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§ Explore	applicability	of	new	computing	architectures	to	ASC	
application	domain
— Low	power
— Apply	machine	learning	at	scale	to	ASC	simulations
— Support	other	national	security	needs	and	programs

§ Quantum	Computing
— D-Wave	system	at	LANL
— LLNL	is	collaborating	on	algorithms	development

§ Neuromorphic Computing
— LLNL	is	hosting	the	IBM	TrueNorth testbed system
— LLNL	is	leading	application	exploration	and	development	of	base	

capability
— LLNL	is	providing	collaboration	nexus	across	DOE	labs

NNSA	ASC	has	a	program	for	Beyond	Moore’s	
Law	computing	architectures

Beyond	Moore’s	Law
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Biological	inspiration

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck

Neuromorphic Overview
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What	Neurons	Do:	Simplistic	Description

§ Neuron	integrates	inputs	received	on	
dendrites

§ Launches	an	electrical	pulse—“action	
potential”	or	“spike”—down	axon	
when	a	threshold	is	reached

Essentially a binary 
communications pulse

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck

Neuromorphic Overview
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Brain-inspired	computing

§ Amazing	recognition	tasks

§ Very	low	power

§ TrueNorth Neuromorphic
architecture

dendrite

neuron
synapses

axon
axon terminal

Brain

Neuromorphic Overview

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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Compute	more	efficiently	per	unit	area

§ Human	Brain
— 20	Watts
— Biological	time	scale	– Hertz	not	gigaHertz
— High	connectivity	– approximately	10K	connections	per	neuron
— Spiking	compute	units	(neurons)

§ IBM’s	TrueNorth Neurosynaptic architecture
— Distributed	memory,	coupled	to	neurons	
— Asynchronous	circuits
— Spiking	signaling	(low	resolution	data	encoding)
— “Real-time”	– kiloHertz clock	tick	

Neuromorphic Computing	is	a	Brain	Inspired	
Computing	method

This	is	a	potentially	a	fundamental	shift	in	how	we	solve	certain	classes	of	problems.

Neuromorphic Overview
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TrueNorth is	a	Neurosynaptic Architecture

§ Specialized	Hardware	to	emulate	spiking	neural	net.		(no	
typical	Instruction-Set	Architecture).

§ Programmable	by	
configuring
— synaptic	matrices
— neuron	parameters
— Network

§ Each	core	has:
— 256	Spiking	

Neurons
— 256	Inputs	(Axons)
— 256x256	Low-

Precision	Synapses

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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Working	with	architectural	constraints

§ Limited	connectivity	patterns	
between	Axons	and	Neurons
— 4	unique	axon	types
— Each	neuron	has	unique	

response	to	each	axon	type

§ Cannot	have	arbitrary	weight	
patterns	for	input	signals

“Red” 
axon type

“Green” 
axon type

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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Network	of	Neurosynaptic Cores

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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TrueNorth Chip

• 4,096 neurosynaptic cores
• 1 million neurons
• 256 million synapses
• Extremely low power
• Readily tiled with other chips

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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§ Designed	for	mobile	neurosynaptic applications.

§ Low-Power	and	many	functionalities

§ Used	for	IBM	NeuroSynaptic Boot	Camp	training	class

NS1e	– Single-chip	system

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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§ Chips	are	designed	to	talk	to	each	other	with	no	additional	circuitry	(other	
than	direct	connection)

§ Designer	need	not	worry	about	chip	boundaries

§ Software	(“placement”)	maps	model	neurons	to	chip	neurons	so	as	to	
conserve	energy,	bandwidth

NS16e	– Multi-chip	System

Courtesy	of	IBM	Research	–
TrueNorth Ambassador	Slide	Deck
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NS16e	System	Diagram
Courtesy	of	IBM	Research	–

TrueNorth Ambassador	Slide	Deck
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§ Explore	how	TrueNorth can	be	
applied	to	problems	in	the	national	
interest
— Provide	testbed for	national	labs

§ Three	thrusts	of	research:
— Stand-alone:

• Embedded,	low-power	classification	&	
recognition

— HPC	Machine-Learning	co-processor:
• On-line,	low-power	classification	&	
recognition

— Neuromorphic co-processor
• Accelerate	new	classes	of	algorithms

Livermore	is	working	with	IBM	on	Neuromorphic
computing

Testbed (Mar. 2016)
16M neurons, 4B 
synapses, ~2-3Watts

Neuromorphic Overview
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§ We	must	transduce	the	information	into	TrueNorth spike	
representation
— Spatial	encoding	(multiple	axons	/	neurons	per	logical	value)
— Temporal	encoding	(multiple	ticks	per	logical	value)

