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ABSTRACT
FPGAs rely on massive datapath parallelism to accelerate applica-
tions even with a low clock frequency. However, applications such
as sparse linear algebra and graph analytics have their throughput
limited by irregular accesses to external memory for which typical
caches provides little benefit because of very frequent misses. Non-
blocking caches are widely used on CPUs to reduce the negative
impact of misses and thus increase performance of applications
with low cache hit rate; however, they rely on associative lookup for
handling multiple outstanding misses, which limits their scalability,
especially on FPGAs. This results in frequent stalls whenever the
application has a very low hit rate. In this paper, we show that by
handling thousands of outstanding misses without stalling we can
achieve a massive increase of memory-level parallelism, which can
significantly speed up irregular memory-bound latency-insensitive
applications. By storing miss information in cuckoo hash tables in
block RAM instead of associative memory, we show how a non-
blocking cache can be modified to support up to three orders of
magnitude more misses. The resulting miss-optimized architecture
provides new Pareto-optimal and even Pareto-dominant design
points in the area-delay space for twelve large sparse matrix-vector
multiplication benchmarks, providing up to 25% speedup with 24×
area reduction or to 2× speedup with similar area compared to
traditional hit-optimized architectures.
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1 INTRODUCTION
FPGAs can accelerate compute-intensive applications by imple-
menting massively parallel datapaths. FPGAs also provide spatially
distributed SRAM memories with low latency and large aggregate
bandwidth, which can store small datasets or implement custom
memory hierarchies backing the external DRAM. However, impor-
tant application classes such as sparse linear algebra and graph

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
FPGA ’19, February 24–26, 2019, Seaside, CA, USA
© 2019 Association for Computing Machinery.
ACM ISBN 978-1-4503-6137-8/19/02. . . $15.00
https://doi.org/10.1145/3289602.3293901

analytics are embarrassingly parallel and yet their memory access
pattern is such that, with caches that can be realistically imple-
mented on FPGA, most of the accesses are cache misses. In this
paper, we will radically rethink the balancing between cache and
miss handling logic to optimize the throughput of read operations
when a large fraction of cache misses is inevitable. We introduce
a generic approach, orthogonal to application-specific optimiza-
tions, that can provide significant speedup with little design effort.
Thanks to its generality, it might be particularly valuable for solu-
tions generated by high-level synthesis tools.

1.1 The Curse of Sparse Narrow Data
Custom memory hierarchy design and automatic generation usu-
ally rely on access patterns that have temporal and spatial local-
ity (caches), are regular (scratchpads) or are at least known at
compile-time (memory banking and address scrambling) [1, 4, 12,
30]. When access patterns have poor locality and are irregular and
data-dependent, one can at best maximize memory-level parallelism
(MLP) by emitting enough outstanding memory operations to fully
exploit the DRAM latency; however, the throughput of the memory
system is still limited to one operation per cycle per DRAM channel,
at most. This imposes severe limitations on the amount of datapath
parallelism that is worth implementing, limiting the advantage of
using an FPGA.

The effective bandwidth gets even more limited if the operands
are narrow, such as in sparse linear algebra and graph applications,
which often involve irregular accesses to 32- or 64-bit scalars. This
relates to the architecture of DRAM memory controllers on FPGA,
which expose the memory through wide data interfaces in order
to give access to the full DRAM bandwidth despite the slow FPGA
clock. For example, exploiting the full 12.8 GB/s DDR3 bandwidth
at 200 MHz requires transferring 512 bits per cycle. In this case,
an accelerator that operates on 64-bit inputs could at best exploit
one eighth of the peak DDR3 bandwidth, and most of the 512 bits
returned by the DRAM controller would be discarded. Multiple
accelerators whose requests are mutually uncorrelated can only
be served by time-multiplexing the memory channel, canceling
out any benefits due to parallelization. The only way to improve
bandwidth utilization, and thus performance, would be to use larger
portions of each block returned from memory.

1.2 Misses Are a Fact of Life
Figure 1 shows the histogram of the number of reuses of 512-bit
blocks for an application with poor locality—accesses to the dense
vector of 32-bit integers during sparse matrix-vector multiplication
(SpMV) with the CSR-encoded pds-80 matrix from SuiteSparse
[8]—and if the same number of read operations were performed
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Figure 1: Spatial locality. The histogram shows the reuse
count for each 512-bit block of data, for SpMV of pds-80
and for the same number of read operations scanning se-
quentially the same memory space. Despite showing very
different cache hit rates, both memory traces have similar
amounts of data reuse across the entire application execu-
tion.
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Figure 2: Temporal locality. The graph shows the fraction
of 512-bit block references that have stack distance ≤ x , for
SpMV of pds-80 and a sequential memory trace. A large frac-
tion of the reuses that occur in pds-80 are interleaved with
references to many different blocks. Blocks can be stored
in a cache hoping for future reuse; however, because large
stack distances are common, cache lines are likely to be
evicted before the next reuse, unless a large cache is used.

sequentially over the same address span. Both access patterns offer
very similar opportunities for reuse; however, while the sequential
access pattern achieves a 15

