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Abstract—Memory-based computing stores pre-computed
function results in memory to be read at runtime. FPGAs group
together multiple block memories (BRAMs) to form this memory,
all accessed as a single monolithic device. We introduce a novel
ring-based architecture to leverage parallel accesses to these
constituent BRAMs, benefiting low latency applications that rely
on: highly-complex functions; numerical precision via iterative
computation; or many parallel data-paths accessing a shared
memory resource. The implemented function’s performance is
independent of its complexity, enabling significant latency reduc-
tions for compute-bound operations. We assess common functions
(sqrt, power, trigonometric, hyperbolic functions) on the Xilinx
Alveo U280 FPGA. Our function-agnostic memory-compute core
can serve 1024 parallel function calls at 300MHz and reduce
latency 4.4-29x versus traditional FPGA implementations.

Index Terms—memory, parallelism, low latency, memory-
based computing

I. INTRODUCTION

Latency is often traded-off for data precision in iterative
operations—such as CORDIC-based implementations [1]—or
traded for throughput by increasing the number of pipeline
stages to allow for higher operating frequencies [2]. Applica-
tions that depend on low latencies are then at a disadvantage
if they employ operations that are typically improved by these
methods, or require higher degrees of numerical precision that
can only come from latency-costly computation.

Such latency-dependent designs play a key role in real-
time applications, like tele-operations and automation, as well
as all manner of consumer and business applications, from
robotics to high frequency trading. These functions may be:
formed of a chain of multiple, elementary operations; involve
floating point, multi-cycle, or other computationally expensive
operations; or be a bespoke, user-defined function to which no
standard approximation will apply. For brevity, we term these
simply as “complex functions”, and quantify them further
during our implementation.

Traditional function evaluation and approximation, such as
distributed arithmetic [3], polynomial evaluation [4], or table-
based methods [5] can offer latency improvements, but pre-
computing function values and storing them in low latency
FPGA block memories (BRAMs) is the least latency approach.
While costly in terms of resources, it can be applied to any
deterministic function, and requires just 1 cycle to return the
result of any given function input.

This can suffer when: 1) scaled to larger numbers of
BRAMs; 2) we require higher degrees of data-path parallelism;
or 3) there are limited options for parallel memory access. The
unbalanced nature of available memory ports not matching the
required number of parallel accesses also becomes an issue.

Within an FPGA, a large memory is formed by grouping
together Ngyr smaller sub-memory units, which is then ac-
cessed as a single, monolithic structure. Independent access
to the constituent BRAMs is no longer possible. Storing pre-
computed values in look-up tables is not new, but little work
has been done to leverage parallel accesses to the underlying
BRAMs to benefit low latency designs.

This paper introduces a novel approach for highly parallel
function evaluation by exploiting the parallelism of FPGA
BRAMs. Our memory-compute core serves multiple, parallel
calls to its implemented function by independently accessing
the BRAMs that are traditionally accessed as one, single unit.

Our architecture’s resources and access times scale linearly
to both higher degrees of parallelism, i.e., more calls to the
implemented function, and the number of BRAMs accessed in
parallel. The interconnection scheme requires little logic and
routing, automatically arbitrating parallel accesses between the
multiple function calls and BRAMS. Our approach decouples
latency from the complexity of the implemented function,
allowing for higher clock speeds and improved throughput.

In summary, the main contributions of our work are:

« anovel, minimally routed and interconnected architecture
that independently accesses the multiple BRAMS that col-
lectively serve as a function look-up table, and scales to
larger numbers of BRAMs without the resource, routing
and latency costs seen by traditional approaches;

o a ring-based topology facilitating multiple, parallel calls
to the implemented function, decoupled from the number
of underlying BRAMs and available memory ports;

« the implementation and evaluation of square root, Gaus-
sian, trigonometric and hyperbolic functions on a Xilinx
Alveo U280, showing enhanced performance, scalability
and resource utilisation over existing FPGA designs.