§ You	cannot	just	drop	your	matrix	into	TrueNorth

TrueNorth operates	as	a	spike	coded	
architecture

Encoding
(representation)

Decoding
(interpretation)

TrueNorth
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Mapping	Neural	Networks	to	TrueNorth
requires	custom	toolchainEedn Overview
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Train with neural network toolkits that are 
optimized for TrueNorth architecture

TrueNorth
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Using	TrueNorth to	Detect	Cars	in	Overhead	
Imagery	with	Context,	Clutter,	and	Occlusion
§ LLNL	hand-labeled	overhead	imagery	
dataset
— 6	different	geographic	regions
— 15cm	per	pixel	at	ground	level

§ Labeled	train	and	test	set
— 32,000	unique	cars
— 58,000	negative	targets	(look	like	cars)
— Amplified	data	set	with	15	degree	rotations

§ Q:	How	do	TrueNorth Convolutional	
Neural	Network	restrictions	affect	
AlexNet?
— Reduce	image	size	from	256x256	to	56x56
— Replace	first	11x11	filter	with	5x7	and	7x5
— Replace	max	pooling	with	average	pooling

§ A:	Performance	was	not	degraded	
during	embedding	(e.g.	97.62%)

Thrust	1:	standalone	classifier
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§ Original	implementation	used	IBM	TNCN	toolkit
— Interim	implementation	between	Caffe+Tea and	Eedn
— Used	temporal	rate	encoding
— Supports	conv-nets

Using	NS16e	plus	Eedn	toolkit	to	improve	car	
detection	DNN

Cores (Chips) Patch & Stride Training iters Code &
reset

Train Test TN Test

54780 (14) 4x4 / 2 30k, 3k, 9k (x4) 128 / 32 94.53 96.35 97.50

Cores (Chips) Patch & Stride Training iters Tick 
Period 
(ms)

Train Test TN Test

12896 (4) 4x4 / 2 80K 1 98.94 59.84 98.64

§ Switch	to	new	Eedn toolkit
— Used	multi-channel	Canny	edge	filter	to	encode	input	into	set	of	binary	images
— Process	images	in	single	tick	– using	12	channel	encoding
— Supports	conv-nets
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§ Classes:	1	=break,	2	=big	glob,	3	=medium	glob,	4	=small	glob,			
5	=pit,	6	=weak	sinter	and	7	=perfect

§ Preliminary	model	accuracy	of	81%	(based	on	SVHN	model)

Defect	Detection	in	Additive	Manufacturing	
with	TrueNorth

Thrust	1:	standalone	classifier
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Real	time	image	segmentation	and	object	
classification
§ Perform	real	time	image	
segmentation	and	object	
classification	for	large	scale	
datasets	(Ex:	MSCOCO)

Train

Test

Deploy

Visualize

R-CNN/YOLO

Thrust	1:	standalone	classifier

§ Applications:
— Video	surveillance
— Obstacle	avoidance
— Face	detection

Input

Conv

Conv

Conv

Avg

Conv

Conv

Conv

Avg

Conv

Conv

Conv

Conv
Conv
Conv

Output	Conv Layer

EEDN’s	SVHN	
neural	network	
architecture

Input Input	Layer	to	
EEDN

Conv
3-by-3	
convolutional	filter	
with	0	padding

Conv
1-by-1	
convolutional	filter	
(NIN	layer)

Avg
Average	pooling	
layer
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§ Trained	using	artificial	data	set	(modeled	after	COCO)

§ Scaling	up	granularity	of	region	proposal:
— 144	classes	(4	Horizontal,	4	vertical	and	3	Scaling	along	x	and	y)
— 784	classes	(7 Horizontal,	7	vertical	and	4	Scaling	along	x	and	y)
— 1600	classes	(10 Horizontal,	10	vertical	and	4	Scaling	along	x	and	y)

Using	NS16e	to	scaling	up	R-CNN/YOLO	DNN

Image Size 
(in pixels)

# Classes # Cores #Chips Tick 
Period
(ms)

Accuracy in 
% (NSCS)

Accuracy 
in % (TN 
System)

32-by-32 144 4096 1 (1x1) 1 98.0% 99.0%
56-by-56 784 15560 4 (1x4) 100 94.6% 92.0%
72-by-72 1600 24384 7 (2x4) 100 75.0%

Scaling can be improved with composition of neural networks
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Learning	systems	will	supervise	complex	
simulations	in	future	simulation	codes

Goal: Apply	machine	learning	to	predict	
simulation	failures	and	proactively	avoid	
them

ALE	simulations	use	dynamic	meshes	to	simulate	complex	
dynamics
• They	fail	frequently
• Mesh	geometry:	mesh	zone	tangling
• Physical	quantities:	anomalous	hot	spots

Mesh	zone	tangling

High	Vorticity

Feasibility	demonstration:		Successfully	predicted	and	
automatically	avoided	different	mesh	tangling	conditions	using	3	
test	cases	– Helium	bubble,	shock	tube,	simple	hohlraum

Thrust	2:	HPC	Coprocessor
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Developing	a	Versatile	Mapping	of	Recurrent	Networks	
on	TrueNorth
§ Recurrent	model	for	cloning	expert	mesh	relaxation	policies.