16 = 94% hit rate on any cache with 512-bit
cache lines, the hit rate of SpMV on a 128 kB direct-mapped blocking
cache is only 57%. In fact, in a cache, eviction limits the time window
where data reuse could occur. For the same two applications, Figure
2 shows the cumulative frequency of stack distances, i.e., the number
of different 512-bit blocks that have been referenced between two
consecutive references to the same blocks [6]. For example, for the
memory trace: {746, 1947, 293, 5130, 293, 746}, the stack distances
for the last access to blocks 293 and 746 are 1 and 3 respectively.
While the stack distance of the sequential pattern is always zero,
the SpMV cumulative histogram grows very slowly, meaning that a
large fraction of reuses have large stack distance. With an ideal fully
associative cache with N lines and LRU replacement, reaccessing a
cache line with stack distances larger than N will always be a miss;

on a realistic cache, even reuses with stack distance lower than N
could be misses.

1.3 More MSHRs or More Cache?
The previous example showed that even applications with poor
temporal locality may still have some spatial locality, which caches
struggle to harness due to large stack distances between reuses.
Even worst, a blocking cache actually hampers performance if the
hit rate is too low to compensate for the stall cycles due to the
misses. Non-blocking caches reduce stall penalties by handling one
or more misses without stalling. On the first miss of a cache line
(a primary miss), the address of the cache line is sent to memory
and stored in a miss status holding register (MSHR); the offset of
the requested word within the cache line, together with the request
source/tag, is stored in a subentry for that MSHR. Subsequent misses
to the same cache line (secondary misses), only require the alloca-
tion of a subentry on the same MSHR with no additional memory
requests. When the missing cache line is received, it is both stored
in the cache and used to serve all of its pending misses [10]. In
practice, the time window where a cache line could be reused now
includes the time between the first miss and the arrival of the data.
For the purpose of widening the reuse window, adding an MSHR
with its subentries is equivalent to adding one cache line to a fully
associative cache; however, storing the miss metadata may require
less bits than storing the entire cache line if the number of reuses is
small. Moreover, each request to memory serves multiple requests
from the accelerators, effectively increasing bandwidth utilization
and pushing maximum MLP beyond the DRAM latency as long as
there are available MSHRs and subentries [23]. Furthermore, unlike
caches, MSHRs can serve primary misses without stalling the entire
system, which is crucial for throughput maximization.

1.4 Exploring MSHR-Rich Caches
Non-blocking caches are extensively used in processors; however,
to minimize latency, MSHRs are usually searched associatively,
which limits their number to a few tens. In practice, on realistic
CPUs, there is often little benefit in dramatically increasing the
number of MSHRs beyond this limit [21, 25]. On FPGAs, associative
searches are even less scalable than in ASICs; yet, massively parallel,
high throughput FPGA accelerators that emit a vast number of
outstanding reads to hide memory latency [7, 22] could potentially
benefit from an MSHR-rich architecture even more than a general-
purpose processor.

In this paper, we propose a novel miss handling architecture
(MHA) optimized for bandwidth-bound FPGA accelerators that per-
form irregular accesses to external memory. By using the abundant
on-chip RAM, we show how we can efficiently implement and ac-
cess thousands of MSHRs and sub-entries on FPGA. Without loss of
generality, we evaluate our MHA on a simple parallel SpMV accel-
erator operating on a set of SuiteSparse matrices [8], which we use
as representative of latency-tolerant and bandwidth-bound applica-
tions with various degrees of locality. Our architecture extends the
space of possible custom memory hierarchies on FPGA, providing
additional Pareto-optimal and even Pareto-dominant points in the
area-performance space compared to only using blocking caches or
non-blocking caches with associative MSHR lookup. Furthermore,
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Figure 3: Structure of a non-blocking cache. On a hit (steps
[h1]-[h3]), it behaves just like any cache. On a miss (steps
[mi] to [m6]), the miss address and data is stored in an
MSHR [m2]. If it is the first miss to a particular cache line,
a memory request is sent [m3]. When the data returns from
memory [m4], it is stored in the cache and used to respond
to all the pending misses to this cache line [m5], [m6].

we will show that the benefit of repurposing some FPGA memory
from cache to MSHRs increases as the memory access pattern gets
irregular.

2 BACKGROUND
2.1 Non-Blocking Caches
Figure 3 shows the organization of a typical non-blocking cache. A
non-blocking cache contains a miss handling architecture (MHA),
based on an array of miss status holding registers (MSHRs), which
keeps track of the in-flight misses. Each MSHR refers to one missing
cache line and contains a valid bit, the tag of the cache line and
one or more subentries to handle multiple misses to the same cache
line.

2.2 FPGA On-Chip Memory
Modern FPGAs have at least three types of on-chip memory: flip
flops, LUTRAM, and block RAM. Each bit of flip flop-based memory
is exposed to the FPGA fabric, providing the highest flexibility
in terms of number, type, and width of memory ports and the
largest bandwidth. However, flip flop bits are the least abundant
and some LUTs must be consumed to implement their access logic.
LUTRAMs use LUTs to realize single-, dual-, or quad-port memories
with medium depth (32-64 entries). However, they compete with
combinational logic for LUTs. Block RAMs are dedicated memory
resources implemented as hard logic. They provide the highest
memory density and do not require any soft logic; however, they
generally provide only two ports and are optimized for narrow and
deep memory arrays (at least 512 entries). Therefore, the challenge
is to use block RAM as much as possible, followed by LUTRAM
and flip flops.

