
Liquid Silicon-Monona: A Reconfigurable
Memory-Oriented Computing Fabric
with ScalableMulti-Context Support

Yue Zha
Department of Electrical and Computer Engineering

University ofWisconsin - Madison
yzha3@wisc.edu

Jing Li
Department of Electrical and Computer Engineering

University ofWisconsin - Madison
jli587@wisc.edu

Abstract
With the recent trend of promoting Field-Programmable Gate
Arrays (FPGAs) to first-class citizens in accelerating compute-
intensive applications in networking, cloud services and ar-
tificial intelligence, FPGAs face two major challenges in sus-
taining competitive advantages in performance and energy ef-
ficiency for diverse cloud workloads: 1) limited configuration
capability for supporting light-weight computations/on-chip
data storage to accelerate emerging search-/data-intensive
applications. 2) lack of architectural support to hide recon-
figuration overhead for assisting virtualization in a cloud
computing environment.

In thispaper,weproposeareconfigurablememory-oriented
computing fabric, namely Liquid Silicon-Monona (L-Si), en-
abledbyemergingnonvolatilememory technology i.e. RRAM,
to address these two challenges. Specifically, L-Si addresses
thefirst challengebyvirtueof anewarchitecture comprisinga
2D array of physically identical but functionally-configurable
building blocks. It, for the first time, extends the configuration
capabilities of existing FPGAs from computation to thewhole
spectrum ranging from computation to data storage. It al-
lows users to better customize hardware by flexibly partition-
ing hardware resources between computation and memory,
greatly benefiting emerging search- and data-intensive appli-
cations. To address the second challenge, L-Si provides scal-
able multi-context architectural support to minimize recon-
figuration overhead for assisting virtualization. In addition,
we provide compiler support to facilitate the programming
of applications written in high-level programming languages
(e.g. OpenCL) and frameworks (e.g. TensorFlow, MapReduce)
while fully exploiting the unique architectural capability of
L-Si. Our evaluation results show L-Si achieves 99.6% area
reduction, 1.43× throughput improvement and 94.0% power
reduction on search-intensive benchmarks, as comparedwith
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the FPGA baseline. For neural network benchmarks, on av-
erage, L-Si achieves 52.3× speedup, 113.9× energy reduction
and 81% area reduction over the FPGA baseline. In addition,
the multi-context architecture of L-Si reduces the context
switching time to ∼ 10ns , compared with an off-the-shelf
FPGA (∼100ms), greatly facilitating virtualization.
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1 Introduction
Field-Programmable Gate Arrays (FPGAs) are attractive in
many computational domains due to their ability to achieve
high throughput and predictable latency while providing pro-
grammability, lowpower and time-to-value [102][38][70][67]
[30]. While traditionally being used in embedded systems,
FPGAs have recently begun to make their way into data cen-
ters and the cloud. For instance, Amazon and Alibaba (part-
nered with Intel) have launched FPGAs for Acceleration-as-
a-Service on the cloud i.e., AWS EC2 F1 instances [3] and the
Aliyun cloud [43]. Microsoft [10] and Baidu [68] have also
deployed FPGAs in their data centers for web search rank-
ing and machine learning applications. While FPGAs provide
the lucrative benefits of fine-grained parallelism and high
flexibility to accelerate compute-intensive applications, they
face twomajor challenges that hinder further performance
improvements for diverse cloud workloads.

The first challenge is the lack of efficient architectural sup-
port for accelerating emerging search-/data-intensive work-
loads that have low compute-to-memory access ratios [103].
The configuration capability of state-of-the-art FPGAs is
highly skewed towards the computation side. Thus, compute-
intensive applications with high compute-to-memory access
ratios could greatly benefit from it. However, current FPGAs
do not provide sufficient configuration support to cover the
other side of the spectrum on the light-weight computation
and memory sides. For instance, FPGAs do not have a dedi-
cated configurationmode for implementing a ternary content
addressable memory (TCAM) - a light-weight compute hard-
ware specialized in performing massively parallel search in-
side data [69]. Most existing workarounds rely on brute force
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to emulate the equivalent TCAM function at the cost of exces-
sive hardware resources including a large amount of on-chip
memory and configurable logic. Moreover, the configuration
support for on-chip memory is limited, in both capacity (lim-
ited to ∼ 100’s MB [97][98]) and location (embedded as hard
IP at fixed location by vendors and unchangeable by users
after manufacturing). These limitations make it difficult to
exploit data locality [27] when implementing data-intensive
applications.

The second challenge is the lack of architectural support for
assistingvirtualization inamultitaskingandresource-sharing
cloud computing environment, which requires efficient man-
agement and minimization of reconfiguration overhead in
time and space. Off-the-shelf FPGAs are single-context de-
viceswhichonlystoreonecontextof configuration.Ascompu-
tation and configuration aremutually exclusive operations in
such a single-context architecture, FPGAs cannot commence
computation until the loading of the configuration (bitstream)
completes, resulting inhigh reconfigurationoverhead [95].As
such, existingcloudservicesonly support thededicatedalloca-
tion of specific FPGAs for a single user/application [3]without
sharing to simplify the resource management and task sched-
uling. Several recent works [9] [14][50][32][4] proposed to
virtualize and share the resources of an FPGA to improve per-
device utilization, but require complex resource allocation
and task scheduling algorithms to hide the long reconfigu-
ration time. Alternatively, the multi-context FPGA shows
promise [26][11][84] in easing virtualization by providing
native hardware support for storing multiple configurations
to enable a fast context switch, but incurs prohibitive costs
of adding a large amount of SRAMs and multiplexers (∼40%
area increase for one context) in practical implementations.

compute-to-memory
access ratio

Tile configured in different modes:
memory

heavy-weight compute/interconnect
light-weight compute

FPGA blocks:
configurable logic blocks (computation)
block RAM (data storage)

FPGA provides
1) fixed resource partition between      
    computation and storage
2 ) limited on-chip storage

User-controlled resource partition in L-Si

*Routing blocks in FPGAs are not 
drawn for simplicity.

Search
intensive

Data
intensive

Compute
intensive

Figure 1. L-Si provides a user-controlled resource partition
to cover the whole spectrum, from data-intensive to
compute-intensive. On the contrary, FPGAs only provide an
efficient support on compute-intensive applications.

In thiswork,weproposea reconfigurablememory-oriented
computing fabric based on RRAM technology [94], namely
Liquid Silicon-Monona (also referred to as L-Si), to tackle these
two challenges.More specifically, L-Si addresses the first chal-
lenge by introducing a new building block and a new ar-
chitectural organization. As shown in Fig. 1, it consists of a
2D array of physically identical tiles, each of which can be
configured into one or a combination of the following four
modes: 1) heavy-weight compute, 2) light-weight compute,
3) interconnect, and 4) memory. To our best knowledge, such
an architecture, for the first time, extends the configuration

capabilities of existing FPGAs from computation to thewhole
spectrum, ranging from full computation to full memory, or
any intermediate state (partial memory and partial compu-
tation). Moreover, the dedicated light-weight configuration
mode in L-Si enables simple and native implementations of
high performance search and binarized neural network func-
tions [25], making it particularly beneficial for a wide range
of search-/data-intensive applications. Thus, such a hardware
substrate gives users more flexibility in customizing hard-
ware (not just the compute units in FPGAs) to bettermatch an
application’s characteristics (Fig. 1) for higher performance
and energy efficiency.
For the second challenge, L-Si provides scalable architec-

tural support i.e. multi-context architecture to assist virtual-
ization by leveraging the monolithic 3D stacking capability
of RRAM at low cost, versus the prohibitively costly adop-
tion of SRAMs in multi-context FPGAs. In addition, L-Si has
other architectural benefits over FPGA in routing, logic im-
plementation and security, etc., making it also advantageous
in accelerating traditional FPGAworkloads (computationally
intensive). More details can be found in Section 3.6.