Input

Hidden	Unit

Output

Aggregator

AggregatorAggregator

Delay

Recurrent	Corelet

Map	to	
TrueNorth

Thrust	2:	HPC	Coprocessor

Observations:	Rendered	Sequence Targets:	Expert	
relaxation	decisions

Gated	Recurrent	Encoder:	
Encodes	features

Gated	Recurrent	
Decoder:	Predicts	
relaxation	actions

Map	to	
components
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Implementing	LSTM	on	TrueNorth

§ Temporal	behavior	uses	multi-
phase	implementation

§ Increase	precision	via:
— Time-to-spike	or	rate	encoding
— Spatial	encoding

3.4.2 Input Collection Module (IC Module) 
From the LSTM equations, we see that the weight matrices 𝑊 for each 
gate are multiplied by the input vector 𝑥 and the previous time-step’s 
LSTM output vector ℎ𝑡−1 respectively along with the biases. To imple-
ment this matrix-vector multiplication, we develop this parameterized 
module. As shown in Figure 5(d), each input and output is represented 
using two channels to accommodate both positive and negative values. 
We use 4 axons with assigned weights 1,2,4 and 8 to approximately rep-
resent weights from -15 to +15. The two-channel weight mapping with 4 
axons is capable of approximating 5-bit precision weights instead of 4-bit 
precision [18]. The absolute weight is assigned to the positive or negative 
output channel based on the resultant sign of the product of input and axon 
weight. For example, if the input is negative and the weight is positive, the 
resultant product is negative. Thus, the absolute weight is assigned to the 
negative output channel. 
The above design results in positive and negative outputs in their respec-
tive channels. We use ReLU neurons for the output, which produces 
bursts of spikes equal to the accumulated membrane potential when 
threshold is 1. The two-channels (i.e. positive and negative) are used in 
every input of the sigmoid and tanh gates in the processing partition, 
which will then merge them to achieve the net results. 
This module is also parameterized to accommodate matrices/vectors [Wi, 
Wh, X, Y] of various sizes and the mapping scales across multiple cores 
depending on the sizes of those matrices/vectors. 

3.4.3 Gate Moduless 
Piece-wise linear functions are computationally efficient [19] due to min-
imal cut points and linear interpolation between those cut points. These 
cut points and linearity are more conducive than a smooth non-linearity to 
rate coding where the spiking rate determines the computed values. Spik-
ing rates of these gate modules have definite max and min (0 and 1) and 
within this range the rate is linearly proportional to the number of input 
spikes or the accumulated membrane potential of a neuron. A steeper 
slope of the activation function reduces the linear range hence, limits the 
propagation of rounding errors. 
LSTM uses sigmoid gates to allow the flow of input, cell state and output, 
and uses tanh to squeeze the inputs and outputs to a range. Given the con-
strain-then-train approach, we develop modules which produce a hard sig-
moid and a hard tanh behavior with store and release capability, and use 
them during both training and recall. In IC module, the matrix-vector mul-
tiplication produces two separate channels (positive and negative).  These 
spikes are collected in their respective gate modules to produce the net 
accumulated membrane potential (𝐴𝑀𝑃) during the store mode. 
During the release mode, spikes generated by the gate modules are rate-
coded and the firing rates are linearly dependent on the ratio of total 𝐴𝑀𝑃 
and 𝑅𝑇ℎ𝑅.  
For the sigmoid, 

 
We approximate this as a piece-wise linear function with a steeper slope 
than used in [12] and TensorFlow [20] for a hard sigmoid. 

Here, 𝑥 is the RPValue (= 𝐴𝑀𝑃/𝑛𝑆) accumulated from the input. 𝜎(𝑥) 
has a range [0, 1], which is represented by the firing rate of its output spike. 
To represent (𝑥 ∗ 1 + 0.5), an offset of nS/2 is added to the AMP, so that 
the RPValue becomes (𝐴𝑀𝑃 + 0.5𝑛𝑆) 𝑛𝑆⁄ . To ensure that the resultant 
firing rate saturates to 0 and 1 at 𝑥 = −0.5 and 𝑥 = 0.5 respectively, and 
be linearly proportional to the RPValue for −0.5 < 𝑥 < 0.5, we set 
𝑅𝑇ℎ𝑅 = 𝑛𝑆.  
Similarly, for the hyperbolic tangent, 

We approximate this as a piece-wise linear function with a steep slope. 
We choose slope=2 such that 𝑥 saturates beyond|0.5|. 