II. TARGETING LOW LATENCY APPLICATIONS

Latency reduction via multi-bank memory accesses are more
commonly explored for High Bandwidth Memory (HBM) and
DDR memory. Both experience prohibitively long latencies,
so we instead must focus on parallel BRAM accesses. Shuhai
[6] finds HBM access to take 48+ cycles (106.7ns) and DDR4
22+ cycles (73.3ns) on the Alveo U280, both of which are
non-deterministic due to possible bank conflicts and additional
cycles needed for data refreshing, column/row switching, etc.

Assuming a 1 cycle read latency for BRAMs, D data-paths
accessing a single memory unit would normally require D
cycles to serve all of the data-paths. However, by indepen-
dently interrogating each of the constituent Ngy BRAMSs



TABLE I: Comparison of Memory Interconnects (N = Ngyp)
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Interconnect Links Best Worst Logic
Point-to-Point O(N?) 1 O(N) Yes
Crossbar O(N?) 1 O(N) Yes
Multi-Stage O(NlogN) O(logN) O(logN) No Mem 0 Mem 1
Carousel (this work) O(N) 1 O(N) No

in parallel—each holding ﬁth of the possible function
results—it now takes D cycles in the worst case, and | NL;\J
in the best. When the number of BRAMs is larger than the
incoming number of data paths, it is even possible—with ideal
data alignment—to serve all D data-paths in a single cycle.

Implementing arbitrary operations in memory reduces their
latency to a single cycle. Combining the parallel needs of
multiple incoming data-paths with the parallel accesses of
many sub-memories presents opportunities to improve the
performance of low latency designs.

To benefit from this, designs require one or more of the
following: 1) complex, multi-cycle functions; 2) high levels
of data precision, but lacking the latency budget for iterative
solutions; 3) high levels of parallelism, either for processing
multiple, independent operations—Ilike multi sensor robotics
or monitoring systems [7] [8]—or a single operation com-
prising many parallel computations, like neural network infer-
ence’s [9] non-linear activation functions.

ITII. MEMORY CONFIGURATION AND ROUTING

A. Converting Functions to Memory Look-ups

A function is implemented in memory by pre-computing
all possible outputs then storing them in FPGA memory. The
concatenated function inputs serve as the address to read the
result out of memory at runtime. Using 8-bit numbers of any
format, a single input function such as \/z requires 28 = 256
results to be stored in memory, while a two-input function, like
addition, would require 2(8+8) = 65536 results to be stored.

Adapting a function with input width W;,, output width
Wop, and implemented using FPGA sub-memories of size Sgm
bits, the number of sub-memories Ngy; required to store this
function is given by:

Nsm = [ (D

Ssm

For example, a Xilinx BRAM holds 18k-bits—simplified as
214 for this example—so a function with two 8-bit inputs and
a 16-bit output needs: Ngy = [%

Additionally, as computation is now simply a memory look-
up, we can support arbitrary data formats and precision. Float-
ing point operations can return faithfully rounded results [10],
responses to invalid inputs—such as NaNs and infinities—
can be hard-coded, and discontinuous functions represented
without additional control or comparison logic.

2Wir x Wop—‘

] = 64 sub-memories.

B. Sub Memory Interconnect

To minimise latency when accessing Ngyt sub-memories,
we build upon a uni-directional ring topology that we call a
carousel architecture. Table I compares the most commonly
used interconnects. Best case latencies occur when all D
incoming reads are served immediately and independently by
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Fig. 1: Examples of carousel architecture configurations

the N = Ngy sub-memories, while the worst occur when all
D memory reads target the same sub-memory.

Our ring-based, carousel topology matches the best and
worst case latencies of point-to-point and crossbar networks,
but without the prohibitive scaling and routing requirements, or
additional area needs. Multi-stage interconnects—e.g., Omega,
Benes, butterfly networks, etc—can have lower latencies [11],
but these never fall below O(logN), even in the ideal case
where incoming reads and sub-memories are perfectly aligned.

These interconnect latencies occur both when addressing
memory and returning the result. As latency scales with the
number of sub-memories, not the number of parallel data-
paths, this added, minimum level of latency can be significant
in practice. This is the primary motivation for not basing our
architecture on traditional multi-stage interconnects.

