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Abstract

Going beyond a certain number of cores in modern architec-
tures requires an on-chip network more scalable than con-
ventional buses. However, employing an on-chip network
in a manycore system (to improve scalability) makes the
latencies of the data accesses issued by a core non-uniform.
This non-uniformity can play a signiicant role in shaping
the overall application performance. This work presents a
novel compiler strategy which involves exposing architec-
ture information to the compiler to enable an optimized
computation-to-core mapping. Speciically, we propose a
compiler-guided scheme that takes into account the relative
positions of (and distances between) cores, last-level caches
(LLCs) and memory controllers (MCs) in a manycore system,
and generates a mapping of computations to cores with the
goal of minimizing the on-chip network traic. The experi-
mental data collected using a set of 21 multi-threaded appli-
cations reveal that, on an average, our approach reduces the
on-chip network latency in a 6×6 manycore system by 38.4%
in the case of private LLCs, and 43.8% in the case of shared
LLCs. These improvements translate to the corresponding
execution time improvements of 10.9% and 12.7% for the
private LLC and shared LLC based systems, respectively.

CCS Concepts · Computer systems organization →
Multicore architectures;

Keywords Multicore Architectures, Compiler, Computa-
tion Mapping
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1 Introduction

Ωith the increase in the number of cores in multicore sys-
tems, the traditional on-chip bus is becoming a bottleneck
due to serialization and arbitration latencies. On-chip inter-
connects (also called network-on-chip ± NoC) proposed by
various researchers⁄vendors have been successful in miti-
gating the serialization and arbitration latencies, and have
been widely accepted as a scalable alternative to on-chip
buses. Various commercial products including Intel teralops
research chip [1], Intel Xeon Phi based processors [7], Tilera
[4], and Intel Single-Cloud Chip [2] are examples of the
NoC-based architectures in industry in the general purpose
domain. In addition, on-chip networks have been widely
deployed in domain-speciic accelerators, including Anton
[53] for molecular-dynamic code acceleration and NVIDIA
GPUs for graphics acceleration.
However, adopting an on-chip network in a manycore

system brings non-uniformity as far as data access latencies
are concerned. This is primarily because both on-chip and
of-chip data traic use the same on-chip network and the
network latency of a data access depends largely on the
distance between the requesting core and data location; the
latter can be a local cache (on-chip), a remote cache (on-chip),
or main memory (of-chip) accessed via on-chip memory
controllers (MCs). Prior architecture-centric research [31,
46±48, 50, 52] investigated diferent ways of constructing
scalable networks. Prior software research [41, 45], on the
other hand, studied various techniques to reduce network
traic and⁄or improve power eiciency. However, existing
software-based solutions are limited to either certain classes
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Figure 1. (a) Original network traic (private LLC). (b) Optimized network traic (private LLC). (c) Original network traic
(shared LLC). (d) Optimized network traic (shared LLC). In the shared LLC case, a data request that misses in the L1 cache is
directed irst to an L2 bank (depending on the address of the data). Note that the target L2 bank can be far away from the L1
that misses the request. In both the private and shared LLC cases, an LLC miss travels over NoC to reach the target MC.

of applications or certain types of cache⁄memory hierarchies,
and are not able to optimize both on-chip (LLC hits) and
of-chip (LLC misses) data accesses in shared cache-based
systems for both regular and irregular application programs.

Ωe present novel compiler support that can be used tomap
multi-threaded application programs to on-chip network
based manycores. The primary knob our compiler employs
is computation-to-coremapping. At a high level, what our ap-
proach tries to achieve is illustrated in Figures 1a through 1d.
(a) shows a typical (of-chip) data access scenario in the case
of private LLC in an NoC-based manycore. One can observe
that the (of-chip) data accesses are all over the 2D network
space, possibly contending with each other, congesting net-
work routers⁄bufers, and eventually leading to signiicant
network latencies. In (b), on the other hand, the of-chip
data accesses are localized, that is, cores access data via the
nearest memory controller, reducing the on-chip network
traic signiicantly. It is important to note that, in doing so,
not only the distances traveled by data accesses are reduced,
but also the probability of congestion on the network. (c)
shows a similar situation in the case of S-NUCA [30] type of
shared LLCs. In this case, the network traic is due to both
LLC accesses and of-chip memory accesses, as the target
LLC bank may be in a diferent node than the core that is-
sues the request. (d) optimizes the scenario in (c), leading to
signiicant reductions in both access distances and network
congestion for both on-chip and of-chip data accesses.

Figure 2 quantiies the potential of optimizing the on-chip
network performance in our multi-threaded applications
for the private and shared LLCs. In this graph, we plot the
execution time improvement, over the original execution
(i.e., without any network optimization), when we work
with an ideal network. In this context, an ideal network
is one that incurs zero latency in transmitting messages
between cores and last-level caches (on-chip data accesses)
as well as between last-level caches and memory controllers
(of-chip data accesses). One can observe that, a signiicant
fraction of execution time (14% for private LLCs and 17.1%
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Figure 2. Potential execution time improvements with an
ideal (zero-latency) on-chip network.

for shared LLCs, on average) can be saved if the on-chip
network performance is maximized.
The rest of this paper presents a compiler-directed strat-

egy that improves the on-chip network performance by op-
timizing computation-to-core mapping (assignment). Our
main goal is to approach the maximum savings plotted in
Figure 2 when using a realistic on-chip network. A unique
characteristic of our approach is that, in performing this
mapping, it considers both the distance between cores and
LLCs as well as the distance between LLCs and MCs. In other
words, our approach is location aware. Furthermore, our im-
plementation can handle both regular applications (those
with compile-time analyzable access patterns) and irregular
applications (those with index array-based access patterns).
It is to be noted that these two types of applications cover a
large fraction of workloads running on high-performance
manycore-based systems (e.g., those employing Intel Xeon
Phi [7]). Our speciic contributions in this work can be sum-
marized as follows:
•Ωe introduce four novel concepts to capture the (i) ain-

ity of computations (loop iterations) to MCs, (ii) ainity of
cores to MCs, (iii) ainity of computations to LLCs, and (iv)
ainity of cores to LLCs.
• Using these four concepts, we present a compiler-based

strategy to assign⁄map computations to cores for both pri-
vate cache and shared cache systems. In the case of regular
applications, our approach analyzes and transforms the code
at compile time, and in the case of irregular ones, it employs
a variant of the inspector-executor paradigm [18], developed
originally in the context of application parallelism. The main

313



Enhancing Computation-to-Core Assignment with Physical Location ... PLDI’18, June 18ś22, 2018, Philadelphia, PA, USA

goal of our approach is to reduce the distance-to-data by
exploiting all four concepts mentioned in the item above.
•Ωe describe our compiler implementation and present

experimental data running a set of 21 multi-threaded appli-
cations on a cycle-accurate multicore simulator [10]. The
collected data on a 6×6 manycore system indicate that, on
average, our approach reduces the on-chip network latency
by 38.4% in the case of private LLCs and 43.8% in the case
of shared LLCs. These improvements translate to the corre-
sponding execution time improvements of 10.9% and 12.7%.
Note that, these savings are very close to those in Figure 2,
which represents an ideal network (optimal case). Further,
to demonstrate that our savings extend to commercial sys-
tems as well, we also present execution time improvements
brought by our compiler on a commercial manycore sys-
tem [55]. These results indicate that our approach brings
performance improvements ranging between 12.2% and 29%.

2 Architecture Background: On-Chip
Network Based Manycores

MC2

MC3MC4

MC1

Core
L1I

Router

L1D
L2

Figure 3. A manycore architecture and contents of a node.