Again, 𝑥  is the 𝑅𝑃𝑉𝑎𝑙𝑢𝑒 (= 𝐴𝑀𝑃/𝑛𝑆) and 𝑡𝑎𝑛ℎ(𝑥) is the resultant 
firing rate with range [−1,1]. We approximate this using two output 
channels, for positive and negative 𝑥. 

And we choose 𝑅𝑇ℎ𝑅 = 𝑛𝑆/2 to reflect the scaling and get the behav-
ior of a hard tanh in Eqn. (4). 

3.4.4 Dot Product Module 
As shown in Figure 5(c), the inputs of the dot product module are two-
channeled inputs Ct, which is burst coded, and a rate-coded sigmoid. The 
function of the dot product is to help the gating functions, by allowing a 
certain percent of the information to flow through. Because the output of 
sigmoid function has numerical values between 0 and 1 and is stochasti-
cally rate-coded, we explore the stochastic nature of the input and perform 
the multiplication by stochastic computing. A simple logical AND of the 
two spike streams is used as the multiplication.  
An example is given in Figure 6(c). In a window of 10 ticks, there are 5 
spikes from the sigmoid, which represents 𝜎 = 0.5, and 4 spikes in the 
in1, representing 𝑖𝑛1 = 0.4. The logical AND produces 2 spikes at the 
output representing 𝑜𝑢𝑡1 = 0.2. The logical AND operation can be eas-
ily realized using an integrate and fire neuron with threshold 2, by setting 
its input synapses weight and leak to be +1. 

3.5 Mapping Algorithm 
As a single TrueNorth core consists of 256 neurons and axons, there is a 
distinct fan-in and fan-out constraint. To deal with this constraint and 
freely map LSTM networks of arbitrary sizes, we develop an incremental 
mapping algorithm. The mapping of IC module and other modules vary 
slightly as the IC module’s size is dependent on the number of LSTM 
units as well as the number of inputs whereas the sizes of other modules 
are only dependent on the number of LSTM units. Thus, IC modules are 

𝜎(𝑥) =
1

1 + 𝑒−𝑥 
(1) 

    
(a)                                       (b)                                             (c) 

Figure 6. (a) Approximated hard sigmoid (b) Approximated hard tanh 
(c) Dot product through logical AND of spikes 

 

𝑡𝑎𝑛ℎ(𝑥) =
𝑒2𝑥 − 1
𝑒2𝑥 + 1 (3) 

𝑡𝑎𝑛ℎ(𝑥) =  ax(−1, in(1, 𝑥 ∗ 2)) (4) 

𝜎(𝑥) =  ax(0, in(1, 𝑥 ∗ 1 + 0.5)) (2) 

       
(a)                                  (b) 

   
(c)                                  (d) 

Figure 5. (a) Sigmoid module (b) Tanh module 
(c) Dot product module (d) IC module  

𝑡𝑎𝑛ℎ(𝑥) = ൜ ax(−1,𝑚𝑖𝑛(0, 𝑥 ∗ 2)) , 𝑥 < 0 ax(0, in(1, 𝑥 ∗ 2)) , 𝑥 ≥ 0  (5) 

the ht, which will be forwarded to the input partition to calculate the ma-
trix-vector multiplications again. These phases are maintained through lo-
cal clock (globally consistent) spikes which produce the store and release 
actions for all the store-and-release capable modules.  

3.3 Encoding and Spike Representation  
In an LSTM, numerical values (inputs, outputs and activations) have 
ranges in both negative and positive direction as the weights learnt can be 
negative and also the tanh function outputs values in the range -1 to 1. 
Since the spikes are binary (on-off), there is an inherent difficulty in rep-
resenting both positive and negative values with a single channel of 
spikes. A simple solution is to constrain the values during training to a 
positive range by replacing tanh with ReLU. ReLUs have produced im-
provements for vanilla RNNs [15] due to its ability to stop vanishing. 
However, vanishing gradients is no longer a problem in LSTM due to its 
gating scheme. On the contrary, using unbounded activation functions like 
ReLU in an LSTM can cause it to diverge thus resulting in worse perfor-
mance [16]. Therefore, we avoid replacing tanh with ReLUs and instead 
represent positive and negative values using a positive and negative chan-
nel of spikes respectively.  
The inputs and outputs of an LSTM are rate-coded where the firing rate is 
determined by the phase length (𝑃𝐿) and the max value (𝑚𝑥) to be repre-
sented in that phase. If we scale up the trained weights with a scaling factor 
𝑠𝑓, the input and output should be scaled down by the same factor. There-
fore, the number of spikes (nS) needed to represent value 1 can be calcu-
lated as:  

𝑛𝑆 = 𝑃𝐿 (𝑚𝑥 ∗ 𝑠𝑓)⁄ . 
To represent a numerical value Iv, the spike firing rate is set to 
(𝐼𝑣 ∗ 𝑛𝑆) 𝑃𝐿⁄ , and n spikes in a phase represent the value: 

𝑅𝑃𝑉𝑎𝑙𝑢𝑒 = #𝑠𝑝𝑖𝑘𝑒𝑠
𝑛𝑆

 . 

