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Abstract Hybrid neuromorphic computing supporting the prevailing a rticial neural networks and
neuroscience-inspired models/algorithms o ers substant ial exibility for cross-paradigm model integration.

It is one of the most promising technologies for acceleratin g intelligence development, ultimately contributing
to arti cial general intelligence development. Recently,  an increasing number of hybrid neuromorphic com-
puting chips have been reported, but such research focuses o n chip design without demonstrating systems for
large-scale workloads. To this end, we construct a multi-gr ained system based on many Tianjic chips, pre-
senting a large-scale system for hybrid-paradigm brain-in  spired computing. With di erent numbers of chips
and di erent connection topologies, we develop a Tianjic ca rd and a Tianjic board as the infrastructure for
building embedded systems and cloud servers, respectively . Extensive measurements of the communication
latency, computational latency, and power consumption evi dence the superior potential of Tianjic systems
for exploring brain-inspired computing for arti cial gene  ral intelligence.
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1 Introduction

In the intelligent era, intelligent systems now form the backbone of warious cloud and edge applications.
In the cloud, many high-performance, intelligent servers are devied to responding to user requests from
all over the world. In edges, smart devices should process data lalty and e ciently with restricted
resources and power budgets. An ultimate goal of these intelligensystems is to realize arti cial general
intelligence (AGI) to promote brain-level intelligence.

In general, two types of approaches are used in intelligent systems&e., machine learning models such
as arti cial neural networks (ANNSs) [ 1{4], and neuromorphic computing models such as spiking neural
networks (SNNs) B{9]. The former models perform well in processing dense features viatanse matrix
operations and nonlinear transformations, and they have the adantages of high accuracy and clear real-
world application scenarios; the latter models are more suited for sprse features via event-driven neural
activities and spatiotemporal dynamics, and they have the advanages of high e ciency, high robustness,
and strong potential for brain emulation [10{14]. Because of their distinct advantages and disadvan-
tages, neither model is su cient to support AGI exploration. In th e past, no technological solution for
neuromorphic computing was commonly accepted, which has hindedeprogress in this area. Recently, a
cross-paradigm hybrid neuromorphic computing chip called Tianjic [L5, 16] was developed to support a
wide range of ANN and SNN models and their cross modelingl[7{21], which enables combining the ad-
vantages of ANNs and SNNs. Moreover, a general system hierdrg with neuromorphic completeness was
constructed for such brain-inspired systems to ensure programing-language portability, hardware com-
pleteness, and compilation feasibility R2]. Since then, research teams from Intel, IBM, and Manchester
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Figure 1 (Color online) Illustration of HNNSs.

University have also adopted this hybrid approach in their respective Loihi¥, in-memory computing [23],
and SpiNNaker 24, 25] designs.

Nevertheless, previous studies focus on small-scale prototypescthe chip design itself, and are still
far from practical applications. In essence, two requirements sbuld be considered in designing an ideal
hybrid-paradigm intelligent system: (1) from the hardware perspective, the system integration should be
scalable to adapt to variable application scenarios with di erent-scde workloads; (2) from the software
perspective, the system should be exibly con gurable to adapt to variable models with di erent topolo-
gies and sizes. To this end, we developed a multi-grained system fordin-inspired computing based on
our hybrid-paradigm Tianjic chip. Via the ultra scalability of the decen tralized manycore architecture,
the hardware integration morph and grain can be quite exible. Here we demonstrate a Tianjic card
and a Tianjic board with di erent numbers of chips connected by di e rent topologies. The Tianjic card,
which has 1 4 Tianjic chips, is tailored for embedded systems, whereas the Tiaig board, which has
5 5 Tianjic chips, is designed for cloud servers. To con gure the systm exibly, we further developed
the Tianjic toolchain with a system simulator and a system compiler. With the support of hardware
and software, we conducted extensive experiments to evaluatehe cards, boards, and systems. To our
best knowledge, this work is the rst to present a large-scale sygm for hybrid-paradigm, brain-inspired
computing that can provide a powerful and e cient platform for ex ploring neural models for AGI.

