
LS /



AIXIRBIINE G R 5548

G ) »
N e 7 ) ¥

PEKING UNIVERSITY

IRBIS

Q-BERT TernaryBERT I-BERT BinaryBERT PTQ4VIiT | FQ-VIT | BiT

‘___________‘
------,

INTS8 ={8 INTS8 —{8 INTS8 INT4 —{8
Balg R RN EEEr LM =8/ " ERE TES%LAA, INT8F iR
o o e o o B B B B B B B B B B o B B B B B B B B S B B B o B o S B o B o B o B o B Bt B o B o B o R4
=~~~y iy~ i e SR X
I Y BY |
: SO 2y RORK TR R T O i
I _
L |
: m m ey @ W B !
: ,hidden— — || L] :
| / MHA 1 MHA 2 I
: \ MHA 1 MHA 2 MHA 3 |
1 Source Model Z‘#'_ Target Model I
i ?ﬁﬁgﬁ]ﬁz%'—ﬁiﬁﬂ"ﬁ LS - 3?d5 — 6, Hg - 4?5%5 =38 E;E‘L-E;;i L'T L 2,d7‘ e 3, HT — 2,?’.‘17‘ =4 :
I\ =H 79 l
A o e e v 4

Xia, Mengzhou, et al. arXiv:2310.06694 (2023)
BRREE FE5HE <78>



AIXIRBIINE G R 5548

G ) »
N e 7 ) ¥

PEKING UNIVERSITY

TS IR ER(N

1. ARYEEZEINEEEL
ZNEEF I ERRIRAY

ER)/4ERINESR
IRIE I E A s TR

4 4

] I I I

| | 1 |

: A :

| | 1 |

i : : o —~| 6th ;ziycr I —-I 6th ltaycr | —-l 6th 1Iayer | :

— % | are

| 2\ *EEZIERE*E‘IJ : | —| 5th layer | —0| 5th layer | —>| Sth layer | :

1 =1 = k =F 1 | f Share i 1 |

I Z;H;\EE*XEEIJJ\S%&};\_\_ | I —-I 4th layer I -I 4th layer I 4th layer | 1

: BRI L , [ —

i 123456 123456 I ‘ I 3 ;y I, (=T lly | L ]Ty | |

: I are hare

: 1 ; : : . _'I 2nd ;ayer I —I 2nd ;a)’cr I —| 2nd ;ayer | :

are are Share

: § 3 : : — Ist layer | o = Ist layer | | Ist layer | :
1 1

: 4 4 : : [n})ut II"J]IJUI / InI)ut :

5 5 I I i

ALBERT S —

I 6 6 : : ey REBESSHS | |

| P P ] | K&}Eﬁ I

\ BifSh Enc-Dec & / \ Y,

N e ————— -7 N e e

, Zhouhan, et al. ICLR 2017 Xiao, Tong, et al. IJCAI 2019 Takase, Sho, and Shun Kiyono. SustaiNLP 2023
BIEEA FaFHF <79 >



AIXIRBIINE G R 5548

- (REX D
- ERT RIS E

NPT TS

PEKING UNIVERSITY

SR E R ERENE, SIS NEREEE T
N e NEHATEAN S Z= 4] \
’ R .
S o 15 2P ;
- |
! FEPHRIA 2 & E : hi | h = Wox + AWx i
| O FRESHSVD = RN = Wox + BAx !
|
: A=UxVT i : Pretrained W W, € R4*k, B € R4*" :
! g’i;;%f&?;jﬁ | ! Weights r A € R™*,r & min(d, k) :
I 1 I — !
| : 1o |
TR el 4 a ...
L™ = m i —_ AWHEFINE
| 1% | |
I n n ll \ I
\\ ____________________________ / \~ _________________________________ /’

e oy U Fdward J., et al. ICLR 2022 .