3 KEY IDEAS
3.1 Scalable MSHR Lookup and Storage
For each additionalMSHR, thememory system can handle onemore
primary miss without stalling; similarly, each additional subentry
allows servicing an extra secondary miss with no additional traffic

to the external memory. Each MSHR has modest storage require-
ments: ~20-30 bits for the cache line tag and its valid bit, plus ~10-20
bits for offset and request ID for each of the ~4-8 subentries. This is
significantly smaller than a 512-bit cache line with its tag. Therefore,
within a given on-chip memory budget, bandwidth-bound appli-
cations with irregular memory access patterns could benefit more
from an increase of the number of MSHRs or subentries, which
increase MLP, rather than from an expansion of the cache. In prac-
tice, however, scaling up the fully associative MSHR array (Figure
4a) also requires additional comparators and a wider multiplexer,
which increase area and hurt the critical path. Moreover, on FPGA,
associative MSHRs can only be mapped to flip flops, whereas an
n-way set associative cache can be implemented with n block RAM
modules.

A set-associative MSHR memory (Figure 4b), indexed by the
lowest significant bits of the tag, can be easily mapped to block
RAM and, as long as there are no collisions, lookups, insertions, and
deletions can be performed in a single step. Stalling is the simplest
collision handling mechanism; however, we will show in Section
6.3 that this strongly limits the maximum load factor. Using linear
probing would result in expected constant time lookup, insertion,
and deletion and, whenever any operation cannot be completed in
a single step, incoming misses must be stalled.

To overcome these limitations, we propose to store MSHRs using
cuckoo hashing (Figure 4c). Cuckoo hashing uses d hash tables and
d hash functions h0, . . . ,hd−1; each key x can be stored in any hash
table in bucket Hi [hi (x)]. Lookups and deletions require worst case
constant time: both involve one lookup per hash table, plus one
update for deletions. For insertions, key x can be inserted in any
hash table whose bucket hi (x) is empty. If all possible locations
Hi [hi (x)] are occupied, a collision occurs: the new key x displaces
an existing entry to one of its alternative locations. If all possible
buckets of the displaced entry are also occupied, the process is
repeated recursively until an entry can be inserted into an empty
bucket. This means that insertions can still require more than one
operation, during which no other misses can be handled. Expected
amortized insertion time is constant as long as the load factor is
bounded; the bound is 50% for d = 2 and grows very quickly with d
[11]. To de-amortize insertion, Kirsch et al. proposed to temporarily
store displaced entries in a small content-searchable queue (stash)
[18] (Figure 4d). As soon as the input interface is idle, the MHA tries
to insert the oldest entry from the stash; if this results in a collision,
another entry from a different hash table is moved to the stash. By
doing so, entry reinsertion effectively happens in the background
without slowing down incoming requests; incoming allocations are
stalled only when the stash gets full.

3.2 Flexible Subentry Storage
For their explicitly addressed MSHR architecture, Farkas and Jouppi
propose to use a fixed number of subentry slots per MSHR (Fig-
ure 5a) and to stall the MHA whenever all slots of an MSHR are
used. However, waiting for the specific MSHR that is full to be
deallocated may take a long time, during which the MHA may miss
opportunities for merging requests to in-flight cache lines, which
is particularly bad in out context. Increasing the number of slots
per MSHR would reduce the probability of stall at the expense of
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Figure 5: Subentry organization in memory. Allocating a
fixed number of subentries to every MSHR (a) results in a
difficult tradeoff between a low maximum load factor and a
high probability of stall, especially if there is a large varia-
tion in the number of secondarymisses per cache line. Using
a separate buffer to store blocks of subentries organized as
linked lists (b) provides greater flexibility at a modest cost.

an increase in area or, in other words, a decrease in load factor due
to increased internal fragmentation. To mitigate these drawbacks,
we propose a hybrid approach (Figure 5b): we store subentries in a
separate buffer and we dynamically allocate blocks of subentries
to each MSHR. Specifically, the subentry buffer, mapped to block
RAM, contains NR subentry rows, each comprising ns slots. Each
MSHR is initially assigned one subentry row; whenever a row gets
full, an additional row is allocated for that MSHR. Subentry rows
are logically organized as a linked list: the head pointer is stored
in the MSHR buffer and each subentry row contains a field for
the pointer to the next row. We will evaluate the benefits of the
linked-list architecture in Section 6.4.

