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Hardware acceleration for DNNs

Google TPU:

MIT Eyeriss

Huawei Kirin NPU

Slide credit: Xuan Yang

Volta GPU with 
Tensor Cores

Apple Neural Engine

Intel Lake Crest 
Deep Learning Accelerator
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And many more…

Image credit: Shan Tang [https://medium.com/@shan.tang.g/a-list-of-chip-ip-for-deep-learning-48d05f1759ae]

https://medium.com/@shan.tang.g/a-list-of-chip-ip-for-deep-learning-48d05f1759ae
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Modern NVIDIA GPU 
(Volta)
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Recall properties of GPUs
▪ “Compute rich”: packed densely with processing elements 

- Good for compute-bound applications 

▪ Good, because dense-matrix multiplication and DNN convolutional 
layers (when implemented properly) is compute bound 

▪ But also remember cost of instruction stream processing and control 
in a programmable processor:

[Figure credit Eric Chung]

Note: these figures are 
estimates for a CPU:



Stanford CS348V, Winter 2018

Volta GPU
Each SM core has: 
64 fp32 ALUs (mul-add) 
32 fp64 ALUs 
8 “tensor cores” 
Execute 4x4 matrix mul-add instr 
A x B + C  for 4x4 matrices A,B,C 
A, B stored as fp16, accumulation with fp32 C 

There are 80 SM cores in the GV100 GPU: 
5,120 fp32 mul-add ALUs 
640 tensor cores 
6 MB of L2 cache 
1.5 GHz max clock 
= 15.7 TFLOPs fp32 
= 125 TFLOPs (fp16/32 mixed) in tensor 
cores

Single instruction to 
perform 2x4x4x4 + 4x4 ops
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Google TPU 
(version 1)
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Discussion: workloads
▪ What did TPU paper state about characteristics of modern 

DNN workloads at Google?



Stanford CS348V, Winter 2018

Google’s TPU

 

Hence, the TPU is closer in spirit to an FPU (floating-point unit) coprocessor than it is to a GPU. 
 

 
 
Figure 1. ​TPU Block Diagram. The main computation part is the Figure 2. ​Floor Plan of TPU die. The shading follows Figure 1.  
yellow Matrix Multiply unit in the upper right hand corner. Its inputs The light (blue) data buffers are 37% of the die, the light (yellow)  
are the blue Weight FIFO and the blue Unified Buffer (UB) and its compute is 30%,  the medium (green) I/O is 10%, and the dark  
output is the blue Accumulators (Acc). The yellow Activation Unit (red) control is just 2%. Control is much larger (and much more  
performs the nonlinear functions on the Acc, which go to the UB. difficult to design) in a CPU or GPU 
 

The goal was to run whole inference models in the TPU to reduce interactions with the host CPU and to be flexible 
enough to match the NN needs of 2015 and beyond, instead of just what was required for 2013 NNs. Figure 1 shows the block 
diagram of the TPU.  

The TPU instructions are sent from the host over the PCIe Gen3 x16 bus into an instruction buffer. The internal blocks 
are typically connected together by 256-​byte​ -wide paths. Starting in the upper-right corner, the ​Matrix Multiply Unit ​ is the 
heart of the TPU. It contains 256x256 MACs that can perform 8-bit multiply-and-adds on signed or unsigned integers. The 
16-bit products are collected in the 4 MiB of 32-bit ​Accumulators​  below the matrix unit. The 4MiB represents 4096, 
256-element, 32-bit accumulators. The matrix unit produces one 256-element partial sum per clock cycle. We picked 4096 by 
first noting that the operations per byte need to reach peak performance (roofline knee in Section 4) is ~1350, so we rounded 
that up to 2048 and then duplicated it so that the compiler could use double buffering while running at peak performance. 

When using a mix of 8-bit weights and 16-bit activations (or vice versa), the Matrix Unit computes at half-speed, and it 
computes at a quarter-speed when both are 16 bits. It reads and writes 256 values per clock cycle and can perform either a 
matrix multiply or a convolution. The matrix unit holds one 64 KiB tile of weights plus one for double-buffering (to hide the 
256 cycles it takes to shift a tile in). This unit is designed for dense matrices. Sparse architectural support was omitted for 
time-to-deploy reasons. Sparsity will have high priority in future designs. 