2 Preliminaries

2.1 Neural network models

Neural network models usually feature plenty of neurons conneed by synapses. The behaviors of each
neuron usually include integrating pre-synaptic inputs under the e ect of synaptic weights, conducting
nonlinear transformation, and generating output activities. The network is usually built by stacked
layers, and the topology of each layer can be a fully connected (FClayer, a convolutional (Conv) layer,
a pooling layer (Pool), a recurrent layer, or another type of layer. Figure 1 illustrates a neural network
that can have three morphs: (1) an ANN if all neurons are arti cial neurons; (2) an SNN if all neurons
are spiking neurons; (3) a hybrid neural network (HNN) if both arti cial neurons and spiking neurons
exist.

Each node in an ANN model is an arti cial neuron. The behaviors of e@h layer with multiple neurons
can be represented by

YT =" (0" +op(W"; X" 1y; (1)

where Y denotes the neuronal outputs (i.e., activations) of the current layer, X denotes the inputs of
the current layer (i.e., activations of the previous layer), W is the weight matrix connecting two adjacent
layers, b is a bias vector, andn denotes the index of layers. Moreover, () is a nonlinear activation
function, e.g., ' (X) = ReLU( x) = max( x; 0). The major operation (i.e., op) in an FC layer is a matrix
multiplication, or it becomes a convolution operation in a Conv layer. For a Pool layer, each neuron just
selects a target output from the input neurons within its local receptive eld; for a recurrent layer, the

feedback connection introduces extra operations and extra teporal dynamics.

1) https://download.intel.com/newsroom/2021/newtechnol ogies/neuromorphic-computing-loihi-2-brief.pdf
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Figure 2 (Color online) Overview of the Tianjic chip architecture.

In an SNN model, each node is a spiking neuron with intrinsic sptiotempeal dynamics, which is
di erent from the arti cial neuron in above ANNs. To model the beh aviors of a spiking neuron, the leaky
integrate and re (LIF) model [ 26,27] is widely adopted in practice because of its low complexity. There
are two state variables in an LIF neuron: membrane potential (1) and output activity ( 0), where u is
a continuous value whileo can only be a binary value 0 or 1 that represents the state of eitherring a
spike or not, respectively. The behaviors of an SNN layer can be gevned by [11]

( ut;n
Ot;n

e diut 1n
H(ut"
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Uth );

o 1)+ op(W"; ot 1;

)

whereu and o denote the state vectors of the layer W represents the synaptic weight matrix between
two adjacent layers,t stands for the index of simulation timesteps,n and i are the indexes of the layers
and neurons, respectively, is a time constant. Furthermore, H () is the Heaviside step function, i.e.,
H(x) =1 when x > 0; H(x) = 0 when x < 0. The neuron res a spike and resetsu = up only when

u exceeds a ring threshold (g, ), otherwise, the membrane potential simply leaks according to e®.

Note that 0°(t) denotes the network input. The above iterative LIF model incorporates all behaviors of
a spiking neuron, including integration, ring, and resetting.

In addition to the above homogeneous neural networks, recenthhybrid-paradigm models such as
HNNs have drawn increasing interest in di erent applications. In an HNN model, each node can be
an arti cial neuron or a spiking neuron. Information can be encodel in the amplitude domain or the
spatiotemporal domain in HNNSs; thus how to design the conversion rathods for di erent coding schemes
is a key problem for HNNs. HNNs have demonstrated unique promise ifinheriting the advantages of
both SNNs and ANNs, with greater exibility for handling complex task s with versatile spatiotemporal
features. However, because of the radical di erence betweeté arti cial neuron and the spiking neuron,
till now, the development of HNNs has remained in the very early exploation stage and there is no
uni ed modelling methodology.

2.2 Tianjic chip

In this work, our system construction is based on the Tianjic chip [L5, 16], which was fabricated in
the 28-nm process with a 3.8 mm 3.8 mm die area for the support of both individual and cross
modelling of ANNs and SNNs. The Tianjic chip adopts the decentralizedmanycore architecture that
is originally used in neuromorphic computing. Each chip has many fundbnal cores (FCore), and each
FCore works independently with local computing and memory resouces but without a centralized control
unit. Intermediate data are propagated between FCores, formilg a parallel data ow. Compared with
the control- ow-aware von Neumman architecture, the data ow -aware neuromorphic architecture enjoys
better computing parallelism and memory locality.