4 DETAILED ARCHITECTURE
Figure 6 shows the top-level view of our memory controller based
on an MSHR-rich MHA. To simplify the design and to maximize the
scope for memory access optimization, our controller can return re-
sponses out of order, which is not unusual among high performance
memory systems [14, 15]. Therefore, requests must be tagged with
an ID, which will be used to match it with the corresponding re-
sponse. Requests received from each of the Ni input channels are
redistributed across Nb banks by means of a crossbar. We use a
multi-banked structure in order to handle multiple requests and
responses per cycle. Requests pertaining to consecutive cache lines
are served by different banks, an interleaved scheme commonly
used in multi-banked caches. Each bank consists of a set-associative
cache, an MSHR buffer, and a subentry buffer. Data for requests
that hit in the cache are immediately returned to the crossbar, while
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Figure 6: Top-level view of our memory controller. A cross-
bar steers memory requests from Ni accelerators to Nb
banks according to their address. Each bank consists of a
cache, an MSHR buffer and a subentry buffer. An arbiter
time-multiplexes the input channel(s) of the external mem-
ory controller among banks.

misses are handled and stored by the MSHR and subentry buffer.
On a primary miss, we also generate a memory request; requests
from each bank are forwarded to a round-robin arbiter and then
to the external memory controller. Cache lines received from the
external memory controller are multicasted both to the cache and
to the subentry buffer, which generates the responses to the cache
line’s pending misses.

4.1 MSHR Buffer
For the MSHR buffer, we use one block RAM per hash table, with
the address of the cache line (tag) as key. We use universal hash
functions in the form ha (x) = (ax mod 2wt ) div 2wt−wM with wt
being the number of bits of the tag, wM = log2(M) where M is
the number of buckets per hash table, and a is a random positive
odd integer with a < 2wt [29]. Each bucket contains a valid bit, the
tag of the missing cache line, and the address of the first subentry
row in the subentry buffer as described in Section 3.2. The stash
is a content-associative memory made of flip-flops. To integrate
the stash in the pipeline, we include the stash entries among the
locations that are searched during lookups or that can be deallocated
when a response is received.

4.2 Subentry Buffer
Figure 7 shows implementation and operation of the subentry buffer.
A subentry consists of an (ID, offset) pair; a subentry row contains
a) ns subentry slots, b) the number of allocated subentries, and c)
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Figure 7: Block diagram and operation of the subentry
buffer. For requests, the subentry buffer receives ID, offset,
and the address of the first subentry row (head row) from
the respective MSHR. The head row is firstly retrieved from
the buffer. If it is not full (1), the row is updatedwith the new
entry and written back to the buffer. If the row is full (2), the
newentry is inserted in anew row,whose address is stored in
the previous row. When a response is received (3), all suben-
tries are retrieved by traversing the subentry row list. After
all subentries have been forwarded to the response genera-
tor, the row is deallocated by pushing its address to the free
row queue.

a pointer to the next subentry row with its valid bit. To allocate
a subentry, the first subentry row is retrieved from the buffer. If
the row is not full (1), the new entry is appended and the row is
written back to the buffer. If the row is full (2), a new row must
also be allocated. We use a FIFO (free row queue, FRQ) to store the
addresses of the empty rows, and allocating a row simply means
extracting the first element of the FRQ. The FRQ is also shared with
the MSHR buffer to allow the allocation of the first subentry row
for newly allocated MSHRs. When the FRQ gets empty, further
allocations are stalled.

When a cache line is received, the corresponding MSHR is deal-
located from the MSHR buffer and its subentry rows retrieved from
the buffer. The response generator parses the subentry rows and
emits one response per allocated subentry. The row is then recycled
by inserting its address into the FRQ and the process is repeated
for the entire linked list of rows.

4.3 Pipeline Efficiency and Throughput
As long as an MSHR has a single subentry row, the primary and all
secondary misses can be handled without stalling the pipeline as
they require no more than one read and one write per dual-ported
block RAM: lookup in the MSHR buffer, allocation of the MSHR for
primary misses, lookup in the subentry buffer for secondary misses,
and row update in the subentry buffer. Each block RAM has a data
forwarding circuit to ensure that we always read the most up-to-
date data despite reads having two-cycle latency. MSHR collisions
are handled transparently when the unit is idle, as long as there
are free entries in the stash. Allocating an additional subentry row
requires stalling the pipeline for one cycle to perform two writes:
inserting the pointer of the newly allocated row into the tail of the

Reorder 
buffer

col DMA

val DMA

row DMA
row

counter

FP
multiplier

FP
accumulator out DMA

+

vect offset

crossbar

Figure 8: Structure of our benchmark sparse matrix-vector
multiplication accelerator. Xilinx AXI DMAs are used to
stream all CSR vectors accessed sequentially. The values of
the col array are used to compute the addresses of the vector
elements that are retrieved through our memory controller.

list, and writing the new subentry into the newly allocated row.
Allocating a subentry on an MSHR that has more than one row
requires traversing the linked list, which costs an extra read per
additional row. The traversal cost can be significant for MSHRs with
many subentries: to mitigate it, we use an 8-entry fully-associative
cache indexed by the head pointer of the subentry list to jump
directly to the tail whenever possible. In our subentry architecture,
the tradeoff between internal fragmentation and stall cycles, which
depend on the number of subentries per row, remains; however,
the cost of a full subentry row is reduced from completely stalling
the pipeline until the full MSHR is deallocated to a few bubbles in
the pipeline. Responses whose MSHR has a single subentry row
can also be handled without stalls; each additional subentry row
costs one stall cycle.

Most of the operations are therefore fully pipelined, with the
caveat that a single pipeline is shared between accelerator requests
and memory responses. However, the more secondary misses we
can merge to the same memory request, the fewer memory re-
sponses we will have to handle, reducing the cost of pipeline shar-
ing. Ultimately, Nb fully-pipelined banks can supply up to Nb − 1
responses per cycle from a single-ported external memory.