IV. CAROUSEL ARCHITECTURE

Our proposed carousel architecture connects every parallel
data-path, i.e., each call to the implemented function, to a
set of sub-memories in one cycle then a different set of sub-
memories in the next cycle. Data are rotated from one data-
path to the next using two circular shift registers, one at the
input and one at the output (Fig. 1).

We term this a carousel architecture, as memory and logic
connections are fixed to specific input and output registers, and
the data themselves rotate around them. This enables concur-
rent lookup in all sub-memories, maximizing parallelism while
reducing latency. There is no fan-in, fan-out, or arbitration
logic, and only a small amount of control logic for the two
circular shift registers. This significantly reduces the logic and
routing overhead traditionally seen when controlling parallel
accesses to a shared resource.

With this uni-directional ring topology we provide addi-
tional “capacity” for parallelism. Additional sub-memories can
be added and more data-paths can be served using fewer
resources compared to the traditional approach of simply
duplicating cores or compute modules to increase parallelism.

Fig. 1 gives example carousel architecture configurations,
with D = 4 parallel data-paths sharing a memory-compute
unit. Function calls not initially served by sub-memories, such
as Fn Call 2 and Fn Call 3 in Fig. 1a, are rotated past these
memories in future cycles. Where sub-memories outnumber
calls, like Fig. 1b, multiple sub-memories serve each call. The
maximum latency is then bounded by the number of data-paths
D, rather than the number of sub-memories. In the extreme
case, all sub-memories can be connected to a single data-path.
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Fig. 2: An example of a carousel architecture processing four 8-bit inputs

An example memory-compute unit is given in Fig. 2, with
Ngn = 4 sub-memories, and processing D = 4, 8-bit function
calls. Each sub-memory holds the full result for one quarter of
the possible inputs. Each cycle the sub-memories interrogate
the data in their connected register. In cycle 0, the data in
register R2 targets that sub-memory (shown with a green tick)
so the corresponding result is read out on the next cycle. Each
cycle the function call data are shifted one place to the right,
so all data can ultimately be presented to each sub-memory.

Cycles 1 and 2 respectively show multiple function calls,
or none, can be served each cycle. The memory-compute unit
outputs the final result to the requesting data-path as soon
as it is available. When all function calls have been fulfilled,
requiring a maximum of D = 4 cycles in this example, a new
batch of D inputs are loaded into the carousel. This simplifies
input routing, allows results to be output as soon as possible,
and ensures the input pipelines remain synchronised. With
careful pre-alignment of function call data with sub-memories,
it is possible to serve Ng); = 4 function calls in a single cycle.

A. Latency

Having addressed the issues of increased signal routing and
control logic brought about by increasing parallelism from
both the number of data-paths and the BRAMs, we are left
with determining the latency cost of such an architecture. For
traditional, pipelined architectures accessing a shared resource,
the latency to process D data-paths is:

Lppe = D + Ngr )

where Ngt is the number of pipeline stages. Long pipelines
allow higher frequency designs and improve throughput, but
can be detrimental to designs that: require low latencies; access
a shared resource; or deal with non-streaming, irregular data.

With our carousel architecture, the worst-case latency is D
cycles for D function calls. As we can serve multiple calls at
once, the lower-bound latency for any degree of parallelism
approaches the 1 cycle sub-memory access.

Ordering parallel function calls to align, or be more likely to
align, with their targeted sub-memories means their results are
present in the first sub-memories we check. To reduce latency,
future work will explore reordering incoming function calls by
analysing their distribution and access patterns.

Finally, the memory architecture itself plays a key role in
improving latency and resource utilisation. Additional read
ports for each sub-memory effectively increase the number of
sub-memories. That the contents of this memory are already
present in our architecture does not result in redundant ac-
cesses. When interrogating each sub-memory in turn, our step-
size when moving data from one sub-memory to the next is
then just equal to the number of available read ports, P. Thus,
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the worst-case latency for our architecture when processing D
parallel calls to a function is found to be:

3)

The additional 2 cycles of latency are a result of architectural
overhead (not present in the Fig. 2 example), and become an
increasingly negligible factor at higher levels of parallelism.