The choice of 𝑚𝑥and phase length determines the precision of values that 
can be represented by spikes, as each spike represents 1/𝑛𝑆 in terms of 
numerical value.  
All internal variables are rate-coded, except Ct. We found that the cell state 
Ct needs to be represented with higher precision, because any error on this 
variable will be accumulated due to the feedback path. The stochastic rate 
coding provides convenience in implementing multiplication as it requires 
only an AND function, however, it introduces not only rounding error but 
also random error due to stochastic sampling. Previous work shows that 
the spike burst code, where the numerical value is represented by the num-
ber of spikes that burst in a window, has much higher correlation with the 
numerical value to be represented [17]. Therefore, we encode Ct using 
spike burst code and use spike-burst neurons for the sum function.  

3.4 Spike-based LSTM Constituent Modules 
Figure 1(a) shows a general LSTM unit consisting of the sigmoid gates, 
hyperbolic tangent, dot products and sum. To implement a Spike-based 
LSTM (S-LSTM), we approximate these modules using spiking neurons. 
On TrueNorth, these modules are in the form of corelets, which will be 
further connected to form the full S-LSTM. The corelets will be mapped 
across cores based on the consideration of the fan-in and fan-out con-
straints of the hardware.  

3.4.1 Store-and-Release neurons 
Store and release mechanism is implemented using a neuron with a high 
negative threshold where it saturates. The store and release clocks are two 
inputs associated with large negative and positive weights respectively. A 
spike on the store clock pushes the membrane potential to the negative 
threshold and turns on the store mode, during which the neuron accumu-
lates the input spikes and raises its membrane potential. The negative ini-
tial state guarantees that the raised membrane potential is still below the 
firing threshold, therefore, no output spikes are generated. A spike on the 
release clock pushes the membrane potential to 0 or higher if input spikes 
are received during the store model, and the neuron starts generating out-
put spikes.  

A problem with the above scheme is that the neuron cannot collect nega-
tive spikes at the beginning of the store mode as its membrane potential 
cannot go below the negative threshold. So, upon entering the store mode, 
we send a spike on the release clock, to pre-charge the membrane potential 
to an intermediate level between the negative threshold and 0 to allow col-
lecting negative spikes. We refer to this spike signal as pre-charge clock. 
Figure 3 shows an example where the neuron enters the store mode 
through a negative potential of -250 and enters release mode through two 
positive potentials of +100 administered by the store (red), pre-charge 
(yellow) and release (blue) clock spikes respectively. Figure 4 shows all 
the clock signals in the S-LSTM. 
At the beginning of the release phase, the neuron membrane potential 
(AMP) equals to the total number of net input spikes that it collected dur-
ing the store mode. The 𝑅𝑃𝑉𝑎𝑙𝑢𝑒 stored in the neuron can be calculated 
as 𝑅𝑃𝑉𝑎𝑙𝑢𝑒 = 𝐴𝑀𝑃 𝑛𝑆⁄ . To generate the output spikes, a random num-
ber is drawn in the range [0, RThR], where RThR is the firing threshold. If 
this number is less than the AMP, then an output spike is generated. Dur-
ing a phase PL, the expected number of spikes generated in this way is 
𝑃𝐿×𝐴𝑀𝑃 𝑅𝑇ℎ𝑅⁄ . When we set RThR to PL, the number of the output 
spikes equals to the total number of net input spikes, and the neuron relays 
input to the output without any transformation. In the actual implementa-
tion, almost all store-and-release neurons are merged to its subsequent sig-
moid and tanh gate. 𝑅𝑇ℎ𝑅  should be selected differently due to the 
squash and linear transformation of these functions. More details will be 
given in section 3.4.3. 