In contrast to traditional neuromorphic architectures, Tianjic m odi es the design of FCores and the
inter-core routing protocol to make the architecture suitable for ANNs, SNNs, and HNNs. Figure 2
presents the overall architecture of Tianjic. It can be seen thatthere are two datapaths in each Tianjic
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Table 1 Operations and transformations supported by Tianjic )

Operation (dendrite) Mode De nition
VMA SNN y=W s
VMM Share y =W x
VVA Share y=  x;i=0;1...;%
VVM ANN Yy = X1 X2
VS ANN y =X X
VB Share y = X
Transformation (soma) Mode De nition
B_L Share Yy = X + Xp=X jeak
Act _Fun ANN y =" (x)
Spi_Gen SNN LIF dynamics
Out _Trans Share Send output to router
Pool Share yi = max/ave( fx;jj 2 pool;Qg)
Lat _Acc Share Vi = X +Y o1
Out _Copy Share Fire _data; = Fire _data;

Leakage/threshold adaption

Others SNN o
Probabilistic ring
a) VMA: vector-matrix accumulation; VMM: vector-matrix mu Itiplication; VVA: vector-vector accmulation; VVM: vecto r-vector
multiplication; VS: vector scaling; VB: vector buer; B _L: bias/leakage; Act _Fun: activation function; Spi _Gen: spike generator;
Out _Trans: output transmission; Pool: pooling; Lat _Acc: lateral accumulation; Out ~ _Copy: output copy.

FCore: an ANN path and an SNN path. In the ANN path, the input act ivations are stashed in the axon
unit with a ping-pong bu er, the dendrite unit performs the matrix m ultiplication between the input
activations and the weights stored in the synapse unit, and the sora unit generates output activations by
passing the dendritic results through an activation function codedin a look up table (LUT). In the SNN
path, the axon unit stashes the historic input spikes, the dendriteunit performs the weighted integration
of input spikes, and the soma unit executes the LIF neuronal dynenics to produce output spikes. Most of
the computing and memory resources are shared between the twmaths to save chip area. Note that our
in-memory computation in the dendrite unit is di erent from recent s tudies based on memristors28,29].
On the one hand, our dendrite unit is designed to support the arithnetic operators in both computer-
science-oriented ANNs and neuroscience-oriented SNNs with a grereuse of the datapaths, while the
references focus on the computer science side rather than nescience. On the other hand, our design
uses full digital circuits with mature fabrication processes, while the references use emerging memristor
devices that are not easy to integrate into a large-scale system ahe present stage.

The key to supporting HNN models is the independent recon gurability of the axon and soma units.
When the axon and soma units are homogeneously con gured into t non-spiking (spiking) mode, the
FCore performs a pure ANN (SNN) layer. While the two units are con gured heterogeneously, e.g.,
\non-spiking axon and spiking soma" or \spiking axon and non-spiking soma", the FCore naturally
acts as an ANN-SNN or SNN-ANN converter. In a nutshell, the aboe dual datapths and exible
recon gurability enable the hybrid computing capability of Tianjic. Th e operations supported by the
axon and the transformations supported by the soma in Tianjic arelisted in Table 1, which are su cient
for implementing most neural network models.

In decentralized manycore architectures, the FCores are conméed by a routing network for data
exchange. Because there is no central unit, the scaling up of theystem becomes quite easy by connecting
more FCores into the routing network. As shown in Figure3, the routing protocol is coded in the routing
packets that include both address and data segments. The addss segment stores the relative address of
the target FCore ( x and ), the address mode (Addrmode), and the location of the target memory
cell to place the data segment (RAM.addr). Note that the address mode implies where to put the data
in the target FCore, i.e., 0 for axon memory and 1 for synaptic memoy. When Addr_mode = 0, the
lower 8 bits in RAM _addr denote the row index of the axon memory and the higher 7 bits ee ignored;
whereas when Addrmode = 1, the higher 7 bits and lower 8 bits denote the row index and tke column
indexes of the synaptic memory, respectively. To support both ANNs and SNNSs, the data segment can
be con gured into a non-spiking activation value or a spiking event.

To detail the routing mechanisms, we take the examples in Figure3 for illustration. On the 2D-mesh
FCore array plane, we use (rowcol) to represent the FCore coordinate, wherein row and col derte the
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Figure 3 (Color online) Tianjic routing network with P2P and MC proto cols.