Due to thearchitectural differencesbetweenL-Si andFPGA,
we also provide a compilation framework (Section 4.2) to fa-
cilitate the programming of applications written in high-level
programming languages (e.g. OpenCL) and frameworks (e.g.
TensorFlow and MapReduce) for L-Si. Our goal is to fully
exploit the architectural capability of L-Si (Section 3.6) to im-
prove code mapping quality on L-Siwhile reducing program-
ming burden and enabling code portability across platforms
(CPU/GPU/DSP/FPGA) for heterogeneous computing.

In particular, we made the following major contributions:
1. We develop a reconfigurable memory-oriented comput-

ing fabric, namely L-Si. To our best knowledge, it is the first
work to enable a continuum of user-controlled configuration
capabilities across the whole spectrum from computation to
data storage. Compared with state-of-the-art FPGAs, it pro-
videsmoreflexibility in customizinghardware tobettermatch
an application’s characteristics and effectively complement
FPGAs in accelerating search-/data-intensive applications.
The new building block and architectural organization of L-Si
effectively addresses the first above-mentioned challenge.

2. We present a scalable architectural support to assist vir-
tualization, which addresses the second challenge. Specifi-
cally, we add multi-context support to L-Si architecture by
leveraging the monolithically stacked 3D RRAM arrays to
implement multiple planes (contexts) of configuration data,
facilitating dynamic and fast runtime reconfiguration (RTR)
at low overhead. We note that the off-the-shelf FPGAs do not
have multi-context support due to cost constraints.
3. We provide a compilation framework to facilitate ap-

plication development for L-Si. Specifically, it comprises a
flexible front-end that translates applications written in high-
level programming languages (e.g. OpenCL) / frameworks
(e.g. TensorFlow and MapReduce) into Verilog RTL to ease
the programming of L-Si, and a custom back-end that further
converts Verilog RTL code into bitstreams to fully exploit the
architecture capability of L-Si for a high mapping quality.
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4. We conduct experiments to evaluate L-Si on represen-
tative benchmarks from real-world applications and provide
a comprehensive comparison with: 1) SRAM-based FPGAs
(off-the-shelf FPGAs as our baseline); 2) RRAM-based FP-
GAs; and 3) SRAM-based L-Si to provide more insights on
the performance and efficiency gain. Our evaluation shows
that the RRAM-based L-Si outperforms the other three archi-
tectures in all benchmark applications, which confirms the
net benefits are due to the combined architecture and tech-
nology advantages (not simply due to technology) (Section
3.6). Moreover, we show that the light-weight compute mode
results in much more performance and efficiency improve-
ment in search-/data-intensive applications than traditional
compute-intensive applications. Specifically, L-Si achieves
99.6% area reduction, 1.43× throughput improvement and
94.0% power reduction in search-intensive benchmarks, as
compared with the FPGA baseline. For data-intensive bench-
marks, L-Si achieves 52.3× speedup, 113.9× energy reduction
and 81% area reduction over the FPGA baseline.

5. Our evaluation also confirms that L-Si is a more scalable
architecture in providing multi-context support than FPGA.
It reduces the context switching time of off-the-shelf FPGAs
from ∼100ms to ∼10ns . As the number of contexts increase,
the relative area increase of L-Si grows much more slowly
than that of the multi-context RRAM-based FPGA, indicating
that the improved scalability is not only because of the dense
RRAM technology, but also from the architecture itself.

The rest of the paper is organized as follows. Section 2 pro-
vides background information. Section 3 describes the archi-
tecture of L-Si, the operating principles in various configura-
tion modes, the configuration process, the context switching
process and the physical design. Section 4 briefly describes
system integration and a compilation framework. Section
5 presents evaluation results. Section 6 compares L-Si with
prior work, followed by Section 7 to conclude the paper.

2 Background
2.1 FPGAArchitecture
A typical island-style FPGAarchitecture is illustrated in Fig. 2,
which consists of an array of configurable logic blocks (CLBs),
switch blocks (SBs), connection blocks (CBs) and specialized
hard IP blocks. The CLBs can be configured to implement ar-
bitrary logic functionswhile CBs and SBs are used for routing.
Hard IP blocks are scarce hardware resources that are used for
augmenting the capability of FPGAs in performing specific
functions, e.g. block RAM (BRAM) for on-chip storage, but
are much less programmable than the others (CLB/CB/SB).
The architecture limitations of state-of-the-art FPGAs in-

clude: 1) FPGAs do not provide native hardware support for
light-weight computation (i.e., TCAM). 2) On-chip memory
(BRAM) is implemented as specialized hard IP blocks with
fixed capacity and location and thus cannot be changed by
users after manufacturing. Although CLBs can be used as
distributed RAMs in some rare cases, not all CLBs support
this function due to resource constraints, and the capacity is
limited to ∼10Mb [97][98]. 3) Resources for routing (CBs and

SBs) cannot be used to implement other functions e.g., logic.
4) Off-the-shelf FPGAs are single-context devices.

Configurable logic block
Connection block

Switch block

Hard IP blocks (e.g. block RAM)

Routing channel

Figure 2. A conceptual diagram of a typical FPGA
architecture
2.2 RRAM technology
Resistive random access memory (RRAM) has emerged as
one of the most promising non-volatile memories due to its
small cell size (4F 2, F is the minimum feature size), excellent
scalability (<10nm) [94], fast switching time (<10 ns) [87], and
good endurance (up to 1012 cycles) [53]. Resistive switching
is achieved by applying appropriate voltages on the termi-
nals. Another advantage of RRAM is the CMOS-compatible
fabrication process and monolithic 3D integration [46][15].
Therefore, RRAM cells can be organized into stackable and
ultra-dense crossbar arrays at no extra area overhead.
3 Hardware Architecture
Fig. 3 depicts the architecture of L-Si, comprising a 2D array
of physically identical tiles. Each tile can be configured into
one or a combination of the fourmodes: 1) heavy-weight com-
pute, 2) light-weight compute, 3) interconnect, and4)memory,
depending on the workload (Fig. 1). It is worth noting that,
in addition to the coarse-grained (tile-wise) configuration,
L-Si also allows for flexible partitioning of resourceswithin a
tile between computation and routing in a more fine-grained
manner (Fig. 4a). Such a combination of coarse-grained and
fine-grained controls results in improved utilization and re-
duced routing pressure over conventional FPGAs (Fig. 4b).
Moreover, compared with FPGA, L-Si provides scalable

architectural support to assist virtualization. Specifically, the
configuration architecture of L-Si leverages the monolith-
ically stacked RRAM arrays to implement multiple planes
(contexts) of configuration data, facilitating dynamic/fast run-
time reconfiguration (RTR) at low overhead. On the contrary,
implementing a multi-context FPGA incurs prohibitive costs
due to the required additional configuration storage and a
large number of multiplexing circuitry that could otherwise
be used for logic or routing [26]. The key architectural advan-
tages of L-Si over FPGAshave been summarized in Section 3.6.