 

  
z 

(a)                                                   (b) 

 
(c) 

Figure 2. (a) LSTM color coded based on operation phase 
(b) LSTM equations color coded to represent operations in spe-

cific phases (c) 3 phases and partial pipelining 

  
Figure 4. Store and release clock spikes for all gates  

  
Figure 3. Store-and-release mechanism  

  ,   ,      ,   PrCh/Release
  ,   ,      ,   Store
   ,     PrCh/Release
sum,      Store
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level. This abstraction is called a Corelet [9], which represents a network 
on the TrueNorth cores by encapsulating all details except external inputs 
and outputs. The creating, composing and decomposing of corelets is 
done in an object-oriented Corelet Language in the programming para-
digm for TrueNorth called Corelet Programming Environment (CPE). 
Programming TrueNorth includes creating corelets with specific neuron 
behaviors, synaptic connections, weights and delays to achieve the desired 
functionalities. Multiple corelets can be combined through their input and 
output connectors. TrueNorth uses an efficient event-driven architecture 
where, address event representation (AER) is adopted for spike represen-
tation and communication between neurons. These spike events are sparse 
in time and active power is proportional to firing activity thus making it 
highly efficient and low power. 

3. PROPOSED IMPLEMENTATION 
Event driven neuron operation and asynchronous inter-core communica-
tion are representative features of many hardware implementations of 
Spiking Neural Networks (SNNs) [8] [10] [11] including the TrueNorth 
processor. It reduces the hardware active power, however, also imposes a 
fundamental challenge to realizing the LSTM. As shown in Figure 1(a), 
the proper function of an LSTM relies on the synchronization of neuron 
inputs. For example, the output vector ot-1 in time step t-1 must concate-
nate with the input vector xt in time step t to calculate the new output vec-
tor. On an event-driven hardware platform, such as TrueNorth, special 
neural circuits must be designed to enable such synchronization. Other 
challenges of implementing the LSTM on a neurosynaptic processor in 
the spike-domain include a lack of low precision algorithms which can 
achieve results typically observed when using floating point precision 
based non-linear activation functions such as sigmoid and tanh, and the 
difficulty in representing numerical values in spike domain. 
In this work, we address the aforementioned challenges and present some 
key techniques that facilitate Spike-based LSTM and its mapping onto the 
TrueNorth chip. We start with approximations made to the LSTM and our 
constrain-then-train-then-approximate process, which minimizes the ap-
proximation errors. In the next section, we discuss how values are repre-
sented using spikes along with the external and internal encoding schemes 
of the Spike-based LSTM. Then we describe the constituent modules of 
LSTM on TrueNorth and how to maintain the temporal relation of these 
modules’ activities. Finally, we present the mapping algorithm. 

3.1 “Constrain-Then-Train-Then-Approxi-
mate” 
Several approximations on the LSTM are adopted during the mapping to 
TrueNorth. We consider these approximations during training to mini-
mize potential errors. We call this process “constrain-then-train-then-ap-
proximate.” 
The synaptic weights in TrueNorth have limited precision and coarse 
granularity. They are represented using 9-bit signed binary data, and there 
can be at most 4 different weights for all synapses connecting to the same 
axon. Although binary and ternary weights have been used to produce 

close to state-of-the-art results for feed-forward network architectures [12] 
[13], both our preliminary work and the existing research [14] show that 
it is difficult to train LSTMs with binary and ternary weights. Power2-
ternarization, which rounds the integer part and fractional part of the 
weight separately [14], gives good training results. However, it only pro-
vides an efficient way to discretize the weights. High precision data is still 
needed for the LSTM to work properly. Instead of training the network 
using ternary weights, in this work, we approximate the weights of a reg-
ularly trained LSTM via scaling and rounding. 
Due to the hardware constraints, the non-linear activation functions such 
as tanh and sigmoid gates are also approximated using piece-wise linear 
functions. Their implementation details will be discussed in Section 3.4.  
To minimize the potential errors, we constrain the network during the 
training to reflect those approximations. Firstly, the LSTMs are trained 
using constrained weights (-1 to 1 or -2 to 2) such that these weights can 
be scaled to a hardware supported range. Secondly, we replace the gates 
(tanh and sigmoid) with their piece-wise linear counterparts (hard tanh 
and hard sigmoid), which have steeper slopes as shown in Figure 6(a) and 
(b) and in Eqn. (2) and (4). The weights of the trained network are floating 
point values thus they are scaled and rounded off to the required precision 
and range while converting to spike domain. This is done by approxima-
tion. 