The weights for the matrix unit are staged through an on-chip ​Weight FIFO​  that reads from an off-chip 8 GiB DRAM 
called ​Weight Memory​  (for inference, weights are read-only; 8 GiB supports many simultaneously active models). The weight 
FIFO is four tiles deep. The intermediate results are held in the 24 MiB on-chip ​Unified Buffer​ , which can serve as inputs to 
the Matrix Unit. A programmable DMA controller transfers data to or from CPU Host memory and the Unified Buffer. 

Figure 2 shows the floor plan of the TPU die. The 24 MiB Unified Buffer is almost a third of the die and the Matrix 
Multiply Unit is a quarter, so the datapath is nearly two-thirds of the die. The 24 MiB size was picked in part to match the 
pitch of the Matrix Unit on the die and, given the short development schedule, in part to simplify the compiler (see Section 7). 
Control is just 2%. Figure 3 shows the TPU on its printed circuit card, which inserts into existing servers like an SATA disk. 

As instructions are sent over the relatively slow PCIe bus, TPU instructions follow the CISC tradition, including a repeat 
field. The average clock cycles per instruction (CPI) of these CISC instructions is typically 10 to 20. It has about a dozen 
instructions overall, but these five are the key ones: 

1. Read_Host_Memory​ reads data from the CPU host memory into the Unified Buffer (UB). 
2. Read_Weights​ reads weights from Weight Memory into the Weight FIFO as input to the Matrix Unit. 
3. MatrixMultiply/Convolve​ causes the Matrix Unit to perform a matrix multiply or a convolution from the 

Unified Buffer into the Accumulators. A matrix operation takes a variable-sized B*256 input, multiplies it by a 
256x256 constant weight input, and produces a B*256 output, taking B pipelined cycles to complete. 

3 

Figure credit: Jouppi et al. 2017
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TPU area proportionality
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Compute ~ 30% of chip 
Note low area footprint of control 

Key instructions: 
read host memory 
write host memory 
read weights 
matrix_multiply / convolve 
activate
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Systolic array (matrix vector multiplication example: y=Wx)
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Systolic array (matrix vector multiplication example: y=Wx)
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Systolic array (matrix vector multiplication example: y=Wx)
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Systolic array (matrix vector multiplication example: y=Wx)

PE PE PE PE

PE PE PE PE

PE PE PE PE

PE PE PE PE

Accumulators (32-bit)
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Systolic array (matrix vector multiplication example: y=Wx)

PE PE PE PE

PE PE PE PE

PE PE PE PE

PE PE PE PE

Accumulators (32-bit)

+ + + +
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x1 * w11 + 
x2 * w12 + 

x3

x1

x0 * w20 + 
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x1 * w11 + 
x2 * w12 + 
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Systolic array (matrix matrix multiplication example: Y=WX)

PE PE PE PE

PE PE PE PE

PE PE PE PE

PE PE PE PE

Accumulators (32-bit)

+ + + +
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Notice: need multiple 4x32bit 
accumulators to hold output columns
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Building larger matrix-matrix multiplies
Example: A = 8x8, B= 8x4096, C=8x4096
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Assume 4096 accumulators
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Building larger matrix-matrix multiplies
Example: A = 8x8, B= 8x4096, C=8x4096
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TPU Perf/Watt

 

 
Figure 8. ​Figures 5-7 combined into a single log-log graph. Stars are for the TPU, triangles are for the K80, and circles are for Haswell. All 
TPU stars are at or above the other 2 rooflines. 

 
 
Figure 9. ​Relative performance/Watt (TDP) of GPU server (blue bar) and TPU server (red bar) to CPU server, and TPU server to GPU 
server (orange bar).  TPU’ is an improved TPU (Sec. 7). The green bar shows its ratio to the CPU server and the lavender bar shows its 
relation to the GPU server. Total includes host server power, but incremental doesn’t. GM and WM are the geometric and weighted  means. 