In the following subsections, we start with an overview of
the L-Si architecture and present how to cost effectively im-
plement themulti-context architecture. Then,we describe the
detailed operations of the configuration modes and present
the configuration process, context switching process and the
physical design. Finally, we discuss the key architectural dif-
ferences between L-Si and FPGA.
3.1 Architecture Overview
Despite the rich configuration modes it supports, the tile
structure is relatively simple. As shown in Fig. 3, each tile is
composed of two basic building blocks: 1) a 3D stacked array
of RRAM crossbars and 2) connection nodes.
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The crossbar array has a native array structure, where each
1D1R cell (contains 1 diode [45] and 1 RRAM element [92])
is placed at the intersection of a word-line (WL) and a bit-line
(BL). We note that the diode (also known as access device)
is used to suppress the sneak path leakage. The array itself
can be fully reused across the four modes of operations, i.e.,
implementing arbitrary logic functions (heavy-weight com-
pute mode), TCAM function (light-weight compute mode),
memory and routing. Multiple crossbar arrays can be stacked
monolithically to storemultiple contextsof configurationdata
at no extra area penalty (Fig. 3). The number of stacked lay-
ers is determined by the number of contexts to be supported
in hardware, and context selection is done by multiplexers.
Previously, an 8Mb two-layered crossbar array, which uses
theTaOx -based 1D1R RRAM cell, has been demonstrated by
Panasonic [46]. As the focus of this paper is not on technology,
details for fabricating RRAM crossbar can be found in [46].

Tile

Connection
Node

bit-line

w
or

d-
lin

e

Connection Node

Access
Device

Memory
Element

Via

Physical View

Data flow

1D1R Cell

S/A

Configuration
Memory

S/A

S/A

Output
Circuit

Output
Circuit DFF

Configuration
Memory
Non-volatile Storage Cell
(3D2R cell, isolation transistor) Cross-coupled inverters

Isolation transistor

Figure 3.Conceptual diagram of L-Si architecture comprised
of a 2×2 array of tiles. The key circuit components of a tile
are highlighted, including stackable 1D1R crossbar arrays
and connection nodes. The structure of the configuration
memory is also illustrated, which supports multi-context by
stacking multiple non-volatile storage cells.

The connection node is used for connectingWLs (or BLs) of
two adjacent crossbar arrays, restoring small analog signals
to full-swing digital signals for noise tolerance, and support-
ing the operations of four configuration modes. As shown
in Fig. 3, each connection node consists of sense amplifiers
(S/As), output circuits and configuration memories. In partic-
ular, as comparedwith large and power-hungry conventional
current or voltage S/As, a compact and low-power RC-based
S/A (adapt the design in [54]) is employed to improve noise
tolerance. It detects the small analog resistance changes on
aWL (or a BL) in one array and generates a full-swing digital
output to drive the correspondingWL (or BL) in the adjacent
array, and vice versa. The output circuit can be configured to
generate different drive voltages to support the four modes of
operation, controlled by configuration memories. Each con-
figuration memory comprises of non-volatile storage cells

(NV-cells) and a cross-coupled inverter, as shown in Fig. 3.
The NV-cells are used for storing multiple contexts of con-
figuration data. The cross-coupled inverter is used to sense
and hold the configuration data of one context from the NV-
cells during normal computation. Similar to crossbar arrays,
NV-cells can also be stacked to support multi-context and
context selection is controlled by the isolation transistors (Fig.
3). We note that each connection node is designed with two
copies of the circuits connected back to back (Fig. 3) to operate
bidirectionally and can be disabled if not in use to save power.
3.2 ConfigurationModes
Heavy-weight ComputeMode.One tile in this mode can
implement arbitrary combinational logic functions in situ
within the crossbar array without using ALUs. Sequential
logic can be implemented by configuring a skippable flip-flop
at the output of each S/A in connection nodes (Fig. 3). Here,
we take an example to illustrate how to map a combinational
logic function F =AB on one of the tile entries (Fig. 5a). Our
mechanism exploits the fact that each S/A in the connection
node is connected to many RRAM cells in the crossbar array.
We show that by simultaneously driving two WLs (or BLs)
by logic inputsA and B, and by programming the values of
the two cells into the low resistance state, the S/A is forced to
perform the bitwise AND of the inputs, realizing the function
F =AB. The rest of the RRAMs connected to the same S/A are
programmed into the high resistance state for isolation.

FPGA L-Si

(a) (b)

Resource used for:
Heavy-weight compute
Interconnect

Figure 4. (a) To improve resource utilization, one tile can
be partitioned between heavy-weight compute mode and
interconnect mode. (b) These flexibilities result in better
algorithmic mapping with low routing pressure.

Overall, there are three key features for such crossbar-
based logic implementation: 1) Each data entry of a tile can
implement a multi-input-single-output logic function (up to
256 inputs). 2) The logic inputs are shared among the logic
functions in the same tile. 3) The data flow direction can be
controlled at a fine granularity of entry level (instead of tile
level). The inputs and outputs can be applied on either the
top/bottom or left/right side of a tile. We will show that our
compilation framework (Section 4.2) takes advantage of these
architectural features at the technology mapping stage to
improve mapping quality (Fig. 4b).

Light-WeightComputeMode.One tile in this mode can
be configured as an embeddedTCAMblockwhich canbeused
to implement high-performance parallel search or binarized
neural network [25]. The idea is inspired by the fact that a
TCAMarray based on non-volatilememory [54] has the same
physical design as amemory array and thus the crossbar array
can be reused to implement the TCAM function as a dedicated
light-weight configuration mode.
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Post-match operation (e.g. priority encoding)
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Memory Array

Read Column
Select Logic
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Row Address
Decoder
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Write Column
Select Logic

One tile configured
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Configured one connection node to output “1” if at 
least 1 bits of the weight are same with input vector

(a)

(b) (c)

(f)(d) (e) (g)
Configured one connection node to output “1” if at 
least 2 bits of the weight are same with input vector

Configured one connection node to output “1” if at 
least 3 bits of the weight are same with input vector

Figure 5. (a) The operation of the heavy-weight compute mode is illustrates and four logic functions are packed and mapped
onto one tile. (b)(c) The light-weight compute mode supports the parallel search operation. Data layout in one can be either
(b) horizontally or (c) vertically. The data sets stored in (b) and (c) are same, and the matched entry is highlighted in blue. (d)(e)
The light-weight compute mode is also used to implement the binarized neural network, and the data layout in one tile can
be either horizontally or vertically. (f) The operation of the interconnect mode is illustrated. (g) Four tiles are used to implement
a memory block. One of them is configured into Memory Mode as the memory array, and other three tiles are configured in
heavy-weight compute mode to perform address decoding.

Fig. 5(b)(c) shows an example of performing parallel search.
First, the search keys (101) are applied on WLs (or BLs) as
search inputs. Then, they are compared with every data entry
that is stored in the crossbar array in parallel. Finally, the S/As
outputamatchvector inwhicha logic "0" indicatesamismatch
between the search inputs and the stored entry value while
a logic "1" indicates a match. The match vector can be further
fed to its adjacent tiles for post processing (Fig. 5b,c).
It is worth noting that the TCAM implementation on L-Si

provides three main advantages over the other standalone
TCAMdesigns [54][57][12]. 1) It can implementTCAMblocks
with different sizes and/or aspect ratios by coalescing adja-
cent tiles. 2) It allows data to be stored in either a row-wise
(Fig. 5b) or column-wise manner (Fig. 5c). 3) It allows users
to flexibly define their custom post-match functions such as
a priority encoder or a population counter by configuring
adjacent tiles into heavy-weight compute mode (Section 3.2).
We will show that these unique flexibilites will be exploited
by our compilation framework to optimize the mapping of
user-defined TCAM blocks.
This mode also provides a native implementation of bina-

rizedneural network (BNNs) (Fig. 5d,e),which is equivalent to
aTCAMfunction.Specifically, thebinaryweightsare stored in
the crossbar arrays (like the storeddata entry inTCAM),while
the input vector is applied on theWLs (or BLs) of the tile (like
the search inputs). The S/A will implement equivalent count,
normalization and activation functions in the neural network.