Manycore Architecture Overview: Manycores are orga-
nized as nodes connected through an on-chip network (also
called NoC). Figure 3 shows a 9x9 manycore with various
hardware components comprising a node. Each node con-
sists of a processing core, private L1 instruction and data
caches, and an L2 cache bank along with a network router.
Memory controllers (MCs) shown are connected to the of-
chip memory throughmemory channels. These MCsmanage
the of-chip DRAM and are responsible for fetching⁄writing
data from⁄to the of-chip main memory. The last-level cache
(LLC) ± in our case L21 ± is a uniied cache, which can cache
both data and instructions. The network router shown in
Figure 3 routes the packets between cores⁄LLC banks and
LLC banks⁄main memory, and employs X-Y routing with
wormhole switching to route the packets across the chip.
LLCManagement: Typically, LLCs in a manycore are orga-
nized as bank based structures. A manycore LLC managed as
a shared LLC incurs non-uniform latencies (even for cache
hits) depending on where the data is allocated. Cache line
(block) allocated in a local LLC bank incurs lower latency
compared to accessing a cache line allocated in a remote LLC
bank. Hence, these architectures are popularly referred to as
Non-Uniform Cache Access (NUCA) architectures [30]. The
reason for non-uniformity in cache access latencies is due

1Our approach can work with cache hierarchies of any depth.

to the additional on-chip traversal involved in accessing the
cache lines in the remote LLC banks. Popular NUCA organi-
zations include Static-NUCA (S-NUCA) and Dynamic-NUCA
(D-NUCA) [14]. In S-NUCA, a cache line is statically mapped
to a single LLC bank based on the address mapping, while
cache lines in D-NUCA are migrated based on the frequency
of cache line reuse. Since the overhead involved in tracking
a cache line is highly coupled with complexity and power,
D-NUCA is not preferred in practice.

In S-NUCA, the lower order bits in a physical address give
the byte ofset in a cache line. The next group of bits are
typically used to map a physical address to an LLC bank. If
the LLC bank is not shared, these cache bank bits are ignored
and the cache line is allocated in the local node. However, if
the LLC is shared, for a 9x9 manycore with, say, a total of
81 LLC banks, seven bits are used to map the cache line to
an LLC bank. An L1 miss which results in an LLC hit in the
S-NUCA architecture involves request⁄response messages
to⁄from the LLC bank traversing on the NoC, while in the
private LLC organization (since always the local LLC bank is
accessed) no additional network traic is incurred. Therefore,
in the S-NUCA architecture, an LLC hit still incurs additional
traic on the network, unlike the private LLC. However,
the private LLC bank organization can sufer from severe
underutilization if there is a disparity across the memory
intensities of the threads running on diferent cores.
Handling LLCMisses:Upon amiss in the L1 and LLC bank,
a memory request is sent to the corresponding MC based
on the memory address mapping. Physical addresses can be
interleaved in main memory at various granularities. Typi-
cally, the interleaving is done at a page granularity. In this
case, the lower order bits from 0-11 in a physical address
represent the page ofset in a 4KB page and, for a 4 channel
system, the next (higher) two bits represent the memory
controller this of-chip request will be routed to in case of
an LLC miss. For a larger manycore, an of-chip access, irre-
spective of the LLC organization (be it private or S-NUCA),
can incur signiicant on-chip traic if the physical address
is mapped to an MC which is far-of from its corresponding
LLC bank. Consequently, optimizations that target reduc-
ing the on-chip traic can directly translate to signiicant
improvements in performance. One possible approach to im-
prove application performance on network-based manycores
is to reduce the distance between locations of the requester
core and the data being requested. This paper proposes a
practical computation mapping algorithm for that. Note that,
one can also distribute physical addresses across available
MCs using granularities smaller than a page [67]. For exam-
ple, some architectures support cache line granularity, i.e.,
successive cache line-sized data are distributed across MCs
in a round-robin fashion [67].
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Figure 4. High-level view of our approach.

3 Design Methodology

3.1 Outline of Our Strategy

Ωe target multi-threaded applications parallelized over mul-
tiple cores. As discussed previously, our goal is to assign com-
putations (iterations) to cores such that the network latency
is reduced. Figure 4 illustrates the high-level view of our
approach in the case of regular applications. Our compiler
approach takes source code as input, and applies an initial
code analysis which extracts data and control dependences
as well as data access and reuse patterns. After this anal-
ysis phase, the derived data access patterns are forwarded
to an ainity analysis.2 Based on the ainities derived by
the compiler, the loop iterations are then mapped to their
most preferable cores and the corresponding output code
is generated. Note that workload balance is also considered
while we perform the computation-to-core mapping. Note
also that loop bounds in our target programs do not neces-
sarily need to be known at compile time as our approach
performs a limited symbolic analysis as well. In the case of
irregular applications, our compiler does not directly em-
bed the determined iteration-to-core assignment into the
application code; rather, it generates and embeds a code into
the application code, which determines the inal iteration-to-
core assignment at runtime. Speciically, we exploit a variant
of the inspector-executor paradigm [19]; the inspector phase
captures the input-speciic data access patterns to determine
iteration mappings, and the executor phase uses those de-
rived mappings.
To formulate the ainities which are the foundations of

our approach, we deine four new concepts: memory ainity
of iterations (MAI), memory ainity of cores (MAC), cache
ainity of iterations (CAI), and cache ainity of cores (CAC).
Ωhile all these four concepts are used in the case of shared
LLCs, only MAI and MAC are needed in the case of private
LLCs. Ωe irst introduce MAI and MAC and present our
approach in the context of private LLCs, and later move to
the discussion of shared LLCs and explain CAI and CAC.

2In the case of regular-applications, our approach analyzes the data access

patterns; so, it is uniformly applied, irrespective of the speciic input-set

being used.

3.2 MAI

Problem 1: Given a loop nest, partition and map iterations to

cores, such that the data elements accessed by loop iteration ®i
are fetched from the nearest memory controllers.

For a given loop iteration ®i 3, we deine MAI(®i) as a vector

(also called ainity vector) that determines the ainity of ®i
to the diferent memory controllers in the system. Specif-

ically, MAI(®i) in an m-entry vector (m being the number
of memory controllers), where the kth entry (1 ≤ k ≤ m)

indicates the strength of the ainity (bond) between ®i and
memory controller k . In our implementation, this strength

is expressed as the fraction of the data requests of ®i destined
to the kth memory controller in the system (if they miss

in the LLC). To explain how MAI(®i) is calculated, consider
the manycore architecture in Figure 3 and the code frag-
ment in Figure 5. Let us assume that, among the four data

accesses issued by a particular iteration ®i , 4 two accesses
memory controller MC1, one accesses MC2 and one accesses
MC3, as shown in the second column of Table 1. In this case,
MAI(®i) is set to (0.5, 0.25, 0.25, 0), indicating that half of the
requests go to the irst memory controller (MC1), and each
of the second and third memory controllers receives 25% of
the data requests this iteration makes. Note that, higher the

value (weight) in the kth position of MAI(®i), the stronger the

ainity between ®i and MCk . Furthermore, a stronger ainity

between ®i and MCk indicates that it may be preferable to as-

sign ®i to a core that is close to MCk . This latter concept, that
is, the proximity⁄closeness between a core and a memory
controller, is captured by MAC (explained shortly).

Table 1. Locations of data accesses.

if misses if hits Realistic
(MC) (region) Scenario

A(i) MC3 R2 MC3
B(i) MC1 R4 R4
C(i) MC1 R4 R4
D(i) MC2 R8 MC2

For i Э ヱが ヲが ン ぐ N
A[i] = B[i] + C[i] + D[i]

MC 1MC 3 MC 2

Figure 5. An example
loop.

Ωe use iteration set as the granularity of computation
scheduling in our compiler. An iteration set consists of a set
of consecutive loop iterations. Ωe divide the iterations of a
loop nest into iteration sets (of equal size, except perhaps for

the last iteration set), and compute MAI(®I ) for each iteration

set ®I considering all iterations ®i in ®I . The reason that our
compiler works with iteration sets rather than individual
iterations is because consecutive individual loop iterations
usually exhibit spatial locality (both row-bufer locality and
cache-line locality) and have the similar MAI value. Using
the concept of iteration set helps us maintain the spatial
locality while applying our approach.

3Loop iterations are represented as vectors, i.e., ®i = (i1i2 · · · in )
T , where

is is the value of the s th loop from top.
4Note that, in this case, the nest has only one loop, that is, ®i is one dimen-

sional (i.e., ®i = i ).
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Figure 6. (a) MAC vectors. (b) Cache (L2) hits in the 2D
space. (c) CAC vectors.