3.2 Temporal Behavior of Neurons in LSTM 
The complex gating mechanism of the LSTM requires synchronization of 
inputs, gate outputs and the cell state feedback. Synchronization is also 
necessary to maintain the temporal dynamics of the recurrence of the 
LSTM output in the network. Representing this level of synchronization 
using spiking neurons is inherently difficult given their asynchronous na-
ture. We overcome this limitation using a store-and-release mechanism. 
It is built atop a class of special neural circuits, in which neurons operate 
in two modes, store and release. During the store mode, the neurons gate 
their outputs, receives input spikes and at the same time accumulate their 
membrane potential. During the release mode, the neurons issue output 
spikes at an average rate proportional to its membrane potential either sto-
chastically or in a burst. Two internal clock signals controls when a neuron 
enters or exits the store/release modes through the application of highly 
negative/positive potential respectively. How to configure and connect 
asynchronous neurons to form such synchronous neural circuits will be 
discussed in Section 3.4.  
Using the store-and-release mechanism, the LSTM works in two phases, 
processing phase and I/O phase. The entire LSTM network is divided into 
three partitions as shown in Figure 2. (a) and (b). They are referred to as 
input, processing and output partitions and color coded using blue, red and 
green respectively. Except the input partition, all inputs of the processing 
and output partitions are buffered using store-and-release neurons. The in-
puts to the processing partition stores during the I/O phase and releases in 
the processing phase, while the inputs to the output partition stores in the 
processing phase and releases in the output phase. For the input partition, 
one of its inputs ht-1 is released only in the I/O phase, and by careful control 
we can also make sure that the external inputs, xt , are issued only during 
the I/O phase, therefore, the input partition is active and releases output 
spikes only during the I/O phase. During the implementation, the store-
and-release neurons will be merged into their subsequent function mod-
ules and be implemented as store-and-release tanh or store-and-release 
sigmoid, as we will present in Section 3.4. The only exception is the store-
and-release neurons before the dot product, which will stay stand-alone. 
How these three partitions operate alternatively is shown in Figure 2. (c). 
The duration of each phase is referred as phase length (PL). During the 
I/O phase, the input partition works on the matrix-vector multiplications 
to generate the operands for the forget, input and output gates. The results 
of the matrix-vector multiplications are buffered by the store-and-release 
neurons at the input of the processing partition. In the processing phase, 
these neurons release what they have stored and the processing partition 
generates the cell state (Ct) and partial output (ot), which are buffered by 
the store-and-release neurons at the input of the output partition. During 
the next I/O phase, the Ct and ot will be released and be used to calculate 

   

  
(a) 

𝑓𝑡 = 𝜎(𝑊𝑓. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 𝑖𝑡 = 𝜎(𝑊𝑖 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 
𝑜𝑡 = 𝜎(𝑊𝑜. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 𝐶′𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) 
𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶′𝑡 ℎ𝑡 = 𝑜𝑓 ∗ tanh(𝐶𝑡) 

(b) 

Figure 1. (a) Standard LSTM (b) LSTM equations 

Thrust	2:	HPC	Coprocessor
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Figure	1.		Training	and	reconstruction	on	CPU

Figure	2.		TrueNorth	implementation	flow	diagram

Figure	3.		Experimental	outputs	on	MNIST	dataset

Figure	4.		Experimental	outputs	on	CIFAR-10	dataset

Thrust	3:	Neuromorphic Coprocessor

Convolutional	Sparse	Coding	(CSC)	on	TrueNorth
§ Convolutional kernels define a Dictionary and
Sparse Feature Maps (SFMs) are generated
through a training process using CSC
algorithm shown Figure 1.

§ TrueNorth implementation flow diagram for
image reconstruction is shown in Figure 2.

§ Figure 3 and 4 shown experimental results on
MNIST and CIFAR-10 dataset respectively.
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Spiking Algorithms Applied to Graphs, 
Partitioning for Domain Decomposition

Thrust	3:	Neuromorphic Coprocessor
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Graph Partitioning

Goal: Minimize the maximum 
partition node weight sum 
and minimize the global sum 
of cut edge weights.

Both nodes and edges can 
be weighted (not shown).

Graph partitioning is 
NP-hard.

Minimum partition node weight sum = 3
Maximum sum of cut edge weights = 6

The brute force solution is to try all possibilities

Thrust	3:	Neuromorphic Coprocessor
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Graph Partitioning
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Thrust	3:	Neuromorphic Coprocessor

Exploring methods of mapping graph 
partitioning into a QUBO problem
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§ Input: An	undirected,	weighted	graph

§ Goal: Activate	some	subset	of	the	nodes	to	maximize	a	score	function

§ Score	Function: Add	up	the	edge	weights	between	any	pairs	of	nodes	
that	are	both	activated.