Interconnect Mode.One tile in this mode implements a
fully populated crossbar switch for routing. Compared with
the dedicated routing blocks in FPGAs (Section 2.1), thismode
canco-existwith theheavy-weight computemode in the same
tile (Fig. 4a). In fact, this mode can also be viewed as a spe-
cial case of the heavy-weight compute mode in which a tile

is configured into a single-input buffer function (F =A), as
shown in Fig. 5(f). The co-existence of the twomodes inside
one tile opens up compiler optimization opportunities. We
will show that this feature is exploited by our compilation
framework (Section 4.2) to adaptively partition the hardware
resources (WLs and BLs) between logic and routing based on
applications’ needs to improve the mapping quality.

MemoryMode. In this mode, four adjacent tiles are used
to implement an embedded memory block. As shown in Fig.
5(g), one of them is configured as thememory array. The other
three tiles are configured in the heavy-weight compute mode
to implement column address decoder, row address decoder
and read/write column select logic. The read/write process
is the same as that of a conventional scratchpad memory. It
appears that using four tiles to implement one fully functional
memory block is likely to be inefficient. However, due to the
ultra-dense array organization and simplified pitch match be-
tween the array and the periphery, the overhead is negligible
as shown in our evaluation in Section 5.2.
We note that since all circuits are implemented in a soft-

logic style (instead of ASIC), such an on-chip memory imple-
mentation on L-Si is much more flexible than the embedded
hard IP memory blocks on FPGA. Specially, it offers the fol-
lowing flexibility: 1) The size and/or aspect ratios of memory
blocks can be configured by coalescing adjacent tiles. 2) The
location of the memory blocks can be controlled by users to
better exploit locality [27]. 3) The orientation of the memory
blocks canvary to allowflexible data layout in either row-wise
or column-wisemanner. Similar to othermodes, our compiler
optimization takes advantage of these flexibilities to achieve
better mapping quality.
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3.3 Configuration Process
In this subsection, we will present the configuration process
for L-Si. Specifically, as configuration data are stored in both
crossbar arrays and configuration memories (in connection
nodes), we will describe how to configure each of them.
We first present the configuration process for crossbar ar-

rays. Note that each connection node has additional circuits
reserved for configuration, containing one buffer and two
multiplexers. They can be controlled to connect WLs (or BLs)
in the adjacent crossbar arrays of the same context plane (se-
lected by the multiplexers). Therefore, each context plane
of L-Si logically only contains one crossbar array and can be
configured using any write scheme (e.g. “V/3” write scheme)
proposed to write crossbar arrays [13]. During configuration,
the buffers are used to restore the degradedwrite voltages due
to long-distance routing tomitigate the IR-drop issue.Wenote
that due to the separate data-paths in configuration and com-
putation,when configuringone context plane (i.e. loadingone
context intoL-Si), theotherswill not bedisturbedand thus can
operate in normal computation mode without interruption.

98.82µm

98.82µm
Connection Node
49.41um×1.53um

Connection nodes are fully buried 
underneath the crossbar array

Add one layer
to support 
2-context

Add three layers
to support
4-context

Figure 6. Physical design of one tile (45nm technology).

We then discuss the process of programming configuration
memories in the connection nodes. Specifically, the configu-
ration process for configurationmemories is divided into two
steps, 1)write theNV-cells, 2) senseandhold theconfiguration
data (of one context) from the NV-cells into a cross-coupled
inverter. As shown in Fig. 3, one bit of configuration data is
stored in one NV-cell by programming the two RRAM cells
into complementary resistance states. Before normal com-
putation starts, the isolation transistor is turned on and the
configuration bit is sensed by the cross-coupled inverter. As
soon as the sensing process finishes, the isolation transistor
will be turned off and the cross-coupled inverter holds the
sensed value for running applications. Meanwhile, the NV-
cells are turned off to save power. Note that, during the first
step (writing NV-cells), the isolation transistor remains off
to disconnect the NV-cells from the cross-coupled inverter
which holds the configuration bit of current running program.
Thus, the NV-cells can be written in the background without
interrupting the running application. This way, the relatively
long programming process of RRAM cells can be effectively
hidden, resulting in fast/dynamic runtime reconfiguration.
3.4 Context Switching Process
The context switchingprocess forL-Si is relatively straightfor-
ward compared to the configuration process. In the following
discussion, we will present the switching operations for both
crossbar arrays and configuration memories, respectively.

Specifically, a control signal (context ID) is first broadcasted
to all tiles. Then, the crossbar array that stores the configura-
tion datawill be selected. For the configurationmemories, the

configuration data of the selected context will be loaded from
the corresponding NV-cell into the cross-coupled inverter by
turning on the isolation transistor (Fig. 3). We note that such
a data loading process is similar to the sense-and-hold con-
figuration process in configuration memories (Section 3.3).
To summarize, such a multi-context design has twomain

benefits. 1) It enables background loading of configuration
data during operation, overlapping computation with con-
figuration. 2) The context switching process does not need
to write RRAM cells and thus can switch between stored
configurations quickly, dramatically reducing reconfigura-
tion overhead if the next configuration is present in one of
the alternate contexts. This fast context switch enables 1)
several programming models (e.g. pipeline reconfiguration
model [78]) to simplify the programming interface and 2)
time-sharing of the hardware resources in a multitasking and
resource-sharing environment.
3.5 Physical Design
The physical design of L-Si is non-trivial compared with con-
ventionalCMOS-based chip, as the layoutwill need to account
for the special monolithic 3D integration of RRAM to achieve
area optimization. Specifically, as shown in Fig. 6, we per-
formed two optimizations to save area. 1) We fully buried the
CMOS circuits (connection nodes) underneath the crossbar
array and stacked multiple crossbar arrays between metal
layers to implement multi-context L-Si. 2) We share the com-
mon circuits (e.g. S/A and voltage driver) as much as possible
between tiles. After applying these optimizations, the area
of one tile is 98.82×98.82µm2 at the 45nm CMOS technology
node. In addition to providing more accurate measurement
of the chip area, the physical design of L-Si also provides key
parameters (e.g., parasitic capacitance/resistance) for circuit
simulation in Section 5.
3.6 Comparison with FPGA
L-Si shares some similarities with FPGAs in its reconfigurable
data-flow architecture, but it also radically differs from FP-
GAs by providing the following features which addressed the
architecture limitations of state-of-the-art FPGAs.

Hardware support for light-weight computation. L-
Si provides native TCAM hardware support by virtue of a
dedicated light-weight compute mode, whereas FPGAs need
to consume scarce on-chip memory resources to emulate
the equivalent TCAM function. Moreover, this mode also
provides an efficient implementation of binarized neural net-
works,whichnevertheless requires costlyhardware resources
(including both logic and on-chip memory) in FPGA for the
same purpose. Therefore, search-/data-intensive applications
can be performed more efficiently on L-Si than FPGAs.

Flexible memory blocks. L-Si provides a flexible mem-
ory support to better customize the capacity and location of
on-chip memory, depending on workloads. For instance, one
can configure more tiles into the memory mode to achieve
highcapacity and in closeproximity to computeunits tobetter
exploit data locality to save power. On the contrary, mem-
ory blocks are hard-wired resource in FPGA and thus their
capacity and location cannot be changed aftermanufacturing.
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Scalablemulti-contextsupport.L-Siprovidesmulti-context
support in a cost-effectivemanner bymonolithically stacking
crossbar arrays and NV-cells (configuration memories). The
low cost is not only due to the 3D stacking capability of RRAM
technology (no area overhead), but also comes from the ar-
chitecture itself. More specifically, the crossbar structure in
L-Si enables better circuit sharing than the CLB structure in
FPGA, thereby requiring fewer multiplexers than FPGA to
support the same number of contexts (Section 5.5).