D
LnveMm = [P—‘ +2

V. IMPLEMENTATION & RESULTS

We use the required function features identified in Section
II—complexity, data precision, and/or parallelism—to assess
our memory-based computation architecture by implementing
a range of design configurations on the Xilinx Alveo U280
accelerator card. All designs operate at 300MHz, and are built
using the Xilinx Vitis and Vivado 2019.2 design tools.

While we validate our design using Xilinx BRAMs, it is also
applicable to Intel M10K and M20K [12] block memories, and
extendable to any uniform-latency memory.

A. Resource Scaling, Parallelism and Data Precision

Fig. 3 plots resource use versus data width, and shows an
inflection point at 12-bit inputs. Below this we use only a
single BRAM to store function values, so cannot leverage our
carousel architecture’s parallel accesses. Functions with data
widths less than this will see little or no resource reduction
with our approach. 16-bit input and output functions do not
require significantly more resources than 12-bit, and as a
commonly used data width is the more practical choice.

Given the data width budget, the use of univariate functions
is recommended to maximise data precision per function
argument. Multivariate functions are supported as long as total
data width is below our target limit, e.g., one 16-bit input is
equivalent to two 8-bit inputs. In addition, as computation is
simply a memory look-up, we are able to support arbitrary

TABLE II: Carousel Arch. Resources for any 16-bit Function
Data-paths
2 4 8 16 32 64 128 256 512 1024

LUTs 889 1152 1450 2072 3412 7231 11000 20506 38398 75080

Registers 2419 2749 3020 3639 4170 7296 11898 20279 37246 70487

ISKBRAMs | 64 64 64 64 64 64 64 64 64 64

LUTs = 72.3264D + 1321.0198 P < 0.001
REGs = 66.6371D + 2686.3473 P < 0.001



TABLE III: Our Approach vs. Common FPGA Functions in Past Works

Comp. Width Per Function Call Latency
Intensity (bits) Memory Platform Process Speed up
LUTs DSPs (kbits) Cycles Latency
sqrt CORDIC [13] 4.0 16 247 0 0 16@330MHz 48.48ns Virtex-US+ 16nm 29.0x
sin, cos CORDIC [14] 35 16 697 0 0 14@421MHz 3332ns  Cyclone IT 2C70 90nm 20.0x
CORDIC [13] 5.0 16 995 0 0 20@720MHz 27.78ns Virtex-US+ T6nm 16.6x
FloPoCo [15] 1.0 16 297 5 0 4@298MHz 13.42ns Virtex-5 65nm 8.0x
CORDIC [15] 1.0 16 713 2 0 4@238MHz 16.81ns Virtex-3 65nm 10.1x
CORDIC [15] 3.3 16 719 2 0 13@368MHz 35.33ns Virtex-5 65nm 21.2x
sinh, cosh CORDIC [13] 5.0 16 1143 0 0 20@720MHz 27.78ns Virtex-US+ 16nm 16.6x
tanh Fn. Approximation [16] 1.5 13 137 0 - 5@436MHz 11.47ns Virtex-4 90nm 6.9x
DCT Interpolation [17] 0.5 16 129 0 1250 2@264MHz 7.60ns Virtex-7 28nm 4.6x
CORDIC [13] 5.3 16 550 0 0 21@720MHz 29.17ns Virtex-US+ 16nm 17.5x
atan2 Taylor [18] 1.3 16 329 6 72 5@220MHz 22.73ns Virtex-6 40nm 13.6x
Taylor [18] 1.3 16 331 6 72 1@I135MHz 7.41ns Virtex-6 40nm 4.4x
CORDIC [18] 2.0 16 796 0 0 8@389MHz 20.57ns Virtex-6 40nm 12.3x
CORDIC [18] 2.0 16 816 0 0 2@191MHz 10.47ns Virtex-6 40nm 6.3x
Gaussian FloPoCo [19] 2.8 16 770 0 32 11@300MHz 36.67ns Virtex-US+ 16nm 22.0x
any function  This Work 0.25 16 81 0 1152 0.5@300MHz 1.67ns Virtex-US+ 16nm

data formats and precision. INT8—for 2-input functions—and
16-bit are common formats in GPU processing and machine
learning [20] [21], and Gupta [9] finds 16-bits sufficient for
training some deep neural networks.