vertical and horizontal locations, respectively. In addition to the normal point-to-point (P2P) routing
mechanism (e.g., from FCore(0, 0) to FCore(1, 1)), we incorpora¢ another multicast (MC) routing
mechanism. Because of the restriction of the memory capacity in ta router unit, each neuron is only
allowed to connect to one target memory cell, which limits the fan-outcapability of each neuron. Although
the Out_Copy transformation can copy the routing packets for multicasting information, it decreases the
use of computation resources and the number of copies is actually lited by the number of neurons in
an FCore. Fortunately, the multicasting routing mechanism can eady solve this problem with two extra
MC registers in each FCore, i.e., (MC y, MC_ x). If the registers are con gured with non-zero values,
all received packets of the FCore will be copied and sent to a targeECore whose relative location is
indicated by (MC_ vy, MC_ x). For example, we initialize the MC registers of FCore(1, 1), FCore(,
2) and FCore(2, 2) to be (MC. y=0,MC_. x=1), (MC_ y=1, MC_ x =0),and (MC_ y =0,
MC_. x = 1), respectively. In this way, FCore(1, 2), FCore(2, 2), and FCae(2, 1) share the same
packets received by FCore(1, 1). In other words, FCore(0, 0) nally multicasts its output packets to
multiple target FCores, overcoming the fan-out limitation.

Considering the restriction of the single-chip area, the number of Eores on a single chip cannot be
unlimited. For an embedded system, we only need a single chip or sewdrchips on a card; while to
construct a large-scale system for brain-inspired computing, we @d a huge number of chips that can
be organized in the hierarchy of \FCore) chip) board) machine) brain". The inter-core communication
within a chip is fast because the intra-chip cores are hardwired. Nesrtheless, every time a routing packet
crosses into a higher level in the hierarchy, an extra merge-split awversion is usually necessary because
of the limited number of communication interfaces, resulting in subsantially increased communication
latency. Therefore, in a large-scale brain-inspired computing systm, high-speed communication interfaces
indeed matter in determining the overall performance.

2.3 System hierarchy comparison

The brain is a golden reference for brain-inspired computing systes1 In addition to the brain-inspired
features at the chip architecture level, the system integration slould also be brain inspired. As depicted
on the left of Figure 4, a brain system is constructed from neurons, circuits, areas, ah nally the
brain. Correspondingly, a brain-inspired system can also be consticted from neurons, cores, chips,
cards/boards, and nally a large-scale system, as illustrated on tte right of Figure 4. Although the brain
always works as a whole, a brain-inspired system can have more che& For example, one or more chips
can be mounted on a card to form an embedded system for some spe application scenarios, like the
individual functional circuits or areas of the brain. Considering the above situation, we provide system
solutions for both embedded systems and cloud platforms.

3 System integration

In this work, we demonstrate a ne-grained integration, i.e., a Tianjic card with 1 4 chips, for embedded
systems, and a coarse-grained integration, i.e., a Tianjic board with5 5 chips, for cloud platforms.
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Figure 4 (Color online) Comparison of the system hierarchy between t he brain and the brain-inspired computing system.

Furthermore, we developed a software toolchain for the automat deployment of a broad range of neural
models on our multi-grained Tianjic systems.

3.1 Fine-grained integration: Tianjic card

In most embedded systems for edge applications, the requiremerior computing power is much lower

than that for cloud applications. Therefore, the ne-grained inte gration of Tianjic chips is more suited for

these situations, for which we developed the Tianjic card. Speci cly, each Tianjic card has 1 4 chips,

as displayed in Figure5. As a result, each card provides a small neural system with apprdrmately 160

thousand neurons and 6 TOP® (3 TSOPSY) peak computing power under a 300 MHz clock frequency.
We adopt the form of a pluggable card to make our system constru@n exible. The card can connect

to extra control chips through an FPGA mezzanine card (FMC) interface, and then further connect to

other peripherals. The number of Tianjic card slots can be exibly adapted to satisfy the requirement of

any embedded system in practice.

3.2 Tianjic embedded system

On the basis of Tianjic cards, we developed a Tianjic embedded systefor brain-inspired computing. The
embedded system consists of two PCB boards: one computing badiand one control board. The overall
architecture and a photo of the control board are presented in kgure 6. The control board mainly holds
an Intel Arria 10 SoC chip (A10 for short) with two internal ARM Cor tex A9 cores and an internal FPGA
logic kernel for controlling the entire Tianjic embedded system. TwoFMC interfaces (FMC-A, which
has a lower speed, and FMC-B, which has a higher speed) connectdhA10 (on the control board) with

2) TOPS: tera operations per second.
3) TSOPS: tera sysnaptic operations per second.
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Figure 5 (Color online) Photo of the Tianjic card.
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Figure 7 (Color online) Overall architecture and photo of the comput ing board.

the computing board. Four 1 GB DRAM chips with DDR4 memory interfa ces are incorporated for the
programming of the A10 chip. We also incorporate an Altera Max V CPLD chip onto the control board
for possible 1/0 extension, protocol conversion, power managesnt, and other functions. Moreover, some
standard communication interfaces such as Ethnet, SD card, USBUART, and GPIOs, are nstalled on
the control board to make it self-contained for independent opeation.