3.3 MAC

Problem 2: For a speciic MAI of a given iteration set ®I , map

it to core k , such that the total amount of data movement

due to the LLC misses originating from the execution of ®I is
minimum.

Ωe use Manhattan Distance to measure the distance be-
tween a core⁄private LLC and anMC. Therefore, the ainities
between a core and the memory controllers in the system can
be expressed using a set of Manhattan Distances. However,
since two nearby cores would, most of the time, have similar
preferences for a given memory controller in the system, in
this work, we adopt a simpler measure of ainity. Ωe divide
the 2D space (of Figure 3) into 9 regions (R1 through R9), and
the cores that fall in the same region are assumed to have
the same ainity to a given MC. The beneits of dividing
cores into regions are two-folds. First, it allow us to to map
iteration sets with respect to MAI vectors. Second, within
a region, more core candidates allow us to achieve better
workload balance. Figure 6a shows MAC vectors for (cores
in) diferent regions (R). For example, the reason MAC is
(0.5, 0.5, 0, 0) in the second region (R2) is because the cores
in this region are much closer to the irst two MCs (MC1
and MC2) compared to the remaining two controllers. On
the other hand, the cores in R5 have (more or less) equal-
distances to all four MCs in the system, which is indicated
by setting their MAC to (0.25, 0.25, 0.25, 0.25).

3.4 Putting MAI and MAC Together

Recall that our goal is to assign a given set of loop iterations
to available cores such that each core satisies most of its
of-chip data accesses from the nearest memory controller(s),
as illustrated in Figure 1b. MAI and MAC, both represented
as ainity vectors, provide us with the capability to mea-
sure the ainity of loop iteration-to-core. Speciically, let us
irst deine the similarity (or diference) between two ainity

vectors: Given two ainity vectors, ®δ = (δ1,δ2, · · · ,δm) and
®δ′ = (δ′1,δ′2, · · · ,δ′m), the diference (opposite of similar-
ity) between them is deined as

η( ®δ , ®δ′) =
∑

k |δk − δ′k |/m.

Algorithm 1 Algorithm to assign iteration sets to cores
(private LLC).

Input: Number of cores, regions and iteration sets
Output: Iteration sets to core assignment
1: Divide cores into regions Ra
2: for each Ra do
3: compute MAC(Ra );

4: divide iterations into iteration sets ®lk
5: for each iteration set ®Ik do

6: compute MAI(®Ik );

7: ⁄* assigning iteration sets to regions *⁄

8: for each ®lk do
9: ηm =∞
10: for each Ra do

11: ηl = η(MAI(®Ik ),MAC(Ra ))
12: if ηl < ηm then
13: ηm = ηl

14: ASSIGNED(®Ik ) = Ra
15: ⁄* load balancing across regions *⁄
16: target˙avg = number of iteration sets ⁄ number of regions
17: for each Ra in donor Xc region do
18: for each Rb in receiver Yd region do
19: compute NBGH(Ra ,Rb )

20: sort NBGH into SORTED˙NBGH
21: for each (Ra, Rb ) in SORTED˙NBGH do
22: if Ra can donate and Rb can receive then
23: transfer iteration sets from Ra to Rb
24: update the surplus and need for Ra and Rb respectively

The lower the diference (also called error) between two ain-
ity vectors, the higher the similarity between them. Using
the similarity concept on speciic value of MAI and MAC, we
second calculate ηl (MAI, MAC). Ωe prefer the core region
which gives the smaller value of ηl (MAI, MAC) such that the
total amount of date movement due to that iteration set is
minimized.

3.5 Iteration Mapping for Private Last-Level Caches

Algorithm 1 gives the pseudo-code of our compiler algo-
rithm, which assigns loop iterations (actually, iteration sets)
to cores in the case of private LLC. This algorithm is invoked
once for each parallel loop nest in the input code, and has

two main parts. The irst part assigns each iteration set (®I )
to a region using the concepts of MAI and MAC. The second
part balances the workloads across diferent cores, if it is
not already balanced at the end of the irst step, by moving
select iteration sets among regions, in a “location-awarež
manner. The irst part of our algorithm (deined between
lines 1 and 14) goes over all iteration sets of the loop nest

being optimized one-by-one, and assigns each iteration set ®Ik
to a region Ra such that ηl (MAI(®Ik ), MAC(Ra )) ± diference

between MAI(®Ik ) and MAC(Ra ) as deined above ± is smaller

or equal than ηm (MAI(®Ik ), MAC(Rb )), for any a , b. That is,

for each ®Ik , we identify the most suitable region ± one with

an ainity vector most similar to MAI(®I ) considering all 9
regions. As an example, consider the MAI (0.5, 0.25, 0.25, 0).
The second column of Table 2 gives the error values between
this MAI and each of our 9 regions (with the MAC vectors
shown in Figure 6a). Ωe see that, for the iteration set with
this MAI, region R5 would be the most preferable one since
it incurs the minimum error value (0.125). On the other hand,
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for an iteration set with MAI (0, 0, 0.5, 0.5), the most prefer-
able region would be R8 (the error values in this case are
listed in the third column of Table 2).
After this step, we run a load-balancing step (captured

by lines 15-24 in Algorithm 1) whose goal is to balance the
loads (measured in terms of the number of iteration sets
assigned) across the diferent regions.Ωe achieve this by irst
calculating the (target) average number of iteration sets per
region, and then, identifying the donor and receiver regions,
and inally, transferring some iteration sets from donors to
receivers. In this context, donor is a region whose assigned
number of iteration sets is larger than the target average,
and receiver is a region whose assigned number of iteration
sets is smaller than the average. After identifying the donor
and receiver regions, we build an ordered set of region pairs
(denoted as SORTED˙NBGH in Algorithm 1), each consisting
of one donor and one receiver. The order used is based on
proximity, that is, if a donor and a receiver are neighbors
in the 2D space, they take the irst place; and the larger the
distance between a donor and a receiver is (in the 2D space),
the lower the location of the corresponding pair in the order.
Then, starting with the top of the list, our approach transfers
iteration sets between the corresponding donor and receiver
to bring them as close to the average as possible. Let us
assume, for instance, that regions R1, R5, and R9 are donors
with the surpluses of 2, 8, and 2 iteration sets, respectively,
and regions R3 and R8 are receivers with the needs of 3 and
9 iteration sets. In this case, we irst start with either (R5,R8)
or (R9,R8) and perform iteration set transitions between R5

and R8 (or between R9 and R8). Supposing that we start with
(R5,R8), we transfer all surplus of R5 (8) to R8; now, R5 has
no surplus left, so it is not considered anymore; and, the
need of R8 is reduced to 1. Ωe then consider the pair (R9,R8)
, and assign 1 iteration set from R9 to R8. At this point, R8 is
also out of the picture, and the surplus of R9 is reduced to
1. Ωe next move to pair (R9,R3) as, although they (e.g., R9

and R3) are not neighbors, there is only 1 region between
them. The remaining pairs are processed similarly. Note that
this load-balancing strategy tries to limit the load (iteration
set) transfers between close-by regions, that is, it is location
aware.

Algorithm 1 works well with private LLC since, in such ar-
chitectures, data from of-chip memory are brought directly
into the LLC of the requester core. However, as discussed
earlier in Section 2, in the case of shared LLC (S-NUCA), each
data block has a home cache⁄node and the distance between
the requester core and home node can also play a signiicant
role in shaping performance. So, to address shared caches,
we augment our ainity vectors with two new ones: cache
ainity of iterations (CAI) and cache ainity of cores (CAC).
In computing these ainities, we again logically partition
the 2D on-chip network space into 9 regions.

3.6 CAI

Problem 3: Given a loop iteration set ®I , map it to a core such

that the data elements involved in that iteration set are fetched

from the nearest last-level cache (LLC) banks in the shared

LLC system.