9 

GM = geometric mean over all apps 
WM = weighted mean over all apps

total = cost of host machine + CPU  
incremental = only cost of TPU

Figure credit: Jouppi et al. 2017
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Alternative scheduling strategies

(a) Weight Stationary

(b) Output Stationary

(c) No Local Reuse

Fig. 8. Dataflows for DNNs.

PE 1 

Row 1 Row 1 

PE 2 

Row 2 Row 2 

PE 3 

Row 3 Row 3 

Row 1 

= * 

PE 4 

Row 1 Row 2 

PE 5 

Row 2 Row 3 

PE 6 

Row 3 Row 4 

Row 2 

= * 

PE 7 

Row 1 Row 3 

PE 8 

Row 2 Row 4 

PE 9 

Row 3 Row 5 

Row 3 

= * 

* * * 

* * * 

* * * 

Fig. 9. Row Stationary Dataflow [34].

that area is allocated to the global buffer to increase its
capacity (Fig. 8(c)). The trade-off is that there will be
increased traffic on the spatial array and to the global
buffer for all data types. Examples are found in [44–46].

• Row stationary (RS): In order to increase reuse of
all types of data (weights, pixels, partial sums), a row
stationary approach is proposed in [34]. A row of the filter
convolution remains stationary within a PE to exploit
1-D convolutional reuse within the PE. Multiple 1-D
rows are combined in the spatial array to exhaustively
exploit all convolutional reuse (Fig. 9), which reduces
accesses to the global buffer. Multiple 1-D rows from
different channels and filters are mapped to each PE to
reduce partial sum data movement and exploit filter reuse,
respectively. Finally, multiple passes across the spatial
array allow for additional image and filter reuse using the
global buffer. This dataflow is demonstrated in [47].

The dataflows are compared on a spatial array with the
same number of PEs (256), area cost and DNN (AlexNet).
Fig. 10 shows the energy consumption of each approach. The
row stationary approach is 1.4⇥ to 2.5⇥ more energy-efficient
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(a) Across types of data

Normalized 
Energy/MAC 

ALU 

RF 

NoC 
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DRAM 

0
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1

1.5

2
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(b) Across levels of memory hierarchy

Fig. 10. Energy breakdown of dataflows [34].

than the other dataflows for the convolutional layers. This
is due to the fact that the energy of all types of data is
reduced. Furthermore, both the on-chip and off-chip energy is
considered.

VI. OPPORTUNITIES IN JOINT ALGORITHM AND
HARDWARE DESIGN

There is on-going research on modifying the machine
learning algorithms to make them more hardware-friendly while
maintaining accuracy; specifically, the focus is on reducing
computation, data movement and storage requirements.

A. Reduce Precision

The default size for programmable platforms such as
CPUs and GPUs is often 32 or 64 bits with floating-point
representation. While this remains the case for training, during
inference, it is possible to use a fixed-point representation and
substantially reduce the bitwidth for energy and area savings,
and increase in throughput. Retraining is typically required to
maintain accuracy when pushing the weights and features to
lower bitwidth.

In hand-crafted approaches, the bitwidth can be drastically
reduced to below 16-bits without impacting the accuracy. For
instance, in object detection using HOG, each 36-dimension
feature vector only requires 9-bit per dimension, and each
weight of the SVM uses only 4-bits [48]; for object detection
using deformable parts models (DPM) [49], only 11-bits are
required per feature vector and only 5-bits are required per
SVM weight [50].

Similarly for DNN inference, it is common to see accelerators
support 16-bit fixed point [45, 47]. There has been significant

TPU was weight stationary 
(weights kept in register at PE)

Figure credit: Sze et al. 2017
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EIE: targeting sparsified networks
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Sparse, weight-sharing fully-connected layer

to dense form before operation [11]. Neither is able to
exploit weight sharing. This motivates building a special
engine that can operate on a compressed network.

III. DNN COMPRESSION AND PARALLELIZATION

A. Computation

A FC layer of a DNN performs the computation

b = f(Wa+ v) (1)

Where a is the input activation vector, b is the output
activation vector, v is the bias, W is the weight matrix, and
f is the non-linear function, typically the Rectified Linear
Unit(ReLU) [22] in CNN and some RNN. Sometimes v

will be combined with W by appending an additional one
to vector a, therefore we neglect the bias in the following
paragraphs.