5 EXPERIMENTAL SETUP
We wrote our memory controller in Chisel 3, compiled it with
Vivado 2017.4 and tested it on a ZC706 board with an XC7Z045
SoC. The board has 1 GB of DDR3 on the processing system side,
connected to the dual-core ARM’s memory controller, and 1 GB
of DDR3 on the programmable logic side which can be accessed
directly from the FPGA. The FPGA has 437,200 flip flops, 218,600
LUTs—which could implement up to 4.3 Mib of LUTRAM, if no
LUTs were used for logic—and 1090 18 kib block RAM modules
(19.2 Mib of block RAM).

As a benchmark, we implemented a simple accelerator for sparse
matrix-vectormultiplication (SpMV), an important kernel in a broad
range of scientific applications [3] and to which many sparse graphs
algorithms can be mapped [17]. Moreover, SpMV can easily gener-
ate a wide range of access patterns depending on the matrix sparsity
pattern. Our accelerator, shown in Figure 8, is an almost direct im-
plementation of Algorithm 1 for SpMV of a CSR-encoded sparse
matrix; we do not include any SpMV-specific optimizations as our
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matrix NZ rows vect size st. dist. percentiles

75% 90% 95%

dblp-2010 1.62M 326k 1.24 MB 2 348 4.68k
pds-80 928k 129k 1.66 MB 26.3k 26.6k 26.6k
amazon-2008 5.16M 735k 2.81 MB 6 6.63k 19.3k
flickr 9.84M 821k 3.13 MB 3.29k 8.26k 14.5k
eu-2005 19.2M 863k 3.29 MB 5 26 69
webbase_1M 3.10M 1.00M 3.81 MB 2 19 323
rail4284 11.3M 4.28k 4.18 MB 0 13.3k 35.4k
youtube 5.97M 1.13M 4.33 MB 5.8k 20.6k 32.6k
in-2004 16.9M 1.38M 5.28 MB 0 4 11
ljournal 79.0M 5.36M 20.5 MB 19.3k 120k 184k
mawi1234 38M 18.6M 70.8 MB 20.9k 176k 609k
road_usa 57.7M 23.9M 91.4 MB 31 601 158k
Table 1: Properties of the benchmark matrices we used. The
number of columns corresponds to the vector size divided by
4 bytes and, except for pds-80 and rail4284, it corresponds to
the number of rows.

controller aims for a generic architectural solution for any appli-
cations with irregular memory access pattern. Indices are 32-bit
unsigned integers while values are single-precision floating point
values. All CSR vectors, accessed sequentially, are provided via
AXI4-Stream through DMAs; the dense vector, accessed randomly,
is read through an AXI4-MM port connected to our memory con-
troller. The 8192-entry reorder buffer provides the vector values
to the multiply-accumulation pipeline, which is based on floating-
point Xilinx IPs. We use the index vector to clear the accumulator
every time a new row begins, and the output vector is streamed
to DDR through a DMA. Each accelerator can process one non-
zero matrix element (NZ) per cycle; we parallelize the SpMV by
interleaving rows across multiple accelerators.

All data structures are stored in DDR3 memory. Access to the
programmable logic (PL) memory occurs through the soft MIG
controller, which exposes a single AXI-MM port. The only way to
possibly exploit the full DDR3 bandwidth (12.8 GB/s) is to use a 512-
bit wide interface running at 200 MHz. Therefore, we set the clock
frequency of all of our designs to 200 MHz. The processing system
(PS) memory can be accessed from the FPGA through five 64 bit-
wide ports on the processing system-programmable logic bridge
logic. On non burst accesses, we noticed a higher performance
degradation on the PS ports compared to the MIG; therefore, we
decided to use the PS memory to store the vectors that are accessed
sequentially and the PL memory for the vector that is accessed
randomly through our controller. By isolating random and sequen-
tial accesses, we also prevent any possible influence of the DMA
accesses on the performance of the random memory operations.

Algorithm 1 Sparse matrix-vector multiplication (SpMV)

1: for r ← 0 to ROWS − 1 do
2: out[r ] ← 0
3: for i ← idx[r ] to idx[r + 1] do
4: out[r ] ← out[r ] +val[i] ×vect[col[i]]
5: end for
6: end for

LUT FF BRAM DSP

4 accelerators 4640 6472 0 32
16 DMAs 12692 17192 144 0
MIG 13373 9380 2 0

4x4 Crossbar 1644 3412 0 0
Bank arbiter/demux 334 1101 1 0

Cache with assoc. MSHR 9664 14000 0 0
Traditional MHA 12301 19391 * 0

Cache with cuckoo MSHR 1900 8396 * *
Subentry buffer 7696 4228 * 0
Proposed MHA 11186 18208 * *

Table 2: Resource utilization of the entire system. Rows not
in bold represent MHA sub-modules. The asterisks denote
values that depend on the controller’s configuration. The
proposedMHAhas very similar LUT and FF utilization than
the baseline 16 MHSR, 8 subentry associative MHA.