For a given iteration ®i , we deine its CAI(®i) as a 9-entry vec-
tor5, such that the jth entry indicates the strength of ainity

between this iteration and region j . As in the case of MAI(®i),
we use an example to better explain its calculation. Consider
the same computation in Figure 5, assuming this time all
data accesses hit in some LLC in the system, as illustrated in
Figure 6b and indicated in the third column of Table 1. In this

case, CAI(®i) can be computed as (0, 0.25, 0, 0.5, 0, 0, 0, 0.25, 0),
indicating that two of the data references are satisied from
the caches in the 4th region, whereas the remaining two
references are satisied from regions 2 and 8.

3.7 CAC

Problem 4: For a speciic CAI of a given iteration set ®I , map it

to core k , such that the total amount of data movement due to

fetching data blocks from their home nodes (LLC home banks)

is minimum.

Using the same logical partitioning of the 2D on-chip net-
work space, CAC is calculated in a way similar to MAC. Ωe
use a 9-entry vector (as in the case of CAI). For all the cores
in a region Ra , the ath entry of its CAC is set to 0.5, and the
remaining weight (ainity) is equally distributed across the
immediate neighbors of that region. In practice, what this
means for a core is that, half of the preference the core has
regarding cache accesses is given to the LLCs in the region
where that core resides, and the remaining preference is dis-
tributed across its neighboring regions. As a result, as shown
in Figure 6c, the CAC vector for the cores in region R1 is set
to (0.5, 0.25, 0, 0.25, 0, 0, 0, 0, 0), indicating that, as far as the
cores in this region are concerned, the most preferable LLCs
are those in the same region (R1), and the next preferable
LLCs are those in regions R2 and R4, which are immediate
neighbors of R1. Similarly, the CAC vectors of the cores in
regions R2 and R5 are set to (0.16, 0.5, 0.16, 0, 0.16, 0, 0, 0, 0)
and (0, 0.125, 0, 0.125, 0.5, 0.125, 0, 0.125, 0, 0), respectively.
Note that, like MAC, CAC is also application independent.

3.8 Iteration Mapping for Shared Last-Level Caches

Now that we have ainity vectors MAI, MAC, CAI and CAC,
we are ready to present our iteration (set) mapping algorithm
for the shared (S-NUCA) LLC case. Recall that ηm computed
above captures the error (dissimilarity) between a MAI and
a MAC, which can be used to determine the “idealž location
(core) for a given iteration set considering its of-chip mem-
ory accesses. Similarly, one can deine ηc , as a measure of
the error between a CAI and a CAC. In mathematical terms,

5In general, in anm-region case, it is anm-dimensional vector.
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Table 2. Error calculation for three diferent MAI vectors.

MAI = (0.5,0.25,0.25,0) MAI = (0,0,0.5,0.5) MAI = (0,0.25,0.25,0)
R1 (0.5+0.25+0.25+0)⁄4 = 0.25 (1+0+0.5+0.5)⁄4 = 0.5 (1+0.25+0.25+0)⁄4 = 0.325
R2 (0+0.25+0.75+0)⁄4 = 0.25 (0.5+0.5+0.5+0.5)⁄4 = 0.5 (0.5+0.25+0+0)⁄4 = 0.1875
R3 (0.5+0.75+0.25+0)⁄4 = 0.375 (0+1+0.5+0.5)⁄4 = 0.5 (0+0.75+0.75+0)⁄4 = 0.25
R4 (0+0.25+0.25+0.5)⁄4 = 0.25 (0.5+0+0.5+0)⁄4 = 0.25 (0.5+0.25+0.25+0.5)⁄4 = 0.325
R5 (0.25+0+0+0.25)⁄4 = 0.125 (0.25+0.25+0.25+0.25)⁄4 = 0.25 (0.25+0+0+0.25)⁄4 = 0.125
R6 (0.5+0.25+0.25+0)⁄4 = 0.25 (0+0.5+0.5+0)⁄4 = 0.25 (0+0.25+0.25+0)⁄4 = 0.125
R7 (0.5+0.25+0.25+1)⁄4 = 0.5 (05+0+0.5+0.5)⁄4 = 0.25 (0+0.25+0.25+1)⁄4 = 0.325
R8 (0.5+0.25+0+0.25+0.5)⁄4 = 0.325 (0+0+0+0)⁄4 = 0 (0+0.25+0.25+0.5)⁄4 = 0.25
R9 (0.5+0.25+0.75+0)⁄4 = 0.325 (0+0+0.5+0.5)⁄4 = 0.25 (0+0.25+0.75+0)⁄4 = 0.25

Algorithm 2. Core part of the algorithm that
assigns iteration sets to cores (shared LLC).

1: for each iteration set ®Ik do
2: ηm =∞
3: for each Ra do

4: η1 = η(MAI(LLC(®Ik )),MAC(Ra ))

5: η2 = η(CAI(®Ik ),CAC(Ra ))
6: if η1 + η2 < ηm then
7: ηm = η1 + η2

8: ASSIGNED(®Ik ) = Ra

if CAI = (δ1,δ2, · · · ,δ9) and CAC = (δ′1,δ′2, · · · ,δ′9), then
the diference between them is deined as

ηc ( ®δ , ®δ′) =
∑

k |δk − δ′k |/9.

At this point, it is important to note that, for an iteration

set ®I , both ηm and ηc can be important since one of them
captures memory ainity while the other captures cache
ainity. It is also to be noted that, if we knew that all the

accesses made by ®I will be satisied from the on-chip last-
level cache, memory ainity would not be important. On
the other hand, if we knew that none of the accesses made
by ®I will be satisied from the on-chip last-level cache (i.e.,
all will go to the of-chip memory), cache ainity would be
less important. But, in practice, only some of the accesses

in ®I can be satisied from the LLCs whereas others go to the
of-chip memory, so it is important to consider both ηm and
ηc . Motivated by this, we use a weighted sum of them, that

is, we deine the overall error in the assignment of ®I as

η = α .ηc + (1 − α).ηm ,

where 0 ≤ α < 1. Ωe later discuss how to determine α .
However, we need to make one important point clear. In an
S-NUCA based system, after an L1 miss, irst the L2 cache
(depending on the address of the data being requested) is
checked (where ηc plays a role), and in the case of an L2
(our LLC) miss, a request is made to the target MC (based
on its physical address) from the missing L2, not from the
requesting core. Therefore, the deinition of MAI in the for-
mulation above needs to be slightly modiied in the case of
S-NUCA. Speciically, instead of capturing the ainity be-
tween a core and an MC, we need to capture the ainity
between an LLC and an MC. This is achieved by considering
(in computing MAI) the locations of the LLC caches, instead
of cores. The mapping part of the compiler algorithm for the
case of shared LLC (S-NUCA) is given as Algorithm 2. Note
that the load-balancing part is same as that of Algorithm 1,
and hence, it is omitted in Algorithm 2.

3.9 Discussion

As discussed above, our approach divides the 2D network
space into regions, and the concept of “regionž is used in
the calculations of MAC, CAI, and CAC. Clearly, the region
concept is an abstraction to make our formulation of ainity
simpler. If desired, one may want to reduce the region size
(and thus have more regions) in an attempt to achieve a

model with higher accuracy ± having a iner-grained⁄more
reliable ainity between cores, LLCs andMCs. In the extreme
case, each region can contain only one core. The downside
of this approach would be the requirement of working with
longer CAI and CAC vectors. In our evaluations, we report
results from a sensitivity experiment where we tested the
potential beneits that could be brought by smaller regions.