For a typical FC layer like FC7 of VGG-16 or AlexNet,
the activation vectors are 4K long, and the weight matrix is
4K ⇥ 4K (16M weights). Weights are represented as single-
precision floating-point numbers so such a layer requires
64MB of storage. The output activations of Equation (1) are
computed element-wise as:

bi = ReLU

0

@
n�1X

j=0

Wijaj

1

A (2)

Deep Compression [23] describes a method to compress
DNNs without loss of accuracy through a combination of
pruning and weight sharing. Pruning makes matrix W sparse
with density D ranging from 4% to 25% for our benchmark
layers. Weight sharing replaces each weight Wij with a four-
bit index Iij into a shared table S of 16 possible weight
values.

With deep compression, the per-activation computation of
Equation (2) becomes

bi = ReLU

0

@
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Where Xi is the set of columns j for which Wij 6= 0, Y
is the set of indices j for which aj 6= 0, Iij is the index
to the shared weight that replaces Wij , and S is the table
of shared weights. Here Xi represents the static sparsity of
W and Y represents the dynamic sparsity of a. The set Xi

is fixed for a given model. The set Y varies from input to
input.

Accelerating Equation (3) is needed to accelerate a com-
pressed DNN. We perform the indexing S[Iij ] and the
multiply-add only for those columns for which both Wij

and aj are non-zero, so that both the sparsity of the matrix
and the vector are exploited. This results in a dynamically ir-
regular computation. Performing the indexing itself involves
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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.
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Figure 3. Memory layout for the relative indexed, indirect weighted and
interleaved CSC format, corresponding to PE0 in Figure 2.

bit manipulations to extract four-bit Iij and an extra load
(which is almost assured a cache hit).

B. Representation

To exploit the sparsity of activations we store our encoded
sparse weight matrix W in a variation of compressed sparse
column (CSC) format [24].

For each column Wj of matrix W we store a vector v

that contains the non-zero weights, and a second, equal-
length vector z that encodes the number of zeros before
the corresponding entry in v. Each entry of v and z is
represented by a four-bit value. If more than 15 zeros appear
before a non-zero entry we add a zero in vector v. For
example, we encode the following column

[0, 0, 1, 2, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,0, 0, 0, 3]

as v = [1, 2,0, 3], z = [2, 0,15, 2]. v and z of all columns
are stored in one large pair of arrays with a pointer vector p
pointing to the beginning of the vector for each column. A
final entry in p points one beyond the last vector element so
that the number of non-zeros in column j (including padded
zeros) is given by pj+1 � pj .

Storing the sparse matrix by columns in CSC format
makes it easy to exploit activation sparsity. We simply
multiply each non-zero activation by all of the non-zero
elements in its corresponding column.

to dense form before operation [11]. Neither is able to
exploit weight sharing. This motivates building a special
engine that can operate on a compressed network.

III. DNN COMPRESSION AND PARALLELIZATION

A. Computation

A FC layer of a DNN performs the computation

b = f(Wa+ v) (1)

Where a is the input activation vector, b is the output
activation vector, v is the bias, W is the weight matrix, and
f is the non-linear function, typically the Rectified Linear
Unit(ReLU) [22] in CNN and some RNN. Sometimes v

will be combined with W by appending an additional one
to vector a, therefore we neglect the bias in the following
paragraphs.

For a typical FC layer like FC7 of VGG-16 or AlexNet,
the activation vectors are 4K long, and the weight matrix is
4K ⇥ 4K (16M weights). Weights are represented as single-
precision floating-point numbers so such a layer requires
64MB of storage. The output activations of Equation (1) are
computed element-wise as:

bi = ReLU

0
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Deep Compression [23] describes a method to compress
DNNs without loss of accuracy through a combination of
pruning and weight sharing. Pruning makes matrix W sparse
with density D ranging from 4% to 25% for our benchmark
layers. Weight sharing replaces each weight Wij with a four-
bit index Iij into a shared table S of 16 possible weight
values.