Each iteration of the inner loop of Algorithm 1 consumes three
32-bit words: two provided by the DMAs (val[i] and col[i]) and
one from the vector. Given a measured bandwidth of 3.5 GB/s on
all PS ports and 12.0 GB/s on the MIG, the bottleneck will be on the
PS memory, which limits the system throughput to ~2.4 NZ/cycle
(ignoring, for now, the minor bandwidth requirements for the idx
and out vectors). However, without any memory system on the
single-port MIG side, the theoretical throughput would be limited
to 1 NZ/cycle instead, and in practice even up to 40% less due to
DRAM row conflicts [2]; therefore, there is still at least a 2.4× scope
for speedup that relies entirely on the optimization of the random
memory accesses. To ensure that neither the accelerators, nor the
controller’s banks, nor the crossbar become the bottleneck, we in-
stantiate four SpMV accelerators and four banks. We use one of the
ARM cores to initialize the data in the DDR memories, to orches-
trate the DMAs and the accelerators and to check the correctness
of the output vectors.

Table 1 shows the properties of our benchmark matrices, which
are essentially the largest benchmarks used in prior work on SpMV
[3]. All benchmarks are available on SuiteSparse [8]. We use the
stack distance, introduced in Section 1.2, to characterize the reg-
ularity of the access pattern to the dense vector. All benchmarks
except for dblp-2010 and pds-80 operate on a vector that does not
fit in the FPGAmemory, which means that they are out of the scope
of approaches based on transferring the entire vector to block RAM
[9, 13].

6 EXPERIMENTAL RESULTS
6.1 Resource Utilization
Table 2 shows the resource utilization of the entire system, with
proposed and baseline MHA. The traditional MHA contains the
largest number of associative MSHRs that can be implemented un-
der the 200 MHz clock constraint: 16 MSHRs with 8 subentries each.
We do not consider the case of a blocking cache because it performs
significantly worse than the non-blocking cache for modest area
savings. The values for the proposed MSHR refer to three cuckoo
hash tables and a 2-entry stash; four hash tables and a 4-entry
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Figure 9: Area of the memory system and normalized execution time for all benchmarks and a broad range of MHA archi-
tectures. For the cuckoo architectures, we indicate the number and depth of cuckoo hash tables in each of the four banks,
whereas the cache size refers to the entire multi-banked structure. Charts are sorted by increasing vector size and have been
truncated at 1.3 cycles/NZ. On half of the benchmarks, all the Pareto-optimal designs are cuckoo MHAs, except for the small-
est possible but low-performing design with no cache and associative MSHRs. For the other benchmarks, our MHA provides
additional Pareto-optimal designs, especially on the low area side. Designs with no cache nor MSHRs, where the DRAM is
time-multiplexed among the accelerators, are 1.9×-7.8× (4.1× geomean) slower than the best performing design. On the other
hand, with a 1 MB blocking cache, the slowdown is 1.4×-14.6× (4.5× geomean).

stash costs about 300 LUTs and FFs more. The BRAM utilization of
cache, MSHR and subentry buffers depend on their sizing, which
will be explored in Section 6. Indicatively, the minimum cache that
is worth implementing due to the minimum block RAM depth –
a single 32 kB way (512 lines × 512 data bits) – has similar block
RAM requirements as 3×512 MSHRs with 3×2048 subentries. In
general, the cache requires 15 block RAMs per 32 kB per cache way,
the MSHR buffer requires 1 block RAM per 512 MSHRs per cuckoo
hash table for storage plus 1 block RAM per 512 MSHRs for the
request queue to the external memory arbiter, and the subentry
buffer requires 2 block RAMs per 512 subentry rows of up to 3
subentries each, plus 1 block RAM every 1024 subentry rows for
the FRQ. Each cuckoo hash function also uses 1 DSP block.

6.2 Performance Evaluation
We ran our benchmarks on a set of different memory controllers,
both with associative and cuckoo-based MHAs. We used 4-way set
associative caches except in the smallest caches due to the limited

minimum block RAM depth (see Section 6.1). For the associative
MHAs, we only consider the best architecture that can run at 200
MHz, with 16 MSHRs with 8 subentries each. For the cuckoo MHAs,
we fixed the number of subentries per row to three since, due to
the finite choice of block RAM port widths, they occupy the same
amount of block RAMs as two and provide a good compromise
between utilization and stall cycles (see Section 6.4). We also fixed
the stash size to two entries, which provides timing closure in all
cases. We explored the number and depth of MSHR hash tables, as
well as the depth of the subentry buffer.

Figure 9 summarizes the results. Our MSHR-rich MHAs provide
the highest performance benefit to the benchmarks with the highest
stack distance percentile (90% and 95%), i.e. the most challenging
ones for caches. With rail4284, misses to multiple cache lines are so
frequent that even the smallest MHA with no cache at all performs
25% better than the traditional MHA with the largest cache, which
has a 24× larger area. On mawi1234, a small cache is enough to
capture any existing temporal locality; after that, investing 2% of
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Figure 10: Achievable MSHR storage load factor for several
MSHR architectures. The 5×512 system with a 4-entry stash
did not meet timing constraints. Single-hash architectures
cannot utilize more than 40% of the storage space. Cuckoo
hashing can handle collisions more efficiently and three
hash tables are enough to achieve more than 80% average
and 90% peak load factors, even without stash.