In contrast to the control board, the computing board provides powerful computing capability and
richer peripheral interfaces for performing various intelligent taks. The overall architecture and a photo
of the computing board are presented in Figure7. We incorporate two Tianjic card slots onto the
computing board, which can accommodate two Tianjic cards with eigh Tianjic chips in total. Therefore,
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Figure 8 (Color online) Photo of the Tianjic board.

the embedded system can provide a maximum 320 thousand neurorend 12 TOPS (6TSOPS) peak
computing power. The Tianjic cards can be con gured by the A10 onthe control board through the
FMC-A interface. As we did for the control board, we incorporate an Altera Max V CPLD chip onto the
computing board. The peripheral interfaces on the computing boad are much richer than those on the
control board, including Ethnet, WIFI, USB, CSI, DVP, HDMI, VGA , and GPIOs, thus greatly extending
the potential application space of the Tianjic embedded system. Allof these peripheral interfaces can
communicate with the control board through the FMC-A interface. Moreover, two peripheral interfaces
are connected to the FMC-B high-speed interface, i.e., one PCle 3.0 8 slot with 128 Gbps full-duplex
data transmission rate and one con gurable high-speed bus for 3des, PCle, or quad small form-factor
pluggable (QSFP) protocols.

Note that the separate design of the control board and the compting board makes our system con-
struction iterable. In particular, we only need to slightly modify our d esign of the computing board to
be compatible with the next generation of the Tianjic chip in future, but there is no need to change the
design of the control board. With the above design, the Tianjic emkedded system can be adapted to
various intelligent tasks by equipping the corresponding peripherakensors through the reserved interfaces
and can be easily extended to a larger system by connecting more Thgic cards through the high-speed
communication interfaces.

3.3 Coarse-grained integration: Tianjic board

Distinct from embedded sytems, cloud platforms usually need high-prformance computing power to
perform heavy workloads. To this end, we further developed the Tanjic board to support the coarse-
grained integration of Tianjic chips. As displayed in Figure 8, each Tianjic board has 5 5 Tianjic chips,
which are much more than those on a Tianjic card. On each Tianjic boad, the number of neurons can
reach approximately one million and the peak computing power can reeh 37.5 TOPS (18.7 TSOPS).
Similar to the Tianjic card, the board can also connect to extra control chips and peripherals through the
FMC interface. Here, the FMC interface for each board in four directions can carry 80 LVDS (low voltage
di erential signaling) communication lanes with a 320 Gbps full-duplex transmission rate in total.

3.4 Tianjic server

Using Tianjic boards, we developed a Tianjic server for brain-inspird computing in the cloud. The overall
architecture and a photo of the Tianjic server are presented in Figire 9. In our design, each Tianjic server
can accommodate a maximum of four Tianjic boards with 100 chips in ttal, thus providing approximately
four million neurons and 150 TOPS (75 TSOPS) peak computing power For clarity, we only show that
each Tianjic server consists of two Tianjic boards in Figure9. In essence, at a maximum, each Tianjic
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Figure 9 (Color online) Overall architecture and photo of the Tianji C server.

board is controlled by an extra control board with an A10 chip and sane communication interfaces.
There is 4 GB DRAM and 256 MB Flash for the A10 chip on the board. The FMC interface for the
A10 chip also includes the lower-speed FMC-A and the higher-speed\#C-B, similar to the con guration
of the Tianjic embedded system. LVDS interfaces are adopted fothe connections between the control
board and the Tianjic board, between two adjacent Tianjic boards and even between the Tianjic boards
on dierent servers. There is also an Ethernet interface on the FMC-A interface. Furthermore, the
FMC-B interface supports high-speed protocols such as SerdeBCle, and QSFP. Two PCle lanes with
20 Gbps full-duplex transmission rate are integrated for the commuication with the host and two QSFP
interfaces with 160 Gbps full-duplex transmission rate are integraed for the communication with ber
devices.