Mapping	QUBO	(Quadratic	Unconstrained	Binary	
Optimization)	onto	the	TrueNorth array

150
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-250 100

50

20

100

TrueNorth Review

• Multicore.architecture

• Each.core.has.
256.Spiking.Neurons
256.Inputs.(Axons)
256.x.256.Low)Precision.Synapses

• Each.neuron.can.connect.to.one.and.only.one.
core.input,.anywhere.in.the.network

• From.a.core.input,.neuron.may.connect.to.any.
neuron.on.core.through.synapses

Co
res

Neurons
Connection

Synapses

In
pu
ts

Map
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Block	diagram	of	(one	of	our)	QUBO	corelets

§ Random	input	generator

§ Combine	random	input	with	
recurrent	feedback

§ Integrate	input	from	neighbor	
nodes

§ Split	output for	recurrent	
feedback

§ Produce	final	output
Final outputs

Thrust	3:	Neuromorphic Coprocessor
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Challenges of mapping k-color graphs
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There are restriction due to efficiency

TrueNorth only allows 4 
“axon types”
• Each neuron defines up 

to 4 weights as S0, S1, 
S2, and S3

• Each axon can only map 
to one value of S0, S1, 
S2, and S3

• If you go beyond S3 you 
need to get creative
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QUBO for a ~(4-color) graph maps well to a TrueNorth core

Thrust	3:	Neuromorphic Coprocessor
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1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8

But, what if I have more than degree >4? 
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Compose hierarchical structures that 
grow quadratically in the size of the graph

Thrust	3:	Neuromorphic Coprocessor
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Improving QUBO embedding efficiency

§ Use	TN	hardware	sparsely	(e.g.	4	axons	x	128	neurons)
— Allows	for	“arbitrary”	synapse	weights,	but	unnecessary	in	many	

applications

§ Create	k-colorable	graph	(approximate	solution)
— Quantize	graph	weights

— Collapse	unique	graph	weights	to	~4	buckets

— Reducing	to	n weights	does	not	guarantee	that	you	only	need	n S	
values

1 2

1
2
3

a

b

b

b

b

a

Neuron 1: S = [ a, b ]
Neuron 2: S = [ b, b]
Axon 3 maps to S[?]

§ Be	clever	- evaluating	splitting	
different	S	values	to	different	cores	
(after	quantization)

Thrust	3:	Neuromorphic Coprocessor
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§ We	are	working	with	LANL	to	compare	the	performance	of	D-
Wave	with	TrueNorth on	image	reconstruction	problem
— LANL:	mapping	sparse	coding	problem	to	QUBO	for	execution	on	D-Wave
— LLNL:	implement	sparse	coding	directly	on	TrueNorth

§ Scaling	up	QUBO	graph	on	TrueNorth to	large	graphs
— Aggregate	signals	across	cores

Exploring	potential	TN-networks	for:

§ Processing	radiographic	imagery

§ Executing	transport	sweeps

§ Hyperspectral	image	analysis

Developing	new	TN	capabilities
Future	Work
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§ Scalable	training	for	large	models	and	data	sets

§ Extensible	for	new	learning	algorithms	and	layers

§ Utilize	Livermore	Big	Artificial	Neural	Network	(LBANN)	toolkit
— Implement	binary	connect	learning	algorithms
— Provide	output	bindings	for	mapping	neurons	to	logical	cores
— Output	logical	description	of	neural	network	to	IBM	intermediate	

representation
— Use	NetworkImporter patch	to	ingest	logical	network	description	into	TN-

backend	toolchain
• Reuse	IBM’s	place	&	route,	corelet parameterization,	TN	configuration	
generation

Develop	TN-compliant	open	source	deep	
learning	toolkit

Future	Work
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§ Memristor-based	technologies

§ Other	neuromorphic architectures
— Intel
— HRL	Laboratories	(formerly	Hughes	Research	Laboratories)
— Academic	&	Government	Research	(U.	Dayton,	ORNL)

We	are	looking	at	other	Neuromorphic
Computing	architectures	– Beyond	TrueNorth

Beyond	Moore’s	Law
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§ Provide	a	testbed and	support	for	national	labs

§ Focusing	research	efforts	on	three	thrusts	that	are	increasingly	
speculative
— Stand-alone	(Embedded)
— HPC	Machine-Learning	co-processor
— Neuromorphic co-processor

§ Push	the	limits	of	the	toolchain and	architecture

§ Part	of	the	DOE	Beyond	Moore’s	law	initiative

We	are	exploring	how	TrueNorth can	fit	
within	the	DOE’s	mission	space

Beyond	Moore’s	Law
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LLNL	Neuromorphic	Research	Team

§ Neuromorphic	Researchers:
— Brian	Van	Essen
— Katie	Lewis
— Adam	Moody
— Dave	Widemann
— Keith	Henderson
— Braden	Soper

§ PhD	Summer	Interns
— Rohit Shukla	(U.	of	Wisconsin-Madison)
— Amar	Shrestha	(Syracuse	University)
— Zahangir Alom (U.	of	Dayton)

§ LLNL	Collaborators
— Ming	Jiang
— Brian	Gallagher
— Aaron	Wilson
— Sachin Talathi

§ LANL	Collaborators
— Garrett	Kenyon
— Nga	Nguyen