Coarse-grained logic implementationAs presented in
the heavy-weight compute mode (Section 3.2), tiles in L-Si
supports logic functions with a large number of inputs. To
improve tile utilization (the percentage of resources of a tile
used for mapping), our compilation optimization (Section 4.2)
has taken advantage of this architectural feature and employs
a coarse-grained logic implementation, i.e., applications are
synthesized into complex logic functions with larger gran-
ularity (∼30 inputs). On the contrary, logic implementation
in the FPGA is fine-grained, where applications are synthe-
sized into a netlist of simple logic gates (⩽ 6 inputs), and
these gates are mapped onto 6-input lookup tables (LUTs)
in an FPGA. As compared with FPGA, the coarse-grained
logic implementation in L-Si results in shallower logic depth,
less routing pressure (Fig. 4b), better tile utilization and thus
higher performance and energy efficiency than FPGAs.

Fully exploit RRAM technology. Enabled by the non-
volatile nature of RRAM technology, L-Si does not need to
load bitstreams from external memory when it is powered
on, thereby reducing the configuration times and power. The
nonvolatile nature also improves its security as the bistreams
are stored internally. It eliminates the security vulnerability
caused by the external bitstream loading process in FPGA
which creates an easily exploitable, non-invasive conduit by
which the FPGA’s IP can be captured and copied.

Efficient resourcepartitioning. In L-Si, the hardware re-
sources can be flexibly partitioned by the compilation frame-
work between logic and interconnect based on the actual us-
age (Fig. 4a), leading to better resource utilization than FPGA.

4 System Integration and Compilation
Framework

4.1 System Integration
As a hardware accelerator, L-Si can be easily integrated into
current systems in the same way as FPGAs. For instance,
the low cost and low latency Intel QuickPath Interconnect
(QPI) [42], IBM Coherent Accelerator Processor Interface
(CAPI) [93] and PCIe [2] can be applied to provide a high-
performance interconnection for integration. Moreover, L-Si
can be integrated on the memory bus by leveraging the ex-
isting processor-DIMM interface, and host processors can
use ordinary memory read/write commands to communicate
withL-Si. This integration requiresmoderatemodifications to
the existing system and has been used in prior work [33][36].
Advanced memory management techniques developed for
FPGAs [1][21] can also be applied to L-Si in the same way.

4.2 Compilation Framework
Each L-Si chip contains hundreds of thousands of tiles with
Gb-scale RRAM that needs to be configured to run an applica-
tion. Therefore, it is intractable to custom-tailor eachmemory
element for application mapping. To address this issue, we
present a compilation framework to facilitate application de-
velopment for L-Si in high-level programming languages and
programming frameworks.
Fig.7 depicts the compilation framework for L-Si. It com-

prises a flexible front-end that supports a wide range of pop-
ular high-level programming languages/frameworks, and a
custom back-end that can fully exploit the low-level archi-
tectural features of L-Si to achieve optimal code mapping
on target hardware (Section 3.6). More specially, the front-
end takes an application written in high-level programming
languages/frameworks as an input and translates it into syn-
thesizableVerilogRTLcode.Theback-end further synthesizes
theVerilogRTL code into bitstreams,which are used to config-
ure L-Si. In the following discussion, we will first describe the
front-end and then highlight the key compiler optimization
techniques in the back-end design.

Add support for:
1) Light-weight computation
2) Flexible memory blocks

Bitstream

Output to 
configure L-Si

OpenCL,  TensorFlow, etc.

Verilog RTL

High-level Synthesis Application

Parser Technology Mapping Place&Route

Add support for:
1) Coarse-grained
    logic implementation

Add support for:
1) Light-weight computation
2) Flexible memory blocks
3) Efficient resource partition

Front-end

Back-end

Figure 7. Workflow of the compilation framework. The
back-end is modified to support the features provided in L-Si.
The front-ends of the framework are reused from those

developed for FPGAs, including popular high-level program-
ming languages (e.g. OpenCL [41]) and domain-specific pro-
gramming frameworks (e.g.,MapReduce [90] and TensorFlow
[35]). The reason to select these front-ends is that they all gen-
erate a common code representation in Verilog RTL which
is fully compatible with our custom back-end.We note that
our compilation framework is designed to be reusable and
extendable to other front-ends that output the same inter-
mediate code representation in Verilog RTL.

The customback-end is adapted fromone of themost popu-
lar open-source retargetable toolchains — Verilog to Routing
(VTR) [59] that has been developed for mapping applications
written in Verilog onto FPGA. Nevertheless, we made several
major modifications to VTR to account for the fundamental
architectural differences between FPGA and L-Si for opti-
mal code mapping. As shown in Fig. 7, the back-end contains
three stages, i.e., parser, technologymappingandplace&route.
Specifically, we modify the parser to support the four config-
uration modes, and modify the technology mapping tool to
realize the coarse-grained logic implementation. In addition,
the place&route tool in VTR (VPR [60]) is adapted from a
custom tool developed in Zha et al. [101]with additionalmod-
ifications. Specifically, to optimize the placement and routing
of theTCAMorBNNmodules inL-Si, wemodify the cost func-
tion following the same approach of optimizing the memory
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Table 1.Description of the search-intensive benchmark set.
Benchmark Description Search key Post-match

width (bit) processing
String Match [72] Scan a list of encrypted words for occurrences of a set of keys 80 Bitwise OR

Packet Classification [85] Classify every incoming packet by comparing its header fields against a filter set. 104 Priority encoding
Word Count [72] Count the occurrences of each unique word in a document. 184 Population count

Similarity Search [80] Data mining technique for various applications [61][8][51][73] 288 Priority encodingA TCAM-based implementation of similarity search is realized in [80].

placement in [101]. As more details about these three stages
can be found in [60], in the followingdiscussion,weonly high-
light the key compiler modifications as compared with [60].

Compiler support for light-weight computation. As
VTR is originally developed for FPGAs, which do not have
dedicated configuration support for light-weight computa-
tion (Section 3.6), we modify it to add compiler support for
such a new feature in L-Si. More specifically, we add two new
Verilog modules for TCAM and BNN that can be instantiated
in the Verilog RTL code. The parser is modified to identify
the instantiations of these modules and convert them into a
logical netlist. In case the size of some modules exceeds a pre-
defined threshold, the parser will split it into multiple smaller
ones to ensure it is physically realizable. The place&route tool
then takes the netlist as an input and maps it onto physical
tiles. To optimize the placement and reduce the routing cost,
the cost function is modified in the same way as [101]. The
new cost function is applied to optimize the locations and
orientations (row-/column-wise) of TCAM or BNNmodules
during placement.

Compilersupportforflexiblememoryblocks.Although
VTRprovidescompiler support formappingmemorymodules
on FPGA, the mapping is subject to the constraint of physical
hardware IP blocks with fixed size and location. Here, we
modify it to better exploit the flexibility of L-Si. Firstly, an
additional parsing step,which is needed inVTR to split a large
memorymodule into smaller ones in order to fit into physical
BRAMblockswith fixed size and location, is no longer needed
in the case of L-Si, whose architecture naturally supports flex-
ible size and location. Secondly, two major modifications are
made in the place&route tool. 1) Since the location of mem-
ory blocks is flexible in L-Si, we remove the legalization step
in VTR, which is used to legalize the placement of memory
modules due to the fixed location of hard IPs. 2) To optimize
the placement ofmemorymodules and to reduce routing cost,
we apply the cost function proposed in [101].