Note that the server is actually a heterogeneous system. The CPlcts as the host processor for the
control- ow-aware workloads, which is connected to the Tianjic boards through the PCle lanes. The
Tianjic chips work as co-processors for the data ow-aware worloads, especially neural network models.
The input and output devices can communicate with the Tianjic boards through Serdes interfaces.

3.5 Tianjic toolchain

As aforementioned, without the support of exible software, the hardware system itself is di cult to use.
With this concern, we developed a software toolchain for Tianjic sygems, which includes a simulator and
a compiler, as illustrated in Figure 10. The simulator is cycle-accurate and considers all hardware-spec
constraints. Thus, its running result is in one-to-one correspondnce with that of the physical Tianjic
system. The compiler is responsible for deploying a neural model oatthe Tianjic system automatically.
Speci cally, it rst partitions a large-scale neural network into man y small-scale neural circuits and puts
each of them onto a single Tianjic core. Then, the placement of the lgic cores onto the physical cores
is optimized to reduce long-distance communication for latency impreement. Finally, the parameters of
all cores and their routing tables are con gured to encode the nawork topology and behaviors. Notice
that a quantization-aware training should be completed before themodel compilation to satisfy the data
bitwidth requirements of Tianjic system. With the easy-to-use toolchain, we can substantially accelerate
the model deployment process and facilitate the exploration of larg-scale neural models.

4 System evaluation

Given the above hardware and software infrastructures, we evaate the systems in this section. Con-
sidering the richer testing patterns, we used the coarse-grainedianjic board as an example to evaluate
communication latency, computational latency, and system powey whereas the evaluation methodology
is also suited for the Tianjic card and embedded system. Furthermre, we tested the system performance
of the Tianjic server that incorporates four Tianjic boards. Note that we focus on providing platforms for

open applications and only performed basic measurements rathehan evaluating speci ¢ neural models,
which should be left for users.
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Figure 10 (Color online) Overview of the Tianjic software toolchain.
Table 2 Chip speci cation comparison
Chip Process Clock Memory #Neurons Area Throughput Power
(nm) (MHz) (MB) 10° (mm 2) (GSOPS) (W)
SpiNNaker [ 30] 130 180 128 (o -chip) 16 102 0.064 1
TrueNorth [ 31] 28 Asynchronous 53.5 (on-chip) [ 6] 1050 430 58 0.32
Loihi [ 9] 14 Asynchronous 33 (on-chip) 131 60 N.A. N.A.
Tianjic 28 300{450 3.3 (on-chip) 40 14.44 650 0.95
Table 3 System speci cation comparison 2
. #Neurons Throughput System power
System #Chips 6
10 (TSOPS) (W)
SpiNNaker board [ 30] 48 0.768 0.003 [ 7] 60
TrueNorth board [ 32] 16 16.777 0.93 7.2
Loihi board ¥ 32 4.194 N.A. N.A.
Tianjc board 25 0.998 18.7 29.82

a) For fairness, we select the Tianjic board to compare with e xisting systems.

4.1 Specication comparison

Table 2 compares Tianjic with three famous large-scale neuromorphic chipsSpiNNaker [30], TrueNorth
[31], and Loihi [9]. Because of the tight area budget limited by the fabrication cost, ve only integrated
12 13 FCores on the Tianjic chip within a 14.44 mn? die area under the 28-nm process. Even so,
the performance of Tianjic is superior to those of the others, andn addition it can creatively support
the running of hybrid neural paradigms. The architecture of SpiNNaker is closer to the conventional
von Neumann architecture, which reduces its performance. BothTrueNorth and Loihi adopt a non-von
Neumann architecture, but they su er from a slower operation rate restricted by the unshakable belief
in the pursuit of high bio-plausibility. By contrast, Tianjic pays more a ttention to bridging neuroscience
and computer science, and it is able to achieve a better balance beeagn bio-plausibility and performance.

Table 3 compares the Tianjic system with three existing neuromorphic systms built on the above
chips [30,32]. For fairness, we only selected the Tianjic board in this comparisonfo make the number
of chips in each system comparable. Similarly, because of the tight aa budget, the number of neurons
the Tianjic board can accommodate is lower than those of the othesystems. Fortunately, the execution
performance is still superior because it bene ts from the non-vorNeumann architecture and the higher
operation rate.

4) https://en.wikichip.org/wiki/intel/loihi
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Figure 11 (Color online) Six routing paths on the Tianjic board.