block RAMs for the smallest proposed MHA provides higher re-
turns than any further increase in cache size. Pds-80, flickr, youtube,
and ljournal offer a more gradual area-delay tradeoff and can bene-
fit from the largest MSHR solutions, which constitute most of the
Pareto-dominant points. On these benchmarks, we achieve 10% to
25% throughput increase with the same area or 35% to 60% area
reduction at constant throughput. Dblp-2010, eu-2005, in-2004, and
webbase_1M have higher locality and thus benefit more than other
benchmarks from larger caches; however, the simplest proposed
MHAwith no cache, which uses 3× fewer BRAMs than the smallest
cache, is enough to saturate the PS DRAM bandwidth only by merg-
ing memory requests. On eu-2005 and in-2004, the performance
gain provided by the cache-less MHAs is limited by handling the
subentry linked lists. Applications with higher temporal locality
may thus benefit from an increase of subentries per row. Bench-
marks with few non-zero elements per row such as mawi1234 and
road_usa have a lower maximum performance due to the higher
bandwidth requirements for the sequential vectors; however, they
are among the eight benchmarks that do not saturate the PS DRAM
bandwidth without an MSHR-rich MHA.

6.3 Number of MSHR Hash Tables and Stash
Size

Figure 10 analyzes the performance of the MSHR storage architec-
tures described in Section 2.2. For each architecture, we measure
average and peak utilization of the MSHR storage space. To make
sure the benchmark always uses all of the available MSHRs, we
use a synthetic 1M×1M matrix with 5M uniformly distributed non-
zero elements generated with the Python function scipy.sparse.
random(1e6, 1e6, 5e-6), no cache, and each bank contains 4096
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Figure 11: Number of cycles lost due to stalls for collision
resolution during the execution of a uniformly distributed
benchmark. A 4-entry stash, which occupies less than 0.1%
of LUTs and FFs, reduces the number of stall cycles by 30%.
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Figure 12: Average and maximum subentry utilization dur-
ing the execution of ljournal with a 3x512 cuckooMSHR. Al-
locating a fixed number of subentries per MSHR results in
less than 1% average utilization and resource waste. Linked-
list architectures provide amore efficient usage of the suben-
try memory.

subentry rows with 3 subentries each. All architectures have 2048
MSHRs per bank or the closest possible value.

Because any collisions result in a stall that lasts until one of the
colliding MSHRs is deallocated, all of the single-hash architectures
achieve poor utilization: even by introducing a stash to tolerate up
to four collisions, a 4-way set-associative architecture does not go
beyond 30% average and 45% peak load factors. Even a simple 2-way
cuckoo hash table achieves 50% average and 70% peak utilization,
and three ways enough to reach more than 80% average utilization,
which is consistent with prior findings on cuckoo hashing [11]. In-
terestingly, using a 3-way 512-entry architecture (1536 MHSRs) has
higher absolute utilization than a 2-way, 1024-entry organization
(2048 MSHRs). For three or more ways, adding a stash does not
affect MSHR utilization but decreases the number of stall cycles
by up to 30% with a 4-entry stash (Figure 11), which is the largest
stash that we could implement within the 200 MHz constraint.

6.4 Subentry Organization
We performed a similar analysis for the memory organization of
the subentries, as described in Section 3.2. We use the ljournal
benchmark, which has a large number of secondary misses, and an
MHA with no cache and a 3×512 cuckoo MSHR buffer per bank. As
shown in Figure 12, with a fixed number of subentries per MSHR,
stalls are so frequent (Figure 13) that they prevent misses from
accumulating in the buffers, resulting in very low utilization but also
fewer opportunities for request merging and thus a higher traffic
to external memory (Figure 14). We believe this problem is more
pronounced in an MSHR-rich architecture than in an associative
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stalls. Stalls occur when (a) filling all subentries of anMSHR
for the fixed architectures or (b) handling the linked list or
running out of subentry rows for the linked list architec-
tures. The smallest linked list architecture has three times
fewer stall cycles than the largest fixed architecture despite
having three times fewer subentries.
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Figure 14: Number of external memory requests during the
execution of ljournal with a 3x512 cuckoo MSHR and no
cache. By increasing subentry utilization, linked list archi-
tectures increase the number of accelerator requests that
can be served by the same external memory request, result-
ing in a 37% decrease of external memory traffic.

MHA because it is far more likely to encounter at least one MSHR
that needs more than a given number of subentries when handling
thousands of misses rather than a few tens of them. Our linked list-
based architectures provide much higher average and maximum
buffer utilization, fewer stall cycles and decrease the number of
DDR memory requests by a factor 1.3× to 2×, with evident great
energy impact.

7 RELATEDWORK
7.1 Miss Handling Architectures
The first non-blocking cache was proposed by Kroft in 1981 [20].
Farkas and Jouppi [10] evaluate a number of alternative MHA orga-
nizations, including the explicitly-addressed MSHRs that inspired
our MHA. They observed that non-blocking caches can reduce the
miss stall cycles per instruction by a factor 4 to 10 compared to
blocking caches, that the most aggressive architectures (such as
explicitly-addressed) are beneficial even for large cache sizes, and
that overlapping as many misses as possible allows processors to
maximize the benefit provided by non-blocking caches.