Our approach can also be modiied to work with network
topologies other than 2D meshes. The only requirement is
that the positions of the cores, last-level caches, and memory
controllers with respect to one another should be exposed
to our compiler. For example, we can handle diferent place-
ments of MCs in the network space, and in fact, in Section 5,
we report results with an alternate MC placement. Simi-
larly, we can work with more sophisticated⁄non-standard
LLC management schemes such as [13] as long as they are
exposed to our compiler.
Another point is that, if desired, certain ainity vectors

can be computed diferently without changing the high-level
structure of our optimization strategy. For example, in com-
puting CAI, we give, for a given core, half of the preference
to the LLCs of the region where that core resides. Clearly,
one may opt to assign diferent weights to the entries of CAI,
in an attempt to better relect the speciics of a given archi-
tecture. Also, in calculating MAC vectors, we can encode
memory controller preferences in a iner-granular fashion.
In addition, our approach works at a region granularity, that
is, each iteration set is assigned to a region. There is also the
question of how the iterations assigned to a region are to be
distributed over the cores in that region. In our implementa-
tion, we make this iner-granularity assignment randomly. In
other words, once, for a given iteration set, the most suitable
region is identiied, the iteration set is assigned to a core in
that region randomly, with the only constraint that the loads
of the cores in the region should be more or less balanced.
Again, if desired, onemaywant to employ diferent strategies
for this ine-granular mapping. One option would be letting
the OS to do the scheduling within each region6. Another
option would be working with smaller regions (with fewer
cores), to have more control over where (to which core) an
iteration set is mapped within its assigned region.

6Our experiments with this OS option generated around 2% better results

(on average) than the random selection option.
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The next point of discussion is that is that two diferent
paths, each having the same number of links, can (in princi-
ple) experience diferent latencies due to contention. How-
ever, note that our approach tries to reduce this contention
at the irst place, by reducing the distance a data request trav-
els on the network. This brings two important advantages.
First, a message visits minimum number of links, and second,
this also makes contention less likely, as the probability of
contention increases with the number of links a message
traverses.

4 Implementation Details

Ωe implemented our scheme using the PLUTO compilation
framework [11], and tested its efectiveness using both regu-
lar multi-threaded applications (those with mostly compiler-
analyzable data accesses patterns) and irregular multi-
threaded applications (those with mostly indirect⁄index-
array based data access patterns). For the irst group, the
input code is modiied by the compiler to generate optimized
mapping of computations to cores. For the second group on
the other hand, we employed the inspector-executor para-
digm [18] (more on this shortly). 7 In both these implementa-
tions, one of the crucial issues is to determine an appropriate
value for the α parameter when targeting the shared cache
systems. In the case of regular applications, we determine
the value of α by using a cache miss estimation strategy. Let
us consider the computation shown in Figure 5 once more,
this time assuming a cache miss estimating strategy (we use
CME [23] in our implementation8) indicates that, for a spe-
ciic i , B(i) and C(i) will hit in the last-level cache, whereas
A(i) and D(i) will miss in the cache and access the of-chip
memory (see the last column of Table 1), i.e., A(i) accesses
MC3 and D(i) accesses MC2 (let as assume, for simplicity,

that each iteration set has only 1 iteration, i.e., ®I = i). In this
case, we compute MAI(i) as (0, 0.25, 0.25, 0) and CAI(i) as
(0, 0, 0, 0.5, 0, 0, 0, 0, 0). The last column of Table 2 lists the
error values obtained with this reined MAI, which indicate
that regions R5 and R6 are the most suitable regions for this
iteration. In other words, cache miss estimation can be used

7Note that the distinction between “regularž and “irregularž applications

can be blurry at times. In particular, many large array-based application

programs can have both regular and irregular data accesses. For the sake of

simplicity, in our experiments, we classify an application “regularž, if a large

majority of its data accesses are via regular references, and similarly, an

application is termed as “irregularž if a large majority of its array accesses

are through index arrays. Each of our 21 applications fall into one of these

two categories. Note however that, even when optimizing an irregular

application using the inspector-executor paradigm, its regular loop nests (if

any) are completely optimized at compile time.
8Ωe changed the original implementation in [23] to employ statistical

methods when computing the number of solutions. Such methods helped

us maintain the accuracy of the original implementation while making it

run much faster in practice. Ωe observed that the accuracy of our CME

implementation varied between 76% and 93%, depending on the application

program.

to reine the computations of MAI and CAI. Furthermore,
since we now know that two of the accesses are hits and the
remaining two are misses, we can use this information to set
α to 0.5. If on the other hand only one of these four requests
were estimated to be cache hit, the α parameter would be
set to 0.25, giving more weight, for this iteration, to the of-
chip memory accesses (as opposed to cache accesses). To
summarize, we use cache miss estimation [23] to (1) produce
more precise MAI and CAI vectors and (2) determine the
value of the α parameter. Note that cache miss estimation in
our work is useful for both private cache and shared cache
systems. In the former case, it is used to reine MAI, while
in the latter case, it is used for reining MAI and CAI as well
as determining the value of α . Ωe want to emphasize that,
our proposed approach does not afect the degree⁄amount
of parallelism in the loop nest being optimized; rather, it
just assigns iterations to cores with the goal of reducing the
footprint of data accesses on the on-chip network.
Let us now discuss the inspector⁄executor paradigm em-

ployed for the case of irregular applications. In most irregular
applications there is an outer (timing) loop that iterates ei-
ther a ixed number of times or until a convergence criterion
is met. Typically, either before this timing loop is entered or
after its irst iteration, the contents of index arrays are de-
termined.9 In our implementation of the inspector⁄executor
paradigm, the compiler inserts an “inspector codež into the
application code after the irst iteration of the timing loop10

that (1) determines for each data access (and also for each
iteration) the LLC hits, misses, caches that satisfy hits, and
the MCs that handle misses; (2) constructs MAI and CAI; (3)
determines the value of α , and (4) ills a data structure to in-
dicate computation set-to-core assignment. Then, the timing
loop (now it is called executor) executes using this sched-
uling information. All these four steps mentioned above
are executed at runtime, and consequently, they incur ex-
ecution time overheads. In the results reported later, these
overheads are fully captured. On the other hand, compared
to the static compiler analysis, the inspector⁄executor par-
adigm has the advantage of working with more accurate
information. Speciically, the hit⁄miss behavior in this case is
observed at runtime (instead of being estimated at compile
time) using CME, and similarly the calculations of MAI, CAI
and α are performed considering the actual cache and mem-
ory accesses. Assuming that, for a given iteration set, the
hit⁄miss behavior and ids of the caches and MCs accessed
do not signiicantly change from one iteration of the timing
loop to the other, we can expect the values (of MAI, CAI
and α ) calculated this way to be more accurate than those
values calculated in the case of regular applications based on
compiler-estimated values. In our experiments, we carefully

9In some applications, index arrays may be assigned in multiple places in

the program code. Our approach handles such cases as well, by executing

the inspector code multiple times.
10Timing loops are marked in the code by the user.
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quantify the overheads brought by our approach in the case
of irregular applications. Once our compiler computes MAI,
MAC, CAI, and CAC, they are stored in a data structure ± es-
sentially, a table indexed by the iteration set id. Our approach
then uses this table as well as the architecture description to
assign iterations to cores.
Finally, it is important to note that, while the com-

piler⁄programmer works with virtual addresses, the hard-
ware works with physical addresses. More speciically, the
ids of the LLC or MC to be accessed by a given data reference
(if it misses in L1) is a function of the physical address. In
the case of irregular applications, our approach employs the
inspector-executor paradigm, and consequently, learns ± in
the inspector phase at runtime ± the LLC and MC location(s)
for a given iteration set. In the case of regular applications
on the other hand, the compiler needs to igure out these
LLC and MC ids at compile time. To do this, in addition to
exposing the numbers and locations of LLCs and MCs to
the compiler, we also need to expose the physical address.
In our approach, this is achieved by using an OS call dur-
ing data allocation which ensures that the locations in the
virtual address that correspond to the MC and LLC bits are
not modiied during the virtual address-to-physical address
translation. As a result, by looking at the virtual address of
a data element, we will be able to tell the ids of the target
LLC and MC (if it misses in LLC) that will be accessed. Con-

sequently, for a given iteration set ®I , we are able to build the
MAI and CAI vectors. Ωe want to emphasize that, while our
approach puts some restriction on the OS during virtual-to-
physical address translation, we do not expect this restriction
to be a signiicant problem. This is because the OS already
has a lot of lexibility in address mapping and removing a
small set of mappings from its consideration may not be
very important. Our experiments conirmed that; that is,
with this restriction, there was no increase in the number of
page faults. Ωe expect this to be the case even in the future
systems, as the main memory capacities keep increasing.

