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Recurrent Neural Networks and LSTM

Lecture 10 - 8 Feb 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 10 - 8 Feb 201651

Explain Images with Multimodal Recurrent Neural Networks, Mao et al.
Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy and Fei-Fei
Show and Tell: A Neural Image Caption Generator, Vinyals et al.
Long-term Recurrent Convolutional Networks for Visual Recognition and Description, Donahue et al.
Learning a Recurrent Visual Representation for Image Caption Generation, Chen and Zitnick

Image Captioning

speech recognition image caption

visual question answeringmachine translation

Compression Acceleration Regularization



Speech Recognition



Machine Translation



Image Caption

Huang et al. “Visual Storytelling”



VQA: Visual Question Answering

what is the color of his hair?what is behind him?which country is the flag of?
http://vqa.daylen.com



Stanford cs231n lecture notes

Recurrent Neural Network

MLP image 
caption 

sentiment 
analysis 

machine  
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Comparing CNN / LSTM

• CNN: weights shared in space 

• RNN/LSTM: weights shared in time 

• => Produces complicated data dependency 

• => Making parallelization difficult
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Models are Getting Larger

IMAGE RECOGNITION SPEECH RECOGNITION

Important Property of Neural Networks

Results get better with 

more data +
bigger models +

more computation

(Better algorithms, new insights and 
improved techniques always help, too!)

2012
AlexNet

2015
ResNet

152 layers
22.6 GFLOP
~3.5% error

8 layers
1.4 GFLOP
~16% Error

16X
Model

2014
Deep Speech 1

2015
Deep Speech 2

80 GFLOP
7,000 hrs of Data

~8% Error

10X
Training Ops

465 GFLOP
12,000 hrs of Data

~5% Error



We Need more Computation 

But Moore’s law is no longer  
providing more compute… 



Improve the Efficiency of Deep Learning 
by Algorithm-Hardware Co-Design 



Training Inference

Conventional Paradigm



Training Inference

Conventional Paradigm



Proposed Paradigm

Training
Accelerated 

InferenceModel 
Compression

Conventional

Proposed

Training Inference

Han et al  ICLR’17
Han et al  NIPS’15 
Han et al  ICLR’16   
(best paper award) 

 

Han et al  ISCA’16 
Han et al  FPGA’17  
(best paper award)

Slow Power 
Hungry

Fast Power 
Efficient



Agenda
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Inference

Compression
Pruning 

Quantization

Compression Scheduling Acceleration
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Overlap Computation and Memory Reference 

• Accelerated Inference 
Efficient Architecture for Sparse LSTM 

• Results
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Pruning Review

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS’15

Compression Scheduling Acceleration
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Load Balance Aware Pruning
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Load Balance Aware Pruning
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Load Balance Aware Pruning
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Weight QuantizationTable 1: Weight Quantization under di↵erent Bits.

Weight Matrices1 Min Max Integer
Decimals

16bit 12bit 8bit

LSTM1

W gifo x2 -4.9285 5.7196 4 8 4 0
W gifo r2 -0.6909 0.7140 1 11 7 3

bias -3.0143 2.1120 3 13 9 5
W ic -0.6884 0.9584 1 15 11 7
W fc -0.6597 0.7204 1 15 11 7
W oc -1.5550 1.3325 2 14 10 6
W ym -0.9373 0.8676 1 11 7 3

LSTM2

W gifo x -1.0541 1.0413 2 10 6 2
W gifo r -0.6313 0.6400 1 11 7 3

bias -1.5833 1.8009 2 14 10 6
W ic -0.9428 0.5158 1 15 11 7
W fc -0.5762 0.6202 1 15 11 7
W oc -1.0619 1.4650 2 14 10 6
W ym -1.0947 1.0170 2 10 6 2

1 Only weights in LSTM layers are qunantized.
2 In Kaldi, Wcx, Wix, Wfx, Wox are saved together as W gifo x,
and so does W gifo r mean.

Table 2: Activation Function Lookup Table.
Activation Min Max sampling range sampling points

Sigmoid Input -51.32 59.16 -64-64 2048
Tanh Input -104.7 107.4 -128-128 2048

the original network, and change to 20.7% after pruning and
fine-tune procedure when 32-bit floating-point numbers are
used. The WER remains as 20.7% without any accuracy
loss under 16/12-bit quantization, and deteriorated to 84.5%
while 8-bit quantization is employed.

4. ENCODING AND COMPILING
The parameter weights needed by LSTM computation in-

cludes sparse matrices, diagonal matrices and bias. We de-
sign a data flow scheduler and compiler to make best use of
our hardware accelerator.

Data is divided into n blocks by row where n is the number
of concurrent inputs for our hardware accelerator. The first
n rows are put in n di↵erent inputs. The n+ 1 row are put
in the first input again. This ensures that the first part of
the matrix will be read in the first reading cycle and can be
used in the next step computation immediately.