Compilersupportforcoarse-grainedlogic implemen-
tation. VTR has a fine-grained logic implementation in the
technologymapping stage,which synthesizes the logic netlist
into simple logic gates with⩽ 6 inputs. To adapt VTR to L-
Si, we modify the technology mapping tool and use the cut
enumeration with the priority cuts algorithm [64] to pack the
simple logic gates into large clusters (e.g. complex logic func-
tions with ∼30 inputs), thereby improving the tile utilization.

Compilersupportforadaptiveresourcepartitioning.
VTR utilizes dedicated hardware (CBs and SBs in Fig. 2) for
routing, while in L-Si, routing is flexible and can co-exist with
the other modes within a tile. As such, our place&route tool
exploits the unused portion of a tile to perform routing. More

specifically, we apply a technique called Adaptive Resource
Partition [101] to partition the hardware resources in one tile
between heavy-weight compute mode (logic) and intercon-
nect mode (routing) to achieve high tile utilization.

5 Evaluation
In this section, we evaluate L-Si on a set of benchmarks,
fromtraditional FPGAapplicationandemerging search-/data-
intensive applications. We also evaluate the effectiveness of
theL-Si architecture insupportingmulti-context, ascompared
with off-the-shelf FPGAs (single-context) and multi-context
FPGAs. In the following subsections, we first describe the
experimental setup, then present the evaluation results.
5.1 Experimental Setup
Benchmark Selection. We have taken the following fac-
tors into consideration when selecting the benchmarks. 1)
They should be sufficiently representative anddiverse enough
to cover a range of workload characteristics in the form
ofcompute-to-memoryaccess ratio [104], ranging fromcompute-
intensive applications to data-/search-intensive applications.
2) They should account for the demands of potential new
applications which may not be amenable for FPGA-like accel-
eration but can better exploit the flexible resources of L-Si.
Based on these factors, three sets of benchmarks are used:

1) traditional FPGA benchmarks, 2) search-intensive bench-
marks and 3) binarized neural network benchmarks. The
traditional FPGA benchmarks contain benchmarks from the
MCNC suite [99], which have been widely used by the FPGA
community to evaluate reconfigurable architectures [65]. We
note that the benchmarks in this evaluation are originally
developed for FPGA under the constraint of limited on-chip
memory support and thus are compute-intensive applica-
tions with high compute-to-memory access ratio. The search-
intensive and binarized neural network benchmarks, on the
other hand, are representative of emerging applications with
low compute-to-memory access ratio and are mainly used to
evaluate the unique flexibilities of L-Si in supporting light-
weight computation. In the following discussion, we provide
more details about the search-intensive and binarized neural
network benchmarks.
The search-intensive benchmark set contains five repre-

sentativeworkloads obtained froma diverse set of application
domains. In these benchmarks, most of the runtime/energy is
spent on the search operation, therefore they can be used to
evaluate the light-weight compute mode of L-Si. In addition,
these benchmarks require different post-match processing
(e.g. priority encoding and population count) and have dif-
ferent search key widths, thereby covering the different use
cases. More details are presented in Table 1.
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The binarized neural network benchmark set contains five
binary neural network (BNN) designs. A BNN stores weights
as 1-bit binarynumbers (+1/-1), thereby significantly reducing
the size of weights, as well as the computational complexity
(perform bit-wise XNOR instead of floating-point multipli-
cation in Convolutional Neural Networks or CNNs) [25]. We
note that the primary reason for choosing BNNs over CNNs
in our evaluation is its simplicity and efficiency to be imple-
mented on hardware. Although the precision of weights is
reduced, BNNs still provide comparable classification accu-
racy compared to CNNs on several datasets [25][24][89][49].
Due to these advantages, there has been a growing effort de-
voted to implementing BNN on different platforms, e.g., CPU,
GPU, TrueNorth and FPGA [89][105][66][25][24].

Table 2. Topology for BNN benchmarks.
Binarized Topology DescriptionCNN

BNN1
3x3conv-3x3conv-2x2pool (output depth 64)
3x3conv-3x3conv-2x2pool (output depth 128)
3x3conv-3x3conv-2x2pool (output depth 256)
two FC layers with 512 neurons

BNN2
3x3conv-3x3conv-2x2pool (output depth 128)
3x3conv-3x3conv-2x2pool (output depth 256)
3x3conv-3x3conv-2x2pool (output depth 512)
two FC layers with 1024 neurons

Binarized Neurons in each layerMLP
BNN3 784-256-256-256-10
BNN4 784-1024-1024-1024-10
BNN5 784-2048-2048-2048-10

conv: convolution layer. pool: max pooling layer. FC: fully connected layer.

Among the five BNNbenchmarks, two are binarized convo-
lutional neural networks (BNN1 andBNN2),while the rest are
multilayer perceptrons (BNN3, BNN4 and BNN5) with three
hidden layers, as listed in Table 2. Their reported error rates
are comparable to their non-binarized counterparts [89][25].
In these BNN benchmarks, the key processing units (perform
XNOR, count and normalize operations) are highly pipelined
and optimized for performance. Additionally, we assume the
training is done offline and only evaluate the performance of
inference as most prior works did.

Baseline. FPGA is used as a baseline since it is the most
popular commercially available reconfigurable architecture.
More importantly, L-Si shares some similarities to FPGAs in
its morphable data-flow architecture, despite a number of
radical differences (Section 3.6).

Moreover, the goal of this evaluation is to provide insights
in comparing two architectures (L-Si, FPGA) paired with two
technologies (RRAM, SRAM). To ensure the benefits that we
gained in L-Si are not simply due to the advance in technol-
ogy,we also include twomore cases (RRAM-based FPGAs and
SRAM-based L-Si) in our evaluation. We note that commer-
cially off-the-shelf FPGAs are SRAM-based FPGAs andwill be
chosen to be our baseline. The RRAM-based FPGA is a drop-
in replacement for a SRAM-based FPGAwhile maintaining
the same architecture. Similarly, in the SRAM-based L-Si, the
RRAMs are replacedwith SRAMs. In the rest of the discussion,
we also refer to L-Si as RRAM-basedL-Si to distinguish it from
SRAM-based L-Si.

SimulationSetup.ForL-Si, 1) theapplicationsaremapped
using our compilation framework (Section 4.2), 2) the delay
and power consumption are obtained from the HSPICE sim-
ulation (45nm PTM HP model [5]), and 3) the area is mea-
sured based on our customphysical design (Section 3.5).More
specifically, in the HSPICE simulation, two Verilog-A mod-
ules are created to simulate the behavior of theTaOx RRAM
device [92] and the diode [45]. The characteristics of RRAM
devices are (1)Ron/Rof f = 5kΩ/ 100kΩ and (2) 1.8V@100ns/-
1V@100ns pulse for SET/RESET [91]. The turn on voltage
of the diode is 0.4V [45]. In the physical design, the size of
the crossbar array is chosen to be 256×256. For FPGA, the
mapping of benchmarks is generated by the VTR tool set. The
area, delay and power are estimated based on the models of
SRAM-based FPGAs provided by VTR.
5.2 Traditional FPGABenchmarks
In this evaluation, the traditional FPGA benchmark set is ap-
plied to evaluate the performance of L-Si. The SRAM-based
FPGA architecture is chosen as the baseline, and the perfor-
mances of other architectures are normalized to it.