As the most practical choice, we now focus on 16-bit
designs. When moving from supporting 2 to 1024 parallel
function calls, Table II shows the required LUTs increase from
889 to 75080. A 512x increase in parallelism uses only 85x the
look-up tables, while the number of required 18K BRAMs re-
mains constant. The higher the degree of required parallelism,
the more resource efficient our implementation becomes while
still maintaining a 300MHz operating frequency.

B. Latency Reduction of Complex Functions

Following a generalised roofline model for FPGAs [22],
we determine complexity using computational intensity, i.e.,
the number of operations per byte: the more operations a
function performs on each datum, the more cycles it is likely
to require. Our architecture offers a uniform computational
intensity of 0.25 ops/byte for any 16-bit function, doubling
to 0.5 ops/byte for 8-bit functions. This sets the minimum
boundary for performance improvement.

Our approach is function agnostic, but simple functions like
integer arithmetic (0.17 ops/byte) or more “fundamental” op-
erations supported by DSPs—Ilike multiply-accumulate (0.33
ops/byte)—see little benefit from memory-based computing in
general. We instead target functions with higher computational
intensity, such as sqrt, sinh, cosh, tanh, or any user-defined,
multi-cycle function. These will see their computational inten-
sity reduced, and latency lowered to just 1 cycle.

Table III compares past works to a parallel, 16-bit imple-
mentation of our memory-compute architecture on the Xilinx
Alveo U280. Assessed against interpolation [17], approxima-
tion [16], CORDIC [14] [15] [18] and FloPoCo [15] [18] [19],
we see that it is difficult for other function implementations
to match the 1-cycle latency of memory look-ups.

The improvements with our approach do not come just
from the inherent benefit of memory. A lowered computational
intensity makes functions more sensitive to /O bandwidth
limitations, so our choice of a simplified carousel intercon-
nect, described in Section III-B, ensures we maintain a high
300MHz operating frequency up to 1024 parallel data-paths.

This is the key benefit to our approach: a single cycle latency
and a high, sustained 300MHz operating frequency at higher
degrees of parallelism for any 16-bit function. Additionally, by
using 2 read ports per BRAM we are able to lower our average
latency further, to just 0.5 cycles per function call (Eqn. 3).
We achieve up to 29x latency reduction, as well as a 37-92%
reduction in LUTs per function call using our architecture. The
linear regression results from Table II show this continues to
scale favourably to higher degrees of parallelism. Memory use
can also be improved. Abdelsalam et al. [17] uses 1250-kbits
of memory to store approximations for a single tanh function,
while we use 1152-kbits to support the entire function. Their
memory use can be reduced at the cost of data precision.

VI. CONCLUSION AND FUTURE WORK

We present a novel approach for highly parallel function
evaluation of computationally-intensive, low latency designs.
Using pre-computed values and memory-based look-ups, we
use a new, ring-based topology to provide independent ac-
cess to the individual BRAMs that are traditionally grouped
together and accessed as a single, monolithic memory unit.

Our interconnect requires little logic and routing, scaling
linearly with both higher degrees of parallelism, i.e., more
calls to the implemented function, and the number of BRAMs
accessed in parallel. When assessed against square root, Gaus-
sian, trigonometric and hyperbolic functions, we see a 37-92%
reduction in LUTs per parallel function call on the Xilinx
Alveo U280, and a 4.4x to 29x latency speed up.

For any 16-bit function, a single memory-compute core
can serve 1024 parallel calls to its implemented function at
300MHz, averaging 0.5 cycles per function call.

Future work will focus on further lowering latency based on
the data distribution and memory access patterns of function
calls. Power consumption will be examined to better quantify
our benefits versus dedicated cores and co-processors. We will
extend our FPGA architecture to more favourably support 18-
bit functions, aligning us with a DSP block’s lower data width
operations. This will make it easier to transition existing de-
signs to our architecture, and lower the level of computational
complexity required to benefit from our approach.
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