4.2 Board testing

Next, we tested the Tianjic board in terms of communication latency, computational latency, and power
consumption. Even though we only evaluated the Tianjic board becase it has a larger exploration space of
communication patterns, the measurement methodology also workfor the Tianjic card and the embedded
system. For simplicity, we de ne six routing paths to cover the typical communication patterns, as
illustrated in Figure 11. We denote the coordinate of each FCore on the Tianjic board with o segments
(Chip_ID and FCore_ID) as (Chip_row; Chip_col)(FCore_row; FCore_col). Given this representation,
the six paths can be described as follows: (1) path 1, (@)(0;12)) (0;1)(0;0), which has the shortest
inter-chip routing distance; (2) path 2, (0;0)(0;0) ) (0;1)(11;12), which has the longest inter-chip
routing distance between two consecutive chips; (3) path 3, (00)(11;0) ) (2;0)(0;0), which has the
shortest inter-chip routing distance between three consecutivehips; (4) path 4, (0; 0)(0;0) ) (4;0)(11; 0),
which has the longest inter-chip routing distance in the vertical direction on the board; (5) path 5,
(0;0)(0;0)) (0;4)(0;12), which has the longest inter-chip routing distance in the horizonal direction on
the board; and (6) path 6, (0;0)(0;0)) (4;4)(11;12), which has the longest inter-chip routing distance
on the board.

Figure 12 displays the communication latency values of the six routing paths onthe board. In this
experiment, we enabled the router unit but disabled the computatian in every FCore. The latency result
is the routing time needed to send one packet from the source FCerto the target FCore. Overall, the
communication is quite fast at the s level. The longest path on the board, i.e., Path 6, only consumes
approximately 4 s for communication. In addition, we recorded the communication laency between the



Pei J, et al. Sci China Inf Sci April 2023 Vol. 66 142403:12

4.50
4.03

4.00
350
o
=~ 3.00
(]
£ 250 »on
£ 2.00 2.00 :
3
g 150

0.89

1.00 0.65

0.50 0.40

0.00

Path 1 Path 2 Path 3 Path 4 Path 5 Path
Routing path
Figure 12 (Color online) Communication latency evaluation of the Tia njic board.
Table 4 Computational latency evaluation when performing VMM on th e Tianjic board
Routing path Path 1 Path 4 Path 6
Computational latency ( S) 22.76 672.40 1389.52

Table 5 Power consumption evaluation of the Tianjic board

Testing case Idle Clock On VMM On
Power (W) 10.32 27.30 29.82
Table 6 Communication latency and computational latency (when per forming VMM) evaluation of the Tianjic server
Routing path Path 1 Path 2 Path 3
Communication latency ( s) 0.40 9.33 11.01
Computational latency ( s) 22.76 2690.80 3038.98

on-board FPGA and a Tianjic chip closest to the FPGA. It is only 0.2 s, which can be negligible.
Table 4 further presents the computational latency, which includes both the computation time and
routing time. Dierent from the above experiment, we enabled both the routing unit and the VMM
computation of all neurons in every FCore. For simplicity, we only teded the paths with the shortest,
medium, and the longest distance. Apparently, the computatioinallatency is in direct proportion to the
communication distance. The longest computational latency on theboard is within 1.4 ms. Table 5
depicts the power consumption of the Tianjic board. The baseline pawer consumption is approximately
10 W. It can be seen that the clock tree consumes much more powénan the active computation, which
implies that there is potential for substantial optimization in the bas ic circuit design in the future.

4.3 Sever testing

After testing the Tianjic board, we skipped to the evaluation of the Tianjic server. For better un-
derstanding, we further extend the inner-board coordinate of ach FCore to the inner-server coordi-
nate by adding the Board.ID: (Board _row; Board_col)(Chip_row; Chip_col)(FCore_row; FCore_col).
In our experiments, four Tianjic boards are simply placed in a row tomlogy, i.e., BoardID ranging
from (0;0) to (0;3). With this representation, we selected three paths for evaluabn: (1) path 1,
(0;0)(0;4)(0;12) ) (0;1)(0;0)(0;0), which has the shortest inter-board routing distance; (2) pah 2,
(0;0)(0;0)(0;0)) (0;3)(0;4)(0;12), which has the longest inter-board routing distance in the horiontal
direction on the server; (3) path 3, (0, 0)(0;0)(0;0) ) (0; 3)(4;4)(11;12), which has the longest inter-board
routing distance on the server.