Area: RRAM-based L-Si achieves 81% area savings com-
pared to SRAM-based FPGAs (Fig. 8). We also observe that
it consumes 31% less area than RRAM-based FPGAs, which
implies that this area reduction is not simply due to a drop-in
replacement for SRAMs with dense RRAMs. It is also worth
noting that among the four architectures, SRAM-based L-Si
has the largest area cost, indicating that L-Si ismore amenable
to pair with the RRAM technology. Our evaluation confirmed
the compilation framework can effectively utilize tiles, and
the average utilization of tiles is above 70%.

Delay: The delay results are presented in Fig. 8. For all
benchmarks, RRAM-based L-Si outperforms the other three
architectures on average. The improvement in delay mainly
comes from the coarse-grained logic implementation of L-Si,
which has also been confirmed in our experiments. Specifi-
cally, the technology mapping stage generates net lists with
much shallower depth, resulting in a reduced number of logic
gates on the critical paths in L-Si. Therefore, the delay of L-Si
is 52% less than that of SRAM-based FPGAs, on average.

The delays of the SRAM-basedL-Si andRRAM-based FPGA
increase by 14% and 18%, respectively, compared to the SRAM-
based FPGA.We note that the delay becomes worse in SRAM-
based L-Si due to the fact that the increase in unit delay per
tile caused by longer wires (larger RC constant) is muchmore
significant than the decrease in logic depth. The minor in-
crease in delay for the RRAM-based FPGA is because of the
longer sensing time of the RRAM array due to its higher Ron
compared to that of a MOSFET.
Another advantage of L-Si is that it makes better use of

the routing resources as compared with FPGAs, due to its
coarse-grained logic implementation and flexible resource
partitioning between logic and routing. Overall, the area con-
sumed by routing in L-Si is only 15% of the total used area,
compared to 58% in the SRAM-based FPGA (Fig. 8).
Energy Efficiency: The energy efficiency results are pre-

sented in Fig. 8. On average, RRAM-based L-Si achieves 86%
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Figure 8. From top to bottom are Area, delay, energy efficiency (energy-delay product, EDP) and routing usage results. Results
of the SRAM-based FPGA are used as baseline, and other results are normalized to them. The routing usage is the ratio between
routing area and total used area when mapping benchmark circuits. In L-Si, it is obtained by first calculating the ratio between
routing area and total used area (routing+logic) of each tile and averaging across all tiles.

improvement in energy efficiency compared to the SRAM-
based FPGA. This improvement is mainly due to the coarse-
grained logic implementationofL-Si.Notonlydoes thecoarse-
grained logic implementation lead to a smaller delay, but it
also consumes less hardware resources used for routing and
thus reduces energy consumption on data transfer.
5.3 Search-intensive Applications
In this subsection, the search-intensive benchmark set is ap-
plied to evaluate L-Si. All results are normalized to the SRAM-
based FPGA baseline. Overall, across all search-intensive
workloads, we observe that the area/throughput/power im-
provement in L-Si are substantially higher than that in the
FPGA baseline as well as the other two architectures (RRAM-
based FPGA and SRAM-based L-Si), as compared with the
evaluation results for traditional FPGAbenchmarks inSection
5.2.Thus,weconfirmtheeffectivenessof thenewlight-weight
compute mode of L-Si in accelerating search-intensive appli-
cations. In the following discussion, we present the detailed
evaluation results for area, throughput and power for these
benchmarks.

Area:On the five evaluated benchmarks, L-Si achieves a
99.6% average area reduction compared with the FPGA base-
line (SRAM-based FPGA) (Fig. 9 top). It is also interesting to
observe that the SRAM-based L-Si even consumes 44.5% less
area than the RRAM-based FPGA, indicating that the benefits
gained from the light-weight compute mode prevails the area
overhead imposed by the larger cell size of SRAM.

Throughput:On average, the RRAM-based L-Si achieves
1.43× improvement in search throughput over the FPGAbase-
line. Across the benchmarks, we observe a trend that the
improvement in search throughput increases with a wider
search key. This is mainly because a wide/long search key
needs to be split into multiple smaller ones and fed to a lo-
cal search unit that is implemented using a large amount of
logic and BRAM resources in FPGA [44]. The search outputs
from these local search units need to be collected globally

and processed to generate a final result. Such a distributed
implementation consumes more routing resources, thereby
increasing the search delay and reducing the throughput. On
the contrary, L-Si is capable of processing wide search keys
locally and directly by coalescing adjacent tiles configured in
the light-weight compute mode. Therefore, the search delay
and throughput of L-Si is insensitive to the search key width.
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Figure 9. The area saving (top), throughput improvement
(middle) and power reduction (bottom) are presented. All
results are normalized to that of SRAM-based FPGA. The
area result is plotted in logarithmic scale.

Power: For all benchmarks, L-Si outperforms the other
three architectures in power consumption, and achieves a
94.0% average power reduction compared with the FPGA
baseline. The power saving is mainly due to themore efficient
mapping of search operations on L-Si, which dominate the
power consumption in these applications.
5.4 Neural Network Benchmarks
In this subsection, we further evaluate the effectiveness of
L-Si in accelerating neural network workloads (specifically
BNNs) which are data-intensive. The evaluation results for
FPGAs and L-Si on BNNs are presented in Fig. 10. For L-Si,
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on average, it achieves 52.3× speedup, 113.9× reduction in
energy consumption, and 81% area reduction compared with
the FPGA baseline (SRAM-based FPGA). This improvement
mainly comes from two sources. First, in L-Si, the weights are
stored and processed (bit-wise XNOR) in situ inside the same
RRAM crossbar, therefore eliminating the frequent memory
access to fetch key neural network parameters (e.g. weights)
in FPGA. The second reason is that the count, normalization
and activation operations are all performed in connection
nodes using simple analog circuits, i.e., S/A (as discussed in
Section 3.2), whereas FPGA needs complex logic i.e. adders
and comparators to perform these operations, resulting in
larger delay and energy consumption. Moreover, as the on-
chip memory capacity is fixed in FPGA but can be flexibly
configured by users in L-Si, L-Si is expected to achieve even
more improvement inperformanceandenergyefficiency than
FPGA as the size of the neural network grows exceeding the
capacity of the FPGA’s on-chip memory.
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Figure 10. The runtime speedup (top), energy consumption
(middle) and area (bottom) results are presented. All results
are normalized to that of SRAM-based FPGA.

We note that a BNN implementation on GPU, TrueNorth
and FPGA has also been evaluated in prior work [25][66][89],
and FPGA achieves the best performance among these three
architectures. Since L-Si achieves better performance than
FPGA, and the sameBNNsareused inour evaluation, this indi-
cates that L-Si is more advantageous than these architectures
in accelerating BNNworkloads.
5.5 Multi-Context Architecture
In this subsection, we evaluate the effectiveness of L-Si archi-
tecture in supporting multi-context, as compared with the
off-the-shelf FPGA (single-context) and multi-context FPGA.
Note that we limit the scope of our evaluation to be context
switchingdelayanddie area, as these twoareknownobstacles
for virtualizing FPGA [9].

Table 3.Architectural parameters to support virtualization.
Architecture Multi-context Context switching

Support delay
Off-the-shelf FPGA No 17.52ms ∼164.2ms

L-Si Yes ∼10ns

The key parameters of the L-Si and off-the-shelf FPGA are
listed in Table 3. To ensure a fair comparison, we choose the
latest Virtex UltraScale FPGAs from Xilinx [98] as our base-
line. Since it is a single-context device, the context switching
delay in FPGA is equivalent to its configuration time. The

best-/worst-case context switching delay is estimated by fully
exploiting the device features of Virtex UltraScale FPGAs in-
cluding configuration rates and partial reconfiguration [96].
We show that the context switching delay in L-Si is at least six
orders of magnitude shorter than that the latest FPGA devices.
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Figure 11. The relative area increase in multi-context FPGAs
and L-Si for supporting more contexts. The relative area in-
crease is calculated by normalizing the area of amulti-context
architecture to that of its single-context version.