5 Evaluation

Ωe evaluated the efectiveness of our approach using a simu-
lator as well as a real state-of-the-art manycore system. The
reasonwhywe used a simulator (gem5 [10] in the full-system
mode) is because we wanted to collect detailed on-chip net-
work statistics (e.g., network latency) as well as experiments
with both private and shared cache topologies. The impor-
tant parameters of the target manycore architecture and their
default values are given in Table 4. Ωe later modify some of
these parameters to conduct sensitivity experiments. To our
knowledge, in on-chip networks, static-routing is the norm,
and is widely adapted in the current commercial processors
like Tilera and Xeon Phi.

11Fraction of iteration sets moved due to load-balancing.

Table 3. Benchmark properties.

Benchmark Number of Number of Number of Frac.11

Loop Nests Arrays Iteration Groups

barnes 110 2 88,624 14.3%
fmm 86 5 237,904 9.9%

radiosity 164 19 189,353 11.2%
raytrace 134 12 521,089 6.8%
volrend 75 36 381,157 12.9%
water 30 16 698,012 7.1%

cholesky 128 51 411,882 12.2%
ft 4 19 420,914 15.1%

jacobi-3d 4 3 219,437 8.3%
lulesh 6 1 109,086 8.2%

minighost 4 1 97,132 11.7%
swim 4 12 327,136 13.6%
mxm 2 3 278,008 11.0%
art 12 16 411,876 9.4%
nbf 44 12 289,990 18.5%

hpccg 4 4 78,032 10.4%
equake 12 8 309,528 7.7%
moldyn 2 6 220,354 13.9%
dif 8 12 361,151 12.8%

Table 4. System setup.

Manycore Size, Frequency 36 cores (6 × 6), 1 GHz, 2-issue
# of Regions, Region Size 9(2 × 2)
L1 Cache 16 KB; 8-way; 32 bytes⁄line
L2 Cache 512 KB⁄core; 16-way; 64 bytes⁄line
Coherence Protocol MOESI
Router Overhead 3 cycles
Page Size 2 KB
On-Chip Network Frequency 1 GHz
Routing Policy X-Y routing
DRAM DDR3-1333;

250 request bufer entries; 4 MCs
1 rank⁄channel; 8 banks⁄rank

Row-Bufer Size 2 KB
Data Distribution page granularity round robin for banks

cache line granularity round robin for LLC
Iteration Set Size 0.25% of iterations
Operating System Linux 4.7

Ωe use a set of 21 multi-threaded benchmarks in this study
including both regular and irregular programs: all Splash-2
applications except one [64], jacobi-3d [3D Jacobi computa-
tion], lulesh [5], minighost [3], swim [6], mxm [dense matrix
multiplication], and art [6]), nbf [25], hppccg [3], equake [6],
moldyn [25], and dif, a diferential equation solver. Table 3
lists important characteristics of these benchmarks. The sec-
ond and third columns give the number of loops and number
of arrays in each code; the fourth column shows the total
number of computation sets; and the last column gives the
fraction of computation sets that are moved (from one core
to another) as a result of load balancing.
The input sizes of these applications range between 451

MB and 1.4 GB, and their LLC (L2) misses range between
13.3% and 37.2%, averaging on 23.3%. After the warm-up
phase we simulated each application either to completion or
until 1 billion-instructions are executed. To determine the
completion of a benchmark in gem5, we registered for an
exit event from the program and dumped the stats in the
callback handler of that event.
Default Computation Mapping. Below, we compare our
approach to a default iteration set-to-core mapping. In this
default (baseline) mapping, iterations of a parallel loop nest
are divided into (iteration) sets and these set are assigned
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to cores in a round-robin fashion (note that this is essen-
tially the same iteration set deinition used in our approach).
For example, if a loop nest has Q iteration sets (recall from
Table 4 that in our default setting, iteration set size is set to
0.25% of the total iterations in the nest) and we have P cores,
each core is assigned Q/P iteration sets, without taking into
account any location information. Note that both the default
and our optimized codes use all available conventional data
locality (e.g., tiling) and SIMD optimizations; they difer only
in how they assign iterations to cores. In other words, the
default mapping is locality aware but not location aware,
whereas our approach is both locality and location aware.

In our gem5 experiments (with the full system mode),
with the openMP codes, we use OMP˙NUM˙THREADS()
and GOMP˙CPU˙AFFINITY() to set the number of threads
and to pin threads to cores, respectively. Ωith the pthreads
codes, we use pthread˙setainity˙np() (numactl binary can
also be used for that). Similarly, in our KNL experiments, we
use KMP˙HΩ˙SUBSET (a runtime environment variable) to
specify the number of sockets, number of cores, and number
of threads⁄core. For example, KMP˙HΩ˙SUBSET=1s,6c,4t
indicates 24 threads on 6 cores with 4 threads⁄core inside a
single socket. For pinning threads to cores in pthreads appli-
cations, we use pthread˙setainity˙np() in the application
code. This call maps a thread (or a set of threads) to a core
(or to a set of cores). The corresponding call for OpenMP
applications is GOMP˙CPU˙AFFINITY().
Default Data Mapping. As our default data mapping, we
use diferent strategies for memory banks and last-level
cache (LLC) banks. Speciically, we distribute physical ad-
dresses across memory banks in a round robin fashion at a
page (memory row) granularity, which is 2KB in our case.
In contrast, in an attempt to maximize parallelism across
cache accesses, we distribute addresses across cache banks
in a round robin fashion at a cache line size (64 bytes) gran-
ularity. Note that both these distributions are quite popular
and were used by prior research [28, 57, 58]. Note also that,
in gem5, depending on the address mechanism deined (e.g.,
cache, bank, rank bits), an LLC Miss (physical address) is
routed to corresponding banks and ranks. decodeAddr() in
gem5 is used to set up the rank and bank information and
create a DRAM packet out of the memory request packet
coming from LLC.

Ωe later also compare our computation mapping scheme
to a recent data layout optimization scheme [22] as well as a
state-of-the-art computation mapping scheme [16]. To imple-
ment our compiler analysis, we used PLUTO [11]. Basically,
we augmented PLUTO with three main components: CME,
symbolic-analysis support, and our computation-mapping
module. As mentioned earlier in Section 4, in our implemen-
tation, CME is used (as a sub-module) to (i) produce more
precise MAI and CAI vectors and (ii) determine the value of
the α parameter.

Private Cache Results: Ωe irst present the accuracy re-
sults in our MAI estimation. Recall that, in the case of regular
applications, we use cache miss estimation to determine MAI
which may not exactly match the MAI observed in execution,
due to the inaccuracy in cache miss estimation. The results
in Figure 7a for the regular applications indicate the error (as
deined in Section 3) between the MAI vector estimated at
compile time and the MAI vector observed at runtime. This
error is calculated for each iteration set, and the result in
Figure 7a represents the average value over all iteration sets.
In the case of irregular applications on the other hand, our
approach calculates MAI after the inspector code and uses
them in the executor code (the remainder of execution). The
results in Figure 7a for irregular applications show the aver-
age error (across all iterations) between the MAI computed
at the end of the inspector code and the MAI observed at
the executor phase. As can be expected, the MAI accuracy is
high across all applications, with an average error value of
7.9%, indicating that the compile-time estimation of MAI is
also reasonably accurate.
The irst bar for each application in Figure 7b shows the

average reduction in on-chip network latency when using
our approach. Our irst observation from these results is
that our approach reduces network latency across all reg-
ular and irregular applications, with an average of 38.4%.
In few programs (equake, volrend, barnes), the savings are
not signiicant, primarily because in those applications the
default mapping of iteration sets to cores perform quite well.
On the other hand, in applications such as lulesh, swim and
moldyn, where the default mapping of iterations performs
poorly, our approach achieves very signiicant savings in
on-chip network latencies. For each application, the second
bar in Figure 7b plots the impact of these improvements of
network latency on execution times. Each bar in this graph
represents the percentage reduction in execution time over
the default mapping strategy. Ωe want to emphasize that, in
the case of irregular applications, these results include all the
runtime overheads incurred by our approach. The average
performance improvement is 10.9% for all applications. At
this point, we can compare these results to those presented
in Figure 2 which represents the maximum performance
improvement with an ideal network. The gap between the
two plots (the second bar in Figure 7b and the irst bar in
Figure 2) is more pronounced in the case of irregular appli-
cations compared to the regular ones, due to the runtime
overheads incurred in the former. The runtime overheads
of our approach are quantiied in Figure 7c. Each bar gives
the overhead as a fraction of the overall execution time of
the application. Ωe see that these overheads range between
0.7% and 19.5%, averaging on 2.9%.
Shared Cache Results: Ωe next present the results col-
lected with a shared LLC. Figure 8a gives the average MAI
accuracy and CAI accuracy results for our applications. Ωe
observe an average MAI (CAI) error value of 11% (14%). The
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Figure 7. (a) MAI errors. (b) Reduction in on-chip network latencies and execution time. (c) Percentage runtime overheads.
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Figure 8. (a) MAI and CAI errors. (b) Reduction in on-chip network latency and execution time. (c) Overheads.
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Figure 9. Sensitivity results.