Table 6 visualizes the communication latency and computational latency of he three routing paths
on the server. Similarly, in the testing of the communication latency, we only enabled the router unit
but disabled the computation in every FCore; whereas in the testingof the computational latency, we
further enabled the computation. Even on a server, the longest iter-board communication latency is
only approximately 11 s, which is quite fast. In essence, the communication latency betvesm two
adjacent FPGAs on di erent boards is only 0.15 s. Table 6 also presents the computational latency
when performing the VMM operation. Similar to the results on the board, the computational latency is
proportional to the communication distance. The longest computdional latency on the server is within
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Table 7 Power consumption evaluation of the Tianjic server

Testing case Idle Clock On VMM On
Power (W) 41.28 109.20 119.28

3.1 ms across four boards. Tabl& further provides the power consumption of the Tianjic server. The
idle power consumption is slightly higher than 40 W, whereas the clockiee boosts it to approximately
110 W. The active computation only consumes 10 W, which again indicats the substantial potential for
optimizing the design of the basic clock circuits in the future.

5 Conclusion and discussion

This work is the rst to demonstrate multi-grained system constru ction for hybrid-paradigm brain-
inspired computing. A Tianjic card with 1 4 chips and a Tianjic board with 5 5 chips are constructed
as two building blocks for Tianjic embedded systems and Tianjic serves, respectively. Compared with
existing neuromorphic systems, the Tianjic system provides supéor performance. Considering vari-
ous routing paths, the longest communication latencies on the boat and server are only 4 and 11 s,
respectively, and the longest computational latencies are only 1.4ra 3 ms, respectively. The power
consumption of the Tianjic system lies between those of the TrueNdh system and the SpiNNaker sys-
tem, which still leaves substantial optimization potential in the design of the basic circuits to decrease
the static power consumption. In short, the constructed Tianjic systems can work as powerful and e -
cient tools for exploring brain-inspired computing toward AGI, and t hey can be continually improved by
iterative optimization.

In practice, Tianjic systems will have a broad application scope becase they can meet actual needs
through the multi-grained use of Tianjic cards and Tianjic boards. On the edge side, we can exploit
a single card or a few cards to build an e cient embedded system for pplications in the physical
environment. One promising direction for Tianjic embedded systemsis to develop smart devices by
integrating the computing system with sensors for various applicaions, such as brain-computer interfaces,
Internet-of-Things, unmanned aerial vehicles, medical instrumats, and wearable devices. On the cloud
side, we can construct a high-performance platform for brain-inpired computing with many boards
and servers. Tianjic cloud platforms can support the operation oflarge-scale neural models, which
facilitates exploring large-scale models, further iterating the deveopment of the entire ecosystem of
brain-inspired computing. Notably, Tianjic systems can also be usedas a powerful tool to promote
future studies on functional neuroscience and practical brain siralation. With the combination of ANNs
and SNNs connected by various topological con gurations and mdtanisms, Tianjic systems can be used
to emulate di erent neural circuits and networks in neuroscience gmulation, which enables us to reveal the
relationship between a certain human behavior or disease and ceritabrain network mechanisms B3{38].

Note that this work focuses on system construction and evaluatia. Therefore, we only measured
the hardware performance when performing basic operations andouting neural activities rather than
running speci ¢ models, and the evaluation of speci c models on our gstem is left to users. Actually, the
applications reported by our previous work [L5, 16,18] are easily ported onto the platforms constructed
here but are out of the scope of this work. When users deploy spec models, remember that our
hybrid paradigm can combine the respective advantages of ANNs ah SNNs to extend the application
scope of conventional single-paradigm frameworks. Besides periing the single-paradigm ANN or SNN
workloads, we additionally provide two hybrid-paradigm use examplesfor reference to help explain the
potential application scenes of our systems. One example is simple: eacan insert SNNs into ANNs
or insert ANNs into SNNs to balance the accuracy and the computaibnal cost of the entire system.
The other example can be synergistically processing frame-based event-based mixed outputs from
camera sensors, such as DAVIS3B]. In detail, an ANN model can process the frame-based outputs
and an SNN model can process the event-based outputd(]. The accurate recognition results from the
ANN model periodically provide a tracking calibration for the SNN model with faster response and lower
computational cost. In this way, the ANN-SNN hybrid model can achieve all the bene ts, including high
accuracy, high temporal resolution, and low power consumption.
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