To evaluate the cost benefit of L-Si architecture in support-
ingmulti-context,we further compareL-Siwithmulti-context
FPGA (includingRRAM-based andSRAM-based). Specifically,
we measure the percentage increase in the die area when
adding more contexts to the architecture for the four cases.
Our evaluation shows that although these two types of archi-
tectures (L-Si vs. FPGA) have a comparable context switching
delay, the relative area increase in L-Si is significantly smaller
than that in multi-context FPGAs for implementing the same
number of hardware contexts. We further observe that the
relative area increase of RRAM-based L-Si is also smaller than
that of the RRAM-based multi-context FPGA, indicating the
area saving is not only from the RRAM technology but from
the architecture. The key insight is that the crossbar struc-
ture in L-Si leads to better sharing of the multiplexers used
for selecting contexts than the LUT structure in FPGA. For
instance, under the same die area, the number of multiplexers
needed in L-Si to support multi-contexts is 55.6% fewer than
that in FPGA. Nevertheless, the same area of L-Si can map
larger applications than L-Si as discussed in Section 5.2-5.4.
6 RelatedWorks
6.1 RRAM-based FPGA
Extensive research efforts have been devoted to investigate
novel FPGA architectures based on non-volatile memory
technologies [18][34][40][56][22][23]. In these works, non-
volatilememory cells (e.g. RRAMs) are used as a direct drop-in
replacement to either 1) the SRAM cells in CLBs; 2) the pro-
grammable switch circuits (CBs and SBs) comprising pass
gates and the SRAM-based configurationmemory in the rout-
ing fabric; or 3) the SRAMcells in BRAMs. Benefiting from the
dense cell and non-volatility, these implementations reduce
the chip area and power consumptionwithout changing the
basic architecture of FPGAs. Compared with these works, L-
Si presents a fundamentally new architecture tailored to the
RRAM technology that fully exploits the great potentials of
the RRAM technology and the ultra-dense crossbar structure.
A comprehensive comparison between RRAM-based FPGA
and L-Si has already been discussed in Section 5.
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6.2 Multi-context FPGA
Multi-context FPGAarchitectures [26][11][88] have beenpro-
posed by the research community but have not yet gained a
market foothold. The reason for this is that these architectures
typically incur a large area overhead, thereby reducing the
available reconfigurable hardware resources for computation.
Several circuit/architecture techniques have been proposed
to reduce the area overhead but either at the cost of reduced
routability [6] or increased fabrication cost [47]. Several re-
centworks proposed to reduce the area overhead by replacing
large SRAM cells with denser RRAM cells [40][84][83][52].
However, similar to other RRAM-based FPGAs in Section
6.1, the benefit was only from technology advancement, in
contrast to L-Si, which exploits the merits of both technology
and architecture (i.e., better hardware reuse and sharing).
Despite the cost barriers to adopt multi-context FPGA in

practice, there has been a rich literature of developing recon-
figurationmanagement techniqueswhich can take advantage
of the fast context switching capability of multi-context FP-
GAs to minimize the reconfiguration overhead. These tech-
niques include configuration scheduling [71][77][63], con-
figuration prefetching [62][76] and configuration caching
[55][82]. Note that, these techniques, though developed for
multi-context FPGAs, can be equally applicable and beneficial
to our multi-context L-Si architecture.

6.3 Neural Networks Accelerators
CMOS-based designs. A number of domain-specific neural
network (NN) accelerators have been proposed recently. Di-
anNao series [16][17][58][29] combine fine-grained parallel
processing with distributed on-chip memory to accelerate
neural network applications. However, the performance of
these accelerators is boundedbyon-chipmemory.A fewother
NN accelerators have been developed to address this bottle-
neck through several innovations. SC-DCNN [75] applies
stochastic computing, and replaces a multiplier with a simple
AND gate to save chip area. EIE [39] investigates the spar-
sity of weights to save on-chip memory usage and performs
sparse-matrix multiplication on compressed NNs. Minerva
[74] proposes an algorithm/architecture co-design approach
to reduce storage requirements and compute complexity by
tuning the rangeandprecisionof eachdata signal andpruning
neuronswhose results are close to zero. It also exploits aggres-
sive voltage scaling for SRAM to reduce power. Eyeriss [19]
applies a novel dataflow (row-stationary) to maximize data
reuse and minimize data movement. Finally, Neurocube [48]
utilizes 3D stacking memory to increase the on-chip memory
capacity/bandwidth. Compared with L-Si, these accelerators
are domain-specific and do not provide flexibility to accelerate
diverse applications beyond neural networks, nor do they exploit
the potentials of the RRAM technology.
RRAM-baseddesigns. Several interestingRRAM-basedNN
accelerators have been proposed recently [20][79][7][81] and
demonstrate great promise in improving performance and
energy efficiency. However, they are domain-specific acceler-
ators, targeting neural network applications, whereas L-Si is
a general-purpose architecture and can run any application.

In addition, L-Si is much less complex by design, as it maxi-
mally reuses a crossbar to implement various functions (logic,
memory, search and routing). In contrast, RRAM-based NN
accelerators use a crossbar to only implement the dot-product
operation, and require adding ALUs and control logic out-
side the memory array to implement other functions. They
also need complex mixed-signal circuits e.g. A/D and D/A to
support the dot-product operation which increases design
complexity and area overhead (∼60% in PRIME [20]).
Finally, the comparison among GPU, TrueNorth [31] and

L-Si has already been discussed in Section 5.4.
6.4 Other Architectures
Automata processor [28] is another interesting architecture
that leverages the memory array to accelerate pattern match-
ing (e.g. regular expression search). It requires ALUs added to
thememory array to facilitate thematch operation and thus is
a processing near (not inside) memory architecture. Addition-
ally, L-Si inherently differs fromACDIMM [37], RRAM-based
TCAM [106] and associative processor [100] since it is a data-
flow architecture, while the others are based on SIMD. Finally,
L-Si is also fundamentally different from the coarse-grained
reconfigurable architecture (CGRA)which usesALUs as basic
building blocks to trade off gate-level reconfigurability for
efficiency. CGRA, largely shares the same limitations as FPGA
in providing configuration support for on-chip memory and
light-weight computation (TCAM) [86].
7 Conclusion
This paper proposes a reconfigurable memory-oriented com-
puting fabric (L-Si) enabled by RRAM technology and its
ultra-dense crossbar structure. L-Si effectively addresses the
limitations of state-of-the-art FPGAs by introducing a new
building block and a new architectural organization. Our eval-
uation confirms its effectiveness in accelerating emerging
search-/data-intensive applications and lowering the cost
barrier of adding multi-context support in reconfigurable ar-
chitecture to assist virtualization, comparedwithoff-the-shelf
FPGAs. With technology scaling of RRAM, we expect L-Si
to gain more benefits as tile design can be simplified due to
reduced write delay and voltage in scaled RRAM.
In general, we believe L-Si is a promising complement to

existing reconfigurable architectures (FPGA, CGRA, etc.) and
effectively extends the concept of reconfigurable comput-
ing from computation towards the memory domain. It can
potentially open up rich research opportunities in driving
newmemory-oriented reconfigurable architectures, program-
ming model/compiler tools, developing new search-/data-
intensive applications which traditionally were not consid-
ered to be amenable to FPGA-like accelerations, and devel-
oping new virtualization techniques and performing compre-
hensive system evaluations. Future works on these topics are
planned.
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