With deep compression, the per-activation computation of
Equation (2) becomes

bi = ReLU

0

@
X

j2Xi\Y

S[Iij ]aj

1

A (3)

Where Xi is the set of columns j for which Wij 6= 0, Y
is the set of indices j for which aj 6= 0, Iij is the index
to the shared weight that replaces Wij , and S is the table
of shared weights. Here Xi represents the static sparsity of
W and Y represents the dynamic sparsity of a. The set Xi

is fixed for a given model. The set Y varies from input to
input.

Accelerating Equation (3) is needed to accelerate a com-
pressed DNN. We perform the indexing S[Iij ] and the
multiply-add only for those columns for which both Wij

and aj are non-zero, so that both the sparsity of the matrix
and the vector are exploited. This results in a dynamically ir-
regular computation. Performing the indexing itself involves
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Elements of the same color are stored in the same PE.
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Figure 3. Memory layout for the relative indexed, indirect weighted and
interleaved CSC format, corresponding to PE0 in Figure 2.

bit manipulations to extract four-bit Iij and an extra load
(which is almost assured a cache hit).

B. Representation

To exploit the sparsity of activations we store our encoded
sparse weight matrix W in a variation of compressed sparse
column (CSC) format [24].

For each column Wj of matrix W we store a vector v

that contains the non-zero weights, and a second, equal-
length vector z that encodes the number of zeros before
the corresponding entry in v. Each entry of v and z is
represented by a four-bit value. If more than 15 zeros appear
before a non-zero entry we add a zero in vector v. For
example, we encode the following column

[0, 0, 1, 2, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,0, 0, 0, 3]

as v = [1, 2,0, 3], z = [2, 0,15, 2]. v and z of all columns
are stored in one large pair of arrays with a pointer vector p
pointing to the beginning of the vector for each column. A
final entry in p points one beyond the last vector element so
that the number of non-zeros in column j (including padded
zeros) is given by pj+1 � pj .

Storing the sparse matrix by columns in CSC format
makes it easy to exploit activation sparsity. We simply
multiply each non-zero activation by all of the non-zero
elements in its corresponding column.

Fully-connected layer: 
Matrix-vector multiplication of activation 
vector a against weight matrix W

Sparse, weight-sharing representation: 
Iij = index for weight Wij 

S[] = table of shared weight values 
Xi = list of non-zero indices in row i 
Y = list of non-zero indices in a 

Note: activations are 
sparse due to ReLU
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Efficient inference engine (EIE) ASIC
Custom hardware for decode and evaluate sparse, compressed DNNs

Hardware represents weight matrix in compressed sparse column (CSC) 
format to exploit sparsity in activations: 

for each nonzero a_j in a: 

    for each nonzero M_ij in column M_j:  

      b_i += M_ij * a_j

int16* a_values; 
PTR*   M_j_start;   // column j 
int4*  M_j_values;  
int4*  M_j_indices; 
int16* lookup; // lookup table for 
               // cluster values

More detailed version: for j=0 to length(a): 
    if (a[j] == 0) continue;  // scan to nonzero 
    col_values = M_j_values[M_j_start[j]]; 
    col_indices = M_j_indices[M_j_start[j]]; 
    col_nonzeros = M_j_start[j+1]-M_j_start[j]; 
    for i=0, i_count=0 to col_nonzeros: 
       i += col_indices[i_count]  
       b[i] += lookup[M_j_values[i]] * 
               a_values[j_count]

* Keep in mind there’s a unique lookup table for each chunk of matrix values
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Parallelization of sparse-matrix-vector product
Stride rows of matrix across processing elements 
Output activations strided across processing elements

to dense form before operation [11]. Neither is able to
exploit weight sharing. This motivates building a special
engine that can operate on a compressed network.

III. DNN COMPRESSION AND PARALLELIZATION

A. Computation

A FC layer of a DNN performs the computation

b = f(Wa+ v) (1)

Where a is the input activation vector, b is the output
activation vector, v is the bias, W is the weight matrix, and
f is the non-linear function, typically the Rectified Linear
Unit(ReLU) [22] in CNN and some RNN. Sometimes v

will be combined with W by appending an additional one
to vector a, therefore we neglect the bias in the following
paragraphs.