AIXIRBIINES AR5

- {RBIRNNE

- IRERIELE
* TRIRBNE

- IEEIRIRINE

- AR RILENINIE
- BFRNNE

- HHESFINE

- IR EEFIE

m

BIEER FREHE <81>

C



	默认节
	幻灯片 1
	幻灯片 2: 注意事项
	幻灯片 3: 注意事项
	幻灯片 4
	幻灯片 5: AI加速器架构基础-Recap
	幻灯片 6: AI加速器架构发展——DianNao
	幻灯片 7: AI加速器架构发展——DianNao
	幻灯片 8: AI加速器架构发展——DianNao
	幻灯片 9: AI加速器架构发展——DianNao
	幻灯片 10: AI加速器架构发展——DianNao
	幻灯片 11: AI加速器架构发展——DaDianNao
	幻灯片 12: AI加速器架构发展——DaDianNao
	幻灯片 13: AI加速器架构发展——Eyeriss
	幻灯片 14: AI加速器架构发展——Eyeriss
	幻灯片 15: AI加速器架构发展——Eyeriss
	幻灯片 16: AI加速器架构发展——Eyeriss
	幻灯片 17: AI加速器架构发展——Eyeriss
	幻灯片 18: AI加速器架构发展——Eyeriss
	幻灯片 19: AI加速器架构发展——Eyeriss
	幻灯片 20: AI加速器架构发展——Eyeriss
	幻灯片 21: AI加速器架构发展——Eyeriss
	幻灯片 22: AI加速器架构发展——Eyeriss
	幻灯片 23: AI加速器架构发展——Eyeriss
	幻灯片 24: AI加速器架构发展——Eyeriss
	幻灯片 25: AI加速器架构发展——Google TPU v1
	幻灯片 26: AI加速器架构发展——Google TPU
	幻灯片 27: AI加速器架构发展——Google TPU
	幻灯片 28: AI加速器架构发展——Google TPU
	幻灯片 29: AI加速器架构发展——Google TPU
	幻灯片 30: AI加速器架构发展——Google TPU v2
	幻灯片 31: AI加速器架构发展——Google TPU v2
	幻灯片 32: AI加速器架构发展——Google TPU v2
	幻灯片 33: AI加速器架构发展——Google TPU v2
	幻灯片 34: AI加速器架构发展——Google TPU v2
	幻灯片 35: AI加速器架构发展——Google TPU v3
	幻灯片 36
	幻灯片 37: 人工智能处理器芯片
	幻灯片 38: 人工智能模型的发展与挑战
	幻灯片 39: 人工智能模型的发展与挑战
	幻灯片 40: 基于模型量化的软硬件协同设计
	幻灯片 41: 量化神经网络基础
	幻灯片 42: 量化神经网络基础
	幻灯片 43: 量化神经网络基础
	幻灯片 44: 均匀量化与非均匀量化
	幻灯片 45: 均匀量化与非均匀量化
	幻灯片 46: 量化方法比较
	幻灯片 47: 神经网络量化与AI处理器
	幻灯片 48: 神经网络量化与AI处理器 —— BitFusion
	幻灯片 49: 神经网络量化与AI处理器 —— BitFusion
	幻灯片 50: 神经网络量化与AI处理器——ANT
	幻灯片 51: 神经网络量化与AI处理器——ANT
	幻灯片 52: 神经网络量化与AI处理器——OliVe
	幻灯片 53: 神经网络量化与AI处理器——OliVe
	幻灯片 54: 基于模型稀疏化的软硬件协同设计
	幻灯片 55: 模型稀疏化的Taxonomy
	幻灯片 56: 模型稀疏化的Taxonomy
	幻灯片 57: 神经网络稀疏化与AI处理器
	幻灯片 58: 神经网络量化与AI处理器 —— EIE
	幻灯片 59: 神经网络量化与AI处理器 —— EIE
	幻灯片 60: 神经网络量化与AI处理器 —— EIE
	幻灯片 63: 神经网络量化与AI处理器 —— SNAP
	幻灯片 64: 神经网络量化与AI处理器 —— SNAP
	幻灯片 65: 神经网络量化与AI处理器 —— SNAP
	幻灯片 66: 神经网络量化与AI处理器——NV Sparse TensorCore
	幻灯片 67
	幻灯片 68: AI大模型加速芯片架构
	幻灯片 69: AI大模型加速芯片架构
	幻灯片 70: AI大模型加速芯片架构
	幻灯片 71: AI大模型加速芯片架构
	幻灯片 72: AI大模型加速芯片架构
	幻灯片 73: AI大模型加速芯片架构
	幻灯片 74: AI大模型加速芯片架构
	幻灯片 75: AI大模型加速芯片架构
	幻灯片 76: AI大模型加速芯片架构
	幻灯片 77: AI大模型加速芯片架构 
	幻灯片 78: AI大模型加速芯片架构
	幻灯片 79: AI大模型加速芯片架构
	幻灯片 80: AI大模型加速芯片架构
	幻灯片 81: AI大模型加速芯片架构


