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Abstract
Analytical modeling is an alternative to detailed performance simulation with the potential to shorten the development cycle and provide additional insights. This paper
proposes analytical models for predicting the cache contention and throughput of heavily multithreaded architectures such as Sun Microsystems’ Niagara. First, it proposes a novel probabilistic model to accurately predict
the number of extra cache misses due to cache contention
for significantly larger numbers of threads than possible
with prior analytical cache contention models. Then it
presents a Markov chain model for analytically estimating
the throughput of multicore, fine-grained multithreaded architectures. The Markov model uses the number of stalled
threads as the states and calculates transition probabilities based upon the rates and latencies of events stalling
a thread. By modeling the overlapping of the stalls among
threads and taking account of cache contention our models
accurately predict system throughput obtained from a cycleaccurate performance simulator with an average error of
7.9%. We also demonstrate the application of our model
to a design problem—optimizing the design of fine-grained
multithreaded chip multiprocessors for application-specific
workloads—yielding the same result as detailed simulations
65 times faster. Moreover, this paper shows that our models
accurately predict cache contention and throughput trends
across varying workloads on real hardware—a Sun Fire
T1000 server.

An orthogonal approach to obtaining performance estimates is analytical modeling [27]. An analytical model
employs mathematical formulas that approximate the performance of the processor being designed based upon
program characteristics and microarchitectural parameters.
While workload sampling [21], parallel simulation [19],
and FPGA acceleration [5, 25] can reduce simulation time,
these approaches all require the creation of detailed performance models before any feedback on a proposed microarchitecture change is available to the design team.
Several analytical models have been proposed for singlethreaded processors [4, 11, 14, 16, 17, 18], but very little
work has focused on how to analytically model the throughput of multithreaded processors. In this paper we propose
analytical models for predicting cache contention and overall throughput for fine-grained multithreaded architectures
similar to Sun Microsystems’ Niagara [13]. While recent
research has explored analytical modeling of cache contention between two threads on a dual core system [3], we
find that this approach becomes inaccurate for systems with
a large number of threads, particularly once the number of
threads sharing a cache approaches or exceeds the associativity of the cache (see Figure 2).
This paper makes the following four contributions:
• It proposes a novel probabilistic cache contention
model to accurately predict the number of extra cache
misses due to cache contention for a large number of
threads sharing a cache.
• It presents four analytical models of varying accuracy
and complexity for estimating the throughput of a multicore, fine-grained multithreaded single-issue processor (similar to Sun’s Niagara). The most accurate
model utilizes a Markov chain (example in Figure 5)
to leverage the cache contention model we propose.

1 Introduction
Architects typically evaluate a microprocessor design by
creating a cycle-accurate simulator and then running numerous simulations to evaluate performance. As semiconductor resources continue to scale and industry develops
ever larger chip multiprocessors, simulation time for cycleaccurate performance models will also grow [28], exacerbating already long development cycles.
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• It applies the combined cache contention and Markov
chain throughput model to optimize a multicore finegrained multithreaded processor for two different
application-specific workloads yielding the same design points as detailed simulation.
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• Finally, it validates the models against real hardware—a Sun Fire T1000 server.

cseq(4,6)
A

2 Modeling Cache Contention
In this section, we first summarize a prior cache contention model [3], then explain and evaluate its limitations.
Next, we propose two novel metrics for quantifying aspects
of temporal locality necessary to overcome these limitations. Finally, we propose a novel cache contention model
using these locality metrics to accurately model cache contention for a large number of threads.

2.1

A Prior Cache Contention Model

Chandra et al. [3] propose a probabilistic model for predicting the number of extra cache misses due to cache contention between two threads on a chip multiprocessor architecture. The model uses information from a circular sequence profile obtained for each thread running alone. In
their work, a circular sequence is defined as a sequence of
accesses to the same cache set from a thread such that the
first and the last access are to the same cache block, which
is different from all the blocks touched by intermediate accesses. Figure 1 illustrates the notion of a circular sequence.
In Figure 1 the blocks A, B, C, D, and E map to the same set
in a four-way LRU cache. A circular sequence is denoted as
cseq(d, n), where d is the number of distinct blocks in the
circular sequence, n is the total number of blocks in the circular sequence, and d is at least one less than n (as a result
of the definition of cseq(d, n)).
In an x-way associative cache with LRU replacement the
last access in a circular sequence cseq(d, n) is a hit if and
only if d ≤ x. Thus, by performing circular sequence profiling it is possible to determine whether a load or store misses
in the cache. In Figure 1 we assume a four-way LRU cache.
Here, the last access (to block A) results in a cache miss
since it corresponds to cseq(5, 6) and 5 is greater than the
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Figure 1. An example of circular sequences
in a set of a four-way associative LRU cache
100x