For a typical FC layer like FC7 of VGG-16 or AlexNet,
the activation vectors are 4K long, and the weight matrix is
4K ⇥ 4K (16M weights). Weights are represented as single-
precision floating-point numbers so such a layer requires
64MB of storage. The output activations of Equation (1) are
computed element-wise as:

bi = ReLU
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Deep Compression [23] describes a method to compress
DNNs without loss of accuracy through a combination of
pruning and weight sharing. Pruning makes matrix W sparse
with density D ranging from 4% to 25% for our benchmark
layers. Weight sharing replaces each weight Wij with a four-
bit index Iij into a shared table S of 16 possible weight
values.

With deep compression, the per-activation computation of
Equation (2) becomes

bi = ReLU

0
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Where Xi is the set of columns j for which Wij 6= 0, Y
is the set of indices j for which aj 6= 0, Iij is the index
to the shared weight that replaces Wij , and S is the table
of shared weights. Here Xi represents the static sparsity of
W and Y represents the dynamic sparsity of a. The set Xi

is fixed for a given model. The set Y varies from input to
input.

Accelerating Equation (3) is needed to accelerate a com-
pressed DNN. We perform the indexing S[Iij ] and the
multiply-add only for those columns for which both Wij

and aj are non-zero, so that both the sparsity of the matrix
and the vector are exploited. This results in a dynamically ir-
regular computation. Performing the indexing itself involves
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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.
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Figure 3. Memory layout for the relative indexed, indirect weighted and
interleaved CSC format, corresponding to PE0 in Figure 2.

bit manipulations to extract four-bit Iij and an extra load
(which is almost assured a cache hit).

B. Representation

To exploit the sparsity of activations we store our encoded
sparse weight matrix W in a variation of compressed sparse
column (CSC) format [24].

For each column Wj of matrix W we store a vector v

that contains the non-zero weights, and a second, equal-
length vector z that encodes the number of zeros before
the corresponding entry in v. Each entry of v and z is
represented by a four-bit value. If more than 15 zeros appear
before a non-zero entry we add a zero in vector v. For
example, we encode the following column

[0, 0, 1, 2, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,0, 0, 0, 3]

as v = [1, 2,0, 3], z = [2, 0,15, 2]. v and z of all columns
are stored in one large pair of arrays with a pointer vector p
pointing to the beginning of the vector for each column. A
final entry in p points one beyond the last vector element so
that the number of non-zeros in column j (including padded
zeros) is given by pj+1 � pj .

Storing the sparse matrix by columns in CSC format
makes it easy to exploit activation sparsity. We simply
multiply each non-zero activation by all of the non-zero
elements in its corresponding column.

Weights stored local to PEs.  Must broadcast non-zero a_j’s to all PEs 
Accumulation of each output b_i is local to PE    
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EIE unit for quantized sparse/matrix vector 
product
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Figure 4. (a) The architecture of Leading Non-zero Detection Node. (b) The architecture of Processing Element.

C. Parallelizing Compressed DNN

We distribute the matrix and parallelize our matrix-vector
computation by interleaving the rows of the matrix W over
multiple processing elements (PEs). With N PEs, PEk holds
all rows Wi, output activations bi, and input activations ai

for which i (mod N) = k. The portion of column Wj in
PEk is stored in the CSC format described in Section III-B
but with the zero counts referring only to zeros in the subset
of the column in this PE. Each PE has its own v, x, and p

arrays that encode its fraction of the sparse matrix.
Figure 2 shows an example multiplying an input activation

vector a (of length 8) by a 16⇥8 weight matrix W yielding
an output activation vector b (of length 16) on N = 4 PEs.
The elements of a, b, and W are color coded with their PE
assignments. Each PE owns 4 rows of W , 2 elements of a,
and 4 elements of b.