Because of the sparsity of pruned matrices. We only store
the nonzero number in weight matrices to save redundant
memory. We use relative row index and column pointer
to help store the sparse matrix. The relative row index for
each weight shows the relative position from the last nonzero
weight. The column pointer indicates where the new column
begins in the matrix. The accelerator will read the weight
data according to the column pointer.

Considering the byte-aligned bit width limitation of DDR,
we use 16bit data to store the weight. The quantized weight
and relative row index are put together(i.e. 12bit for quan-
tized weight and 4bit for relative row index).

Figure 5: Encoding in CSC format and data align
using zero-padding.

Table 3: Other Activation Quantization.
Activation Min Max Width Decimals

LSTM Input -7.611 8.166 16 11
Intermediate Results -107.8 109.4 16 8

Table 4: WER Before and After Compression.
Networks WER

32bit floating original network 20.3%
32bit floating pruned network 20.7%
16bit fixed pruned network 20.7%
12bit fixed pruned network 20.7%
8bit fixed pruned network 84.5%

Fig.5 shows an example for the compressed sparse column
(CSC) storage format and zero-padding method. We locate
one column in weight matrix through pointers, and calculate
the absolute address of weights using relative indexes. The
first nonzero element of this column is at the address of its
relative index. The latter one is found at the address of its
relative index added by the address of the former one. In
Fig.6, we demonstrate the computation pattern using a sim-
ple example. We assume an input vector contains 6 elements
{a0,a1,a2,a3,a4,a5}, and a weight matrix contains 8⇥6 ele-
ments. There are 2 PEs to calculate a3⇥w[3], where a3 is
the fourth element in the input vector and w[3] represents
the fourth column in the weight matrix. It is noted that the
workload of PEs are di↵erent. PE0 performs 3 multiply-add
operations while PE1 is required to take only 1 multiply-
add. Such load imbalance will surely decrease the hardware
e�ciency. We used load-balance-aware pruning in software
and FIFO in hardware to solve this problem.

5. HARDWARE IMPLEMENTATION
In this section, we first present challenges in hardware de-

sign and then propose the E�cient Speech Recognition En-
gine (ESE) accelerator system and detail how ESE performs
LSTM networks as described by equations (1) to (6).

5.1 Motivation
Although the deep compressed LSTM network solves the

conflict between the extremely large quantity of data re-
quired for LSTM and the limited data communication band-
width provided by computation system, some new challenges
are introduced.
First, irregular computation is introduced by compres-

sion. After quantization, dense computation becomes sparse
computation, and also the data width of parameters in the
LSTM network are not byte aligned, but can be grouped
to be byte-aligned: we use 4-bit for pointer, and 12-bit for
weight. General purpose processors can not be tuned easily

Figure 6: The computation pattern: non-zero
weights in a column are assigned to 2 PEs, and ev-
ery PE multiply-add their weights with the same
element from the shared vector.
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–Special purpose logic 

• Computation becomes irregular 
–Sparsity 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Deal with Sparsity

Table 1: Weight Quantization under different Bits.

Weight Matrices1 Min Max Integer
Decimals

16bit 12bit 8bit

LSTM1

W gifo x2 -4.9285 5.7196 4 8 4 0
W gifo r2 -0.6909 0.7140 1 11 7 3

bias -3.0143 2.1120 3 13 9 5
W ic -0.6884 0.9584 1 15 11 7
W fc -0.6597 0.7204 1 15 11 7
W oc -1.5550 1.3325 2 14 10 6
W ym -0.9373 0.8676 1 11 7 3

LSTM2

W gifo x -1.0541 1.0413 2 10 6 2
W gifo r -0.6313 0.6400 1 11 7 3

bias -1.5833 1.8009 2 14 10 6
W ic -0.9428 0.5158 1 15 11 7
W fc -0.5762 0.6202 1 15 11 7
W oc -1.0619 1.4650 2 14 10 6
W ym -1.0947 1.0170 2 10 6 2

1 Only weights in LSTM layers are qunantized.
2 In Kaldi, Wcx, Wix, Wfx, Wox are saved together as W gifo x,
and so does W gifo r mean.

Table 2: Activation Function Lookup Table.
Activation Min Max sampling range sampling points

Sigmoid Input -51.32 59.16 -64-64 2048
Tanh Input -104.7 107.4 -128-128 2048

optimal solution to the activation functions and the inter-
mediate results. We build lookup tables and use linear in-
terpolation for the activation functions, such as sigmoid and
tanh, and analyze the dynamic range of their inputs to de-
cide the sampling strategies. We also investigated how many
bits are enough for the intermediate results of the matrices
operations.