savings in on-chip network latencies are plotted as the irst
bar for each application in Figure 8b, and indicate an average
network latency improvement of 43.8% across all applica-
tions. The corresponding execution time saving ± plotted as
the second bar for each application in Figure 8b ± is 12.7%, on
average. Ωe see that these improvements (both in network
latencies and execution times) are higher than the corre-
sponding average improvements in the case of private LLCs.
The main reason for this is the fact that, in the case of shared
caches, the on-chip network experiences much more traic
due to remote L2 accesses in S-NUCA. Consequently, the
default iteration mapping, which does not do anything spe-
ciic for optimizing network traic, performs quite poorly,
and consequently, our approach generates higher savings
compared to the default mapping. Figure 8c gives the dy-
namic overheads of our approach, as a fraction of the overall
execution time. These values are similar to those presented
earlier for the private cache case.
Varying Simulation Parameters: In the interest of space,
for each experiment we only report the geometric mean of
the network latency and execution time improvements for
the private and shared cache cases. Ωe present the results
when key hardware parameters are modiied in Figure 9 (in
each experiment, only one parameter is modiied). It can be
observed from these results that (i) increasing the network
size (and the number of cores) increases the performance
improvements brought by our approach. This is mainly be-
cause a larger network makes network optimization more
important as a result of the increase in distance between the
requester core and data location (main memory or last-level
cache, in the shared LLC case); (ii) as can be expected, in-
creasing the LLC capacity tends to reduce our savings since
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Figure 10. Results showing sensitivity to the number of
regions and iteration sets.

doing so reduces the volume of the message traic in the
network; (iii) a larger page size (8KB) brings lower beneits
since a larger page size causes the data accesses to use a
smaller fraction of the on-chip network and this tends to
reduce opportunities for our approach; (iv) changing the lo-
cation of the memory controllers does not have a signiicant
impact on our savings. In this experiment, we placed the
four memory controllers in the middle of each side of the 2D
space, instead of the intersection of the sides (corners), and
the savings achieved in both the cases are quite similar.
The results with diferent region sizes are plotted in Fig-

ures 10a and 10b. Ωe see that for both the private LLCs and
shared LLCs, going beyond a certain number of regions does
not bring much additional beneits. On the other hand, as
expected, working with a very few (but large) regions per-
forms quite poorly as doing so causes some loss in location
awareness. In Figures 10c and 10d, we plot the impact of
changing the iteration set size. Recall from Table 4 that the
iteration set size we employed so far in our experiments was
0.25% of the total number of iterations (in each loop nest).
Ωe see that, it is important to work with small iteration set
sizes, as increasing the set size smoothes the diferences in
the access patterns of diferent iteration sets, and this in turn
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Figure 11. Results with diferent combinations of physical
address distribution over (memory banks, cache banks).
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Figure 12. Results with DDR-4.

makes iteration scheduling less critical. However, working
with a very small value (e.g., 0.1%) is not a good idea either,
because in that case the dynamic overheads seen in irreg-
ular applications start to play a larger role in shaping the
application performance.

The next parameter we change is the distribution of data
(physical addresses) across memory banks and cache banks.
Recall from Table 4 that, our default distribution of physical
addresses across memory banks is round robin with page
size granularity, and that across caches is round robin with
cache line size granularity. In principle, other combinations
are also possible, and the corresponding results are plotted
in Figure 11. Due to space concerns, for each combination,
we only report geometric mean across all 21 applications,
and (cache line, page) corresponds to our default distribu-
tion. It can be observed from these results that our approach
performs quite well in all combinations.

It is to be emphasized that, while we expect our approach
to generate better results than the default computation map-
ping under any give distribution of data (addresses) across
memory banks, it is still an open question how one should
co-optimize computation and data distributions together to
maximize overall performance. Since computation and data
distributions are tightly coupled, a co-optimization approach
can be promising and will be part of our future research.
Note that, so far, we reported results with DDR-3. In

Figure 12, the execution time improvements with DDR-4
are presented. Although these savings are a bit lower com-
pared to the DDR-3 results, they still represent signiicant
improvements over the default mapping (when it uses DDR-
4), resulting in 9.5% and 11.4% average improvements, for
private and shared LLCs, respectively.
Ωe also collected results using a SIMPOINT [51] like ap-

proach that considers phase behavior of the application being
simulated. The collected results are similar to those obtained
via our default (1 billion instruction) approach, hence, we do
not report the detailed results here.
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Figure 13. Comparison against data layout reorganization.
LA denotes our approach and DO denote the scheme in [22].

Overall, these sensitivity experiments demonstrate that
our approach performs very well across the diferent values
of the major simulation parameters.
Comparison against Alternate Approaches: In this part,
we irst quantify the beneits of our computation mapping
strategywhen it is used alongwith a data layout optimization
strategy, and then compare our approach to a previously
published computation mapping scheme.

Ωe are not aware of any data layout optimization strategy
that targets at reducing on-chip network traic in irregular
applications. A recent work [22] tries to reduce network
traic by determining a suitable memory layout of data for
regular application programs. Such layout optimizations are
inherently limited in the sense that, while diferent loop nests
accessing the same data structure may demand diferent
memory layouts, a practical scheme needs to select a single
layout (for each data structure) to be used for the entire
program. Consequently, the selected layout may not be very
desirable (let alone being optimal) for every loop nest in the
code. Ωe were able to run only 6 of our applications with
the scheme in [22]. The results given in Figure 13 show that,
in 4 of the applications tested, our approach (denoted LA)
outperforms the scheme in [22] (denoted DO in the graph),
while the latter performs better in the remaining two (swim
and mxm). The LA+DO version in the graph represents an
optimization strategy in which irst DO is applied and then
our scheme. Ωe see that doing so brings additional beneits
in all but one benchmark. In swim, data layout optimization
performs extremely well which leaves no further scope for
our scheme to bring any additional beneits.

Ωe also compared our approach to a recent OS-⁄hardware-
based computation mapping scheme [16] that targets re-
ducing distance-to-data. Ωhile the scheme in [16] is for
multiprogrammed-workloads, one can treat each thread of
a multithreaded-application as if it is a separate application
and use [16] for thread⁄application-to-core assignment. The
results are presented in Figure 14 as the last two bars for
each application (the irst two bars reproduce the correspond-
ing results our compiler-based approach achieves). Ωe can
see that [16] does not perform well in the shared LLC case,
mainly because, in an S-NUCA system, for an application
with signiicant miss-rate, it is the L2-to-MC distance that
plays the biggest role (not the core-to-MC distance which is
the main target of [16]). On the other hand, [16] performs, as
expected, better with private LLCs. Still, our approach gener-
ates better results than [16]. This is because, [16] works best
when diferent applications in the workload have diferent
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Figure 14. Comparison against a hardware-based scheme.
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Figure 15. Results with perfect MAI, CAI and cache miss
estimation.

characteristics⁄memory intensities⁄network intensities. But,
diferent threads of a multi-threaded application generally
have similar network⁄memory intensities, diminishing the
performance diferences across diferent thread-to-core as-
signments. Our approach, on the other hand, collocates the
iteration-sets that heavily share data in between in the same
region, thereby leading to better performance.
Optimality:Ωhile in general it is diicult to deine “optimal
computation mappingž in the context of manycore environ-
ments running regular and irregular applications, one way
of mimicking it using the simulator is to assume perfect MAI
and CAI estimations. Assuming 100% accuracy in MAI- and
CAI-estimation as well as perfect cache miss estimation, we
collected execution time savings under both the private and
shared cache conigurations, and the results are plotted in
Figure 15. Ωe see that these results are not much better than
the corresponding savings when we do not have perfect MAI,
CAI and cache miss estimation, indicating that our approach
performs quite well in practice.