We perform the sparse matrix ⇥ sparse vector operation
by scanning vector a to find its next non-zero value aj

and broadcasting aj along with its index j to all PEs.
Each PE then multiplies aj by the non-zero elements in
its portion of column Wj — accumulating the partial sums
in accumulators for each element of the output activation
vector b. In the CSC representation these non-zeros weights
are stored contiguously so each PE simply walks through its
v array from location pj to pj+1 � 1 to load the weights.
To address the output accumulators, the row number i

corresponding to each weight Wij is generated by keeping
a running sum of the entries of the x array.

In the example of Figure 2, the first non-zero is a2 on
PE2. The value a2 and its column index 2 is broadcast
to all PEs. Each PE then multiplies a2 by every non-
zero in its portion of column 2. PE0 multiplies a2 by
W0,2 and W12,2; PE1 has all zeros in column 2 and so
performs no multiplications; PE2 multiplies a2 by W2,2

and W14,2, and so on. The result of each product is summed
into the corresponding row accumulator. For example PE0

computes b0 = b0 + W0,2a2 and b12 = b12 + W12,2a2.
The accumulators are initialized to zero before each layer
computation.

The interleaved CSC representation facilitates exploitation
of both the dynamic sparsity of activation vector a and
the static sparsity of the weight matrix W . We exploit

activation sparsity by broadcasting only non-zero elements
of input activation a. Columns corresponding to zeros in a

are completely skipped. The interleaved CSC representation
allows each PE to quickly find the non-zeros in each column
to be multiplied by aj . This organization also keeps all of the
computation except for the broadcast of the input activations
local to a PE. The interleaved CSC representation of matrix
in Figure 2 is shown in Figure 3.

This process may suffer load imbalance because each PE
may have a different number of non-zeros in a particular
column. We will see in Section IV how this load imbalance
can be reduced by queuing.

IV. HARDWARE IMPLEMENTATION

Figure 4 shows the architecture of EIE. A Central Control
Unit (CCU) controls an array of PEs that each computes one
slice of the compressed network. The CCU also receives
non-zero input activations from a distributed leading non-
zero detection network and broadcasts these to the PEs.

Almost all computation in EIE is local to the PEs except
for the collection of non-zero input activations that are
broadcast to all PEs. However, the timing of the activation
collection and broadcast is non-critical as most PEs take
many cycles to consume each input activation.

Activation Queue and Load Balancing. Non-zero ele-
ments of the input activation vector aj and their correspond-
ing index j are broadcast by the CCU to an activation queue
in each PE. The broadcast is disabled if any PE has a full
queue. At any point in time each PE processes the activation
at the head of its queue.

The activation queue allows each PE to build up a backlog
of work to even out load imbalance that may arise because
the number of non zeros in a given column j may vary
from PE to PE. In Section VI we measure the sensitivity of
performance to the depth of the activation queue.

Pointer Read Unit. The index j of the entry at the head
of the activation queue is used to look up the start and end
pointers pj and pj+1 for the v and x arrays for column j.
To allow both pointers to be read in one cycle using single-
ported SRAM arrays, we store pointers in two SRAM banks
and use the LSB of the address to select between banks. pj
and pj+1 will always be in different banks. EIE pointers are
16-bits in length.

Tuple representing non-zero activation (aj, j) arrives and is enqueued
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EIE Efficiency
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Figure 6. Speedups of GPU, mobile GPU and EIE compared with CPU running uncompressed DNN model. There is no batching in all cases.
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Figure 7. Energy efficiency of GPU, mobile GPU and EIE compared with CPU running uncompressed DNN model. There is no batching in all cases.

energy numbers. We annotated the toggle rate from the RTL
simulation to the gate-level netlist, which was dumped to
switching activity interchange format (SAIF), and estimated
the power using Prime-Time PX.

Comparison Baseline. We compare EIE with three dif-
ferent off-the-shelf computing units: CPU, GPU and mobile
GPU.

1) CPU. We use Intel Core i-7 5930k CPU, a Haswell-E
class processor, that has been used in NVIDIA Digits Deep
Learning Dev Box as a CPU baseline. To run the benchmark
on CPU, we used MKL CBLAS GEMV to implement the
original dense model and MKL SPBLAS CSRMV for the
compressed sparse model. CPU socket and DRAM power
are as reported by the pcm-power utility provided by Intel.