We explore different data quantization strategies of weights
with real network trained under TIMIT corpus. The spar-
sity of LSTM layers after pruning and fine-tune procedure
is about 88.8% (i.e. a density of 11.2%). Performing the
weight and activation quantization, we can achieve 12bit
quantization without any accuracy loss. The data quantiza-
tion strategies are shown in Table.1,2 and Table.3. For the
lookup tables of activation functions sigmoid and tanh, the
sampling ranges are [-64, 64], [-128, 128] respectively, the
sampling points are both 2048, and the outputs are 16bit
with 15bit decimals. All the results are obtained under Kaldi
framework.

For TIMIT, as shown in Table.4, the PER is 20.4% for
the original network, and change to 20.7% after pruning and
fine-tune procedure when 32-bit floating-point numbers are
used. The PER remains as 20.7% without any accuracy
loss under 16/12-bit quantization, and deteriorated to 84.5%
while 8-bit quantization is employed.

4. ENCODING AND COMPILING
The LSTM computation includes sparse matrices multipli-

cation, element-wise multiplication, and memory reference.

w0,2 w0,3 w0,5 Ċ

0 0 w0,22 w0,33 0 w0,5

000

0

128-bit

w0,,2

16-bit

5 Ċ

w2

bit
2 3 w0 5 1

align with DDR align with PCIE

weight column relative indexl d

zero padding

(weight column)

00
512-bit

n encoded weight

(encoded weight column)

Figure 7: Encoding in CSC format and data align
using zero-padding.

Table 3: Other Activation Quantization.
Activation Min Max Width Decimals

LSTM Input -7.611 8.166 16 11
Intermediate Results -107.8 109.4 16 8

Table 4: PER Before and After Compression.

Quantization Scheme Phone Error Rate %
32bit floating original network 20.4%
32bit floating pruned network 20.7%
16bit fixed pruned network 20.7%

12bit fixed pruned network 20.7%
8bit fixed pruned network 84.5%

We design a data flow scheduler to make full use of the hard-
ware accelerator.
Data is divided into n blocks by row where n is the number

of PEs in one channels of our hardware accelerator. The first
n rows are put in n different PEs. The n + 1 row are put
in the first PE again. This ensures that the first part of the
matrix will be read in the first reading cycle and can be used
in the next step computation immediately.
Because of the sparsity of pruned matrices. We only store

the nonzero number in weight matrices to save redundant
memory. We use relative row index and column pointer
to help store the sparse matrix. The relative row index for
each weight shows the relative position from the last nonzero
weight. The column pointer indicates where the new column
begins in the matrix. The accelerator will read the weight
according to the column pointer.
Considering the byte-aligned bit width limitation of DDR,

we use 16bit data to store the weight. The quantized weight
and relative row index are put together(i.e. 12bit for quan-
tized weight and 4bit for relative row index).
Fig.7 shows an example for the compressed sparse column

(CSC) storage format and zero-padding method. We locate
one column in weight matrix through a pointer, and calcu-
late the absolute address of weights by accumulating relative
indexes. In Fig.8, we demonstrate the computation pattern
using a simple example. Given an input vector that has 6
elements {a0,a1,a2,a3,a4,a5}, and a weight matrix contains
8×6 elements. There are 2 PEs to calculate a3×w[3], where
a3 is the fourth element in the input vector and w[3] repre-
sents the fourth column in the weight matrix.

5. HARDWARE IMPLEMENTATION
In this section, we first present challenges in hardware

design and then propose the Efficient Speech Recognition
Engine (ESE) accelerator system and detail how ESE accel-
erates the sparse LSTM.
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Figure 8: The computation pattern: non-zero
weights in a column are assigned to 2 PEs, and ev-
ery PE multiply-add their weights with the same
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Agenda

• Compression 
Load Balance-Aware Pruning 

• Scheduling 
Overlap Computation and Memory Reference 

• Accelerated Inference 
Efficient Architecture for Sparse LSTM 

• Results
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Speedup vs Sparsity



12% free lunch

Speedup vs Sparsity



Speedup and Energy Efficiency

ESE
CPU GPU

Dense Sparse Dense Sparse
Latency 82.7us 6017us 3569us 240us 287us
Power 41W 111W 38W 202W 136W

Performance 2.9x 0.039 0.067 1x 0.84
Energy Efficiency 14.3x 0.071 0.355 1x 1.25
Compression Ratio 20x 1 10 1x 10
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Demo



Thank you!

Compression Scheduling Acceleration

Training
Accelerated 
InferenceCompression

Pruning 
Quantization

Conventional

Proposed

Training Inference

Han et al  ICLR’17

Han et al  NIPS’15 
Han et al  ICLR’16   
(best paper award) 

 

Han et al  ISCA’16 
Han et al  FPGA’17  
(best paper award)