Ωhile not presented here, we also tested the efectiveness
of our approach when running multiple multi-threaded ap-
plications (each optimized using our approach) at the same
time. Our experiments revealed that the proposed approach
brings, on average, around 18.1% improvement in the case
of private caches and 26.7% in the case of shared caches.
Results with Intel KNL: Ωhile this work is a primar-
ily simulation-based study as it is hard to get detailed on-
chip network statistics from real manycore systems and we
wanted to change some hardware parameters, we also evalu-
ated our approach on an Intel KNL (Knight’s Landing) many-
core and measured the execution times. KNL is based on
a 2D mesh network. This architecture is organized into 36
tiles, each containing two cores (allowing concurrent execu-
tion of up to 240 threads), featuring 32KB data cache and a
pair of custom 512-bit AVX vector units. Each tile also has
an L2 bank of 1MB. KNL also features a high-bandwidth
near memory (more details can be found in [7]). KNL has
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Figure 16. KNL results.
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Figure 17. Results with diferent input sizes.

three diferent cluster modes, which are essentially ways
of dividing the chip into separate virtual regions, with the
goal of keeping the on-chip communication as local as pos-
sible. In the all-to-all mode, addresses are uniformly hashed
over all memories and caches independently. In the quadrant
mode, the chip is divided into 4 (virtual) quadrants and a
memory access travels within the same quadrant. Note that
this mainly optimizes for main memory accesses. Finally,
in the SNC-4 mode, each quadrant is exposed as a separate
cache-coherent NUMA cluster.
The graph in Figure 16 gives the reduction in execution

cycles with and without our approach, and all values are
with respect to the execution times in the all-to-all mode
without our approach.12 One can see that, our approach
improves the performance of the all-to-all mode signiicantly,
and actually makes it even better than the quadrant mode
without our approach. This is because the quadrant mode
mainly optimizes for main memory accesses whereas our
approach optimizes cache accesses as well. Our approach
also improves over the SNC-4 mode (22.2% on average). It is
even more interesting to note that the all-to-all mode with
our approach performs better than the SNC-4 without our
approach (by 8.8% on average). This is mainly because the
SNC-4 mode can lead to signiicant contention on some links
while aggressively enforcing data locality. In any case, the
best results are obtained when our compiler-based approach
is combined with SNC-4.
Figure 17 gives the KNL results when the input sizes of

certain applications are increased. Ωe were able to increase
the input sizes of only 9 of our applications without creat-
ing any correctness issue. The left half of Figure 17 reports
the results when the input size is approximately 2x of the
original, and the right half gives the same results with a 4x
increase. As can be expected, our approach performs better
with larger input sizes. This is primarily due to the fact that

12All the (original⁄optimized) versions tested on KNL use all conventional

data locality (e.g., loop permutation, tiling, unrolling) as well as low-level

parallelism (e.g., SIMD) optimizations.
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the unoptimized codes perform worse with larger inputs,
and consequently, the relative improvements brought by our
approach increase. Ωe also tested our approach when run-
ning four multi-threaded applications at the same time on
Intel KNL. Our approach brought about 22% performance
improvement (on average) over the SNC-4 mode.

6 Related Work

Hardware and OS Based Optimizations: Prior works in-
cluding [29, 34±37, 43, 54, 59, 65, 66] apply hardware⁄OS
based optimizations. Beckmann et al. [9] proposed a mecha-
nism to co-schedule data and threads on a 36-tile system such
that the on-chip data movement is minimized. In S-NUCA,
higher LLC hit rates may not necessarily translate to higher
performance because of the on-chip traic incurred. In fact,
as shown by our results, the proximity between a thread
and its data can play a major role in shaping the overall
application performance. Mishra et al. [47] suggested that
having separate bandwidth-optimized and latency-optimized
physical networks can improve performance by reducing
end-to-end memory access latencies. Since the on-chip in-
terconnect latencies are reduced in this approach, overall
on-chip throughput is improved thereby improving system
performance. Das et al. [17] proposed router privatization
policies to accelerate performance-critical packages on net-
work and eventually improving performance. Zhuravlev et
al. [68] developed a classiication scheme to address the con-
tention of shared resources on NoC. The focus of most exist-
ing hardware-based studies is multi-programmed workloads.
In contrast, we focus on multi-threaded workloads. Das et
al. [16] proposed an approach that maps applications to cores
such that the inter-application interference on shared re-
sources is minimized. Focusing on multi-programmed work-
loads, their idea is to map the applications which are highly
memory intensive and network-sensitive to cores which are
close to thememory controller. As our experiments indicated,
this approach does not work well for S-NUCA systems and
for applications with high LLC hit rates, since the threads
of such applications can still make lots of remote (on-chip)
cache accesses. Dashti et al. [20] proposed a memory place-
ment algorithm that reduces network congestion in NUMA
architectures. Ωe believe that the OS-based and compiler-
based solutions are complementary and can be used together.
Software-Based Proposals: A number of previous com-
piler works [12, 15, 26, 27, 32, 33, 38, 39, 49, 56, 60, 62] ex-
plored the ways to improve data locality (cache performance).
The main goal of these works is to achieve either temporal
reuse or unit-stride (or small-stride) accesses for as many
array references as possible so that the access pattern of
data can be aligned with its memory layout. These works
mainly try to minimize cache misses, and implicitly assume
that all cache hits take the same amount of time to service
and, similarly, all cache misses have the same latency (miss

latency is typically assumed be much higher than hit latency
though). Note that this speciic latency assumption does not
hold in current manycores where there are many caches
and memory controllers⁄memory banks distributed all over
the chip. In these architectures, both caches and memory
controllers are accessed using an on-chip network and thus,
from a given core’s perspective, diferent cache hits (and
similarly diferent misses) can have very diferent access
latencies, dictated primarily by the core’s proximity to the
cache bank or memory bank that hold the requested data.

The other group of software based work [8, 21, 24, 40, 42,
44, 61, 63] focus on NUMA (non-uniform memory access)
systems. These works clearly have some “vicinityž concept
built in them; however, this concept is mostly built upon
a local-remote dichotomy, without any precise location in-
formation, that is, diferent degrees of remoteness are not
considered. If a data access cannot be performed locally,
NUMA-centric works do not care from which remote node
the requested data access will be satisied. In comparison,
our approach takes advantage of relative locations, in the 2D
NoC space, of cores, caches and memory controllers⁄banks.
Note also that NUMA strategies and our approach are in a
sense complementary; in a shared memory multiprocessor,
we can use NUMA techniques for inter-node optimization
and our approach for intra-node (inter-core) optimization.

7 Concluding Remarks

In many previously-proposed compiler works that target
multicores or manycores, relative positions of cores, last-
level caches and memory controllers are not explicitly taken
into account, and consequently, a lot of optimization oppor-
tunities are lost. This paper shows that, by being location
aware, i.e., considering the positions of cores, caches and
memory controllers, a compiler can achieve signiicant im-
provements in parallel application execution times. Specii-
cally, we propose a strategy to assign⁄map parallel computa-
tions to cores in on-chip network based manycore systems.
The results collected using 21 multi-threaded applications
(including both regular and irregular codes) reveal that, our
approach reduces execution times by 10.9% and 12.7%, on av-
erage, for private and shared LLCs, respectively. Our future
work includes co-optimizing computation and data mapping
together.
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