Tuck et al. [25] introduced a novel MHA for single processor
cores with very large instruction windows. They propose a hi-
erarchical MHA, with a small explicitly-addressed MSHR file for
each L1 cache bank and a larger shared MSHR file. MSHRs are
explicitly-addressed and shared MSHRs have more subentries than

the dedicated ones. On a number of SPEC2000 benchmarks running
on a 512-entry instruction window superscalar single-core proces-
sor, dedicated files with 16 MSHRs and 8 subentries and a shared
file with 30 MSHRs and 32 subentries achieve speedups that are
close to those provided by an unlimited MHA. However, we believe
that a set of parallel accelerators is fundamentally different from
a single-core processor even with a large instruction window for
two reasons: a) parallel accelerators with, for instance, decoupled
access/execution architectures [7, 22] could generate even more
requests per cycle with no fundamental limitations on the total num-
ber of in-flight operations, and b) requests to be merged can come
from the same as well as a different accelerator, so it is important
to have a shared MHA to maximize the merging opportunities. Our
results indeed showed that, for parallel accelerators with massive
MLP, small caches with thousands of MSHRs can achieve similar
or even better performance of larger caches with few MSHRs.

7.2 Memory Systems for Irregular Memory
Accesses

Several pieces of work aimed at improving the efficiency of tra-
ditional caches on non-contiguous memory accesses. Impulse [5]
introduces an additional address translation stage to remap data
that is sparse in the physical/virtual memory space into contiguous
locations in a shadow address space. However, it is a processor-
centric system which relies on the intervention from the OS to
manage the shadow address space. Traversal caches [24] optimize
repeated accesses to pointer-based data structures on FPGA. Such
approach is however limited to pointer-based data structures that
are repeatedly accessed and that can fit entirely in the FPGA block
RAM.

Another line of work explored the automatic generation of
application-specific memory systems. Bayliss et al. [4] proposed a
methodology that automatically generates reuse buffers for affine
loop nests, which reduce the amount of memory requests and of
DRAM row conflicts. However, the approach is restricted to ker-
nels consisting of an affine loop nest whose bounds are known at
compile time. TraceBanking [30] does not rely on static compiler
analysis and uses a memory trace to generate a banking scheme
that is provably conflict-free. It also supports non-affine loop nests
but requires the dataset to fit entirely in the block RAM. ConGen
[16] focuses on optimizing DRAM accesses without relying on any
local buffering on FPGA. It uses a memory trace to generate a map-
ping from the addresses generated by the application to DRAM
addresses such that the number of row conflicts is minimized. All
of these solutions rely on exact information about the application’s
memory access pattern at hardware compile time. Our approach
is application-agnostic, fully dynamic and does not make any as-
sumptions on the access pattern properties.

Coalescing aims at increasing bandwidth utilization between
datapath and DRAM by merging multiple narrow memory accesses
into fewer, wider ones. Modern GPUs dynamically coalesce accesses
from the same instruction executed by different threads [26] in the
same warp, and the load-store units instantiated by the Intel FPGA
OpenCL compiler can perform both static and dynamic burst coa-
lescing [28]. To increase the opportunities for coalescing and thus
the utilization of the bandwidth to the GPU L1 cache, Kloosterman
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et al. propose an inter-warp coalescer [19]. Wang et al. [27] pro-
posed a dynamic coalescing unit for HMCmemories in a multi-core
system, implemented on a small RISC-V core. Incoming requests are
stored in a binary tree and forwarded to the HMC after a timeout or
after receiving 128 bytes of requests. All of these approaches have
a very short window where coalescing can occur, at most a few
requests wide. We showed that explicitly-addressed MSHRs also
perform coalescing, on wider request windows and over multiple
bursts at the same time (one per MSHR).

8 CONCLUSION
Conventional wisdom has it that some form of local buffering such
as caching is the best way to optimize the access to external memory,
hence the vast effort in maximizing the hit rate under all possible
scenarios. Non-blocking caches are one of the few architectures
for miss optimization instead. In this paper, we took the key idea
behind non-blocking caches to the extreme: we designed a scheme
to handle three orders of magnitude more misses without stalls
compared to classic fully-associative MHAs. We presented an effi-
cient FPGA implementation of such MSHR-rich cache, where we
map tens of thousands of MSHRs and subentries to the abundant
FPGA block RAM and all stages of miss handling are pipelined
with minimal stalls. On twelve sparse matrix-vector multiplication
benchmarks, most of which cannot fit in the FPGA block RAM,
we showed that, under a limited block RAM budget, repurposing
some block RAMs from cache to MSHRs can provide higher per-
formance gains when the access pattern is such that a relevant
amount of misses cannot be avoided. This is especially true for the
benchmarks with the lowest temporal locality, but even on more
regular access patterns, MSHRs can complement caches by opti-
mizing long-distance reuse, providing similar performance gains
as a larger cache at lower area costs. Therefore, we believe MSHR-
rich MHAs open up new opportunities to increase performance of
bandwidth-bound, latency-insensitive applications with irregular
memory access patterns. Our MHA, as well as the benchmark SpMV
accelerators, can be downloaded as an open-source project from
https://github.com/m-asiatici/MSHR-rich.
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