2) GPU. We use NVIDIA GeForce GTX Titan X GPU,
a state-of-the-art GPU for deep learning as our baseline
using nvidia-smi utility to report the power. To run
the benchmark, we used cuBLAS GEMV to implement
the original dense layer. For the compressed sparse layer,
we stored the sparse matrix in in CSR format, and used
cuSPARSE CSRMV kernel, which is optimized for sparse
matrix-vector multiplication on GPUs.

3) Mobile GPU. We use NVIDIA Tegra K1 that has
192 CUDA cores as our mobile GPU baseline. We used
cuBLAS GEMV for the original dense model and cuS-
PARSE CSRMV for the compressed sparse model. Tegra K1
doesn’t have software interface to report power consumption,
so we measured the total power consumption with a power-
meter, then assumed 15% AC to DC conversion loss, 85%
regulator efficiency and 15% power consumed by peripheral
components [26], [27] to report the AP+DRAM power for
Tegra K1.

Benchmarks. We compare the performance on two sets
of models: uncompressed DNN model and the compressed
DNN model. The uncompressed DNN model is obtained
from Caffe model zoo [28] and NeuralTalk model zoo [7];
The compressed DNN model is produced as described

Table III
BENCHMARK FROM STATE-OF-THE-ART DNN MODELS

Layer Size Weight% Act% FLOP% Description

Alex-6 9216, 9% 35.1% 3% Compressed4096
AlexNet [1] forAlex-7 4096, 9% 35.3% 3% large scale image4096
classificationAlex-8 4096, 25% 37.5% 10%1000

VGG-6 25088, 4% 18.3% 1% Compressed4096 VGG-16 [3] for
VGG-7 4096, 4% 37.5% 2% large scale image4096 classification and
VGG-8 4096, 23% 41.1% 9% object detection1000

NT-We 4096, 10% 100% 10% Compressed
600 NeuralTalk [7]

NT-Wd 600, 11% 100% 11% with RNN and
8791 LSTM for

NTLSTM 1201, 10% 100% 11% automatic
2400 image captioning

in [16], [23]. The benchmark networks have 9 layers in total
obtained from AlexNet, VGGNet, and NeuralTalk. We use
the Image-Net dataset [29] and the Caffe [28] deep learning
framework as golden model to verify the correctness of the
hardware design.

VI. EXPERIMENTAL RESULTS

Figure 5 shows the layout (after place-and-route) of
an EIE processing element. The power/area breakdown is
shown in Table II. We brought the critical path delay down
to 1.15ns by introducing 4 pipeline stages to update one
activation: codebook lookup and address accumulation (in
parallel), output activation read and input activation multiply
(in parallel), shift and add, and output activation write. Ac-
tivation read and write access a local register and activation
bypassing is employed to avoid a pipeline hazard. Using
64 PEs running at 800MHz yields a performance of 102
GOP/s. Considering 10⇥ weight sparsity and 3⇥ activation
sparsity, this requires a dense DNN accelerator 3TOP/s to
have equivalent application throughput.

CPU: Core i7 5930k (6 cores) 
GPU: GTX Titan X 
mGPU: Tegra K1 

Sources of energy savings: 
- Compression allows all weights to be stored in SRAM (few DRAM loads) 
- Low-precision 16-bit fixed-point math (5x more efficient than 32-bit fixed math) 
- Skip math on inputs activations that are zero (65% less math)

Warning: these are not end-to-end: just fully 
connected layers!
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Thoughts
▪ EIE paper highlights performance on fully connected layers 

(see graph above) 
- Final layers of networks like AlexNet, VGG… 
- Common in recurrent network topologies like LSTMs 

▪ But many state-of-the-art image processing networks have 
moved to fully convolutional solutions 
- Recall Inception, SqueezeNet, etc.. 
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Summary of hardware techniques

▪ Specialized datapaths for dense linear algebra computations 
- Reduce overhead of control (compared to CPUs/GPUs) 

▪ Reduced precision (computation and storage) 

▪ Exploit sparsity 

▪ Accelerate decompression