extra L2 misses

In addition to being useful for throughput modeling, our
novel cache contention model may also significantly extend the variety of hardware systems for which an operating
system can apply an analytical cache contention model to
determine co-scheduled threads to reduce cache contention
(e.g., as proposed by [3]).
The rest of this paper is organized as follows: Section 2
reviews a prior model for predicting cache contention between two threads and then describes our novel cache contention model for a large number of threads. Section 3 proposes several analytical models for estimating the throughput of fine-grained multithreaded architectures. Section 4
describes our evaluation methodology. Section 5 analyzes
our experimental results including an application of our analytical models to architecture optimization. Section 6 reviews related work. Finally, Section 7 concludes.
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Figure 2. Extra L2 cache misses due to cache
contention when multiple copies of mcf are
running in parallel (L2 config. in Table 2)
cache associativity. For all the other circular sequences in
Figure 1, the last access corresponds to a cache hit.
To model the number of extra cache misses due to cache
contention, a circular sequence profile is performed to obtain the distribution of cseq(d, n) for a given cache configuration. Using this information, the average of n weighted
by the frequency of occurrence of cseq(d, n), denoted n,
is computed for each d between 1 and x (where x is the
cache associativity). After obtaining n for each d, the prior
model uses the access frequency per set (average number of
accesses per cycle to the cache set, including both hits and
misses) to approximate the average time interval (in cycles)
between the first and the last access of cseq(d, ∗). Here
cseq(d, ∗) represents all circular sequences containing d
distinct tags. Next, the estimated time interval is converted
to the number of cache accesses to that set from the second
thread using the the second thread’s access frequency. Then,
an inductive model is used to estimate the probability that
a specified number of distinct blocks are accessed in the set
from the second thread. Finally, the probability that a cache
hit from the first thread becomes a miss due to interference
from the second thread is approximated, and the number of
extra cache misses of the first thread is calculated.
The prior model works well when there are only two
threads sharing a cache with a high associativity. As the
number of threads sharing the cache increases, the model
becomes less accurate. Figure 2 compares, for multiple
copies of mcf running in parallel, the predicted result both
from an extension to the prior model [3] (labeled “predicted
(prior model)”) and from our new model described in Section 2.3 (labeled “predicted (new model)”) to the result measured on real hardware–a Niagara T1 based Sun Fire T1000
system. The predicted result is the ratio of the number of
extra L2 misses per mcf due to cache contention to the num-

330

# cache sets accessed

ammp

5000

applu

art

bzip2

equake

mcf

mgrid

swim

4000
3000
2000
1000
0

0

0

50

100

50

100
K

150

200

150instructions
200
memory

250
250

300

300

Figure 3. Average distinct number of cache
sets accessed during a given number of consecutive memory instructions for a twelveway, 64B line, 4096-set LRU L2 cache
ber of misses when mcf runs alone. Note we have extended
the Prob approach presented for two threads in Chandra et
al. [3] by considering the interleaving of sequences from
more than one interfering thread1 . In Figure 2, we observe
that the error of the prior model increases significantly as
the number of threads sharing the cache increases. For
example, consider the case where twelve threads share a
twelve-way L2 cache (i.e., 12mcf in Figure 2). For any
given circular sequence of a thread, the number of accesses
from each co-scheduled thread occurring between the first
and the last access in the circular sequence is predicted to
be at least one by the prior model. Therefore, only a small
fraction of the last accesses in cseq(1, ∗) circular sequences
are modeled as hits (when each of the eleven co-scheduled
threads inserts only one access in a cseq(1, ∗)). In this example, the actual number of L2 misses increases by a factor
of 6.2× and our new model presented in Section 2.3 predicts an increase of 6.5× (4.8% error). However, the prior
model predicts an increase of 37.6× since it predicts 95.7%
of the accesses that hit in the cache when mcf runs alone
will turn into cache misses (resulting in a 507.9% error).

2.2

New Locality Metrics for Modeling
Cache Contention

While circular sequence profiling captures many aspects
of temporal locality, what is missing in the prior model described in Section 2.1 is the fact that the cache footprint
of a thread during a small interval of time is likely to be
limited to a small number of cache sets rather than all of
them. If the time interval between the first and the last access in a circular sequence is short, cache accesses from
other co-scheduled threads are not likely to be sent to the
same cache set containing the accesses from the circular
sequence. Therefore, even in the presence of many coscheduled threads the last access in a circular sequence may
1 For “prior

1−



model” in Figure 2we use Pmiss (cseqX1 (dX1 , nX1 )) =
≤A−dX
i=2...N P (seq(dXi , E(nXi ))) to ex-

dX2 +...+dX

N

1

tend Equation 3 for the Prob model in Chandra et al. [3] for more than two
threads. Here Xi , i = 1, represents each interfering thread, A is the cache
associativity, and N is the total number of threads. This equation follows
directly after extending Corollary 3 in [3], suchthat the last access from
X1 in cseqX1 (dX1 , nX1 ) results in a miss if N
i=1 dXi > A (or a hit
otherwise).

not turn into a miss.
To quantify the above behavior we introduce the parameter S(x), which is the average number of sets accessed by a
thread during x consecutive loads or stores. This can be obtained by off-line profiling a memory access trace for a specific cache configuration (or potentially in hardware—e.g.,
by adding a single bit per cache set along with a single
counter and a table—though detailed explorations of such
implementations are beyond the scope of this work).
Figure 3 shows S(x) of different benchmarks for the L2
cache we model in Section 5. From the figure we observe
that as the number of consecutive memory instructions being analyzed increases, the number of distinct cache sets accessed increases until saturating at the total number of cache
sets (provided the data set of an application is large enough
to use all sets in the cache). A thread with higher S(x) for a
given x is more likely to access sets currently used by other
threads.
Besides the number of cache sets accessed, a thread’s
cache footprint also depends on the number of distinct
blocks accessed in those sets. For example, it is possible
that there are two threads with the same value of S(x) for
a fixed x (number of memory instructions). However, for
each set being accessed, there are ten distinct blocks from
the first thread and only two from the second thread. Then,
although the two threads access the same number of sets,
the first thread’s cache footprint over this interval would be
five times larger than the second thread.
To take the number of distinct blocks in a set accessed
by a thread into consideration, we propose using a probability vector, b(i, x), to estimate the probability that there
are i distinct accesses to a cache set during x consecutive
memory instructions, given that the cache set is accessed.
Similar to S(x), b(i, x) can be obtained via off-line profiling. Figure 4 illustrates b(i, x) with different values of x
for mcf. For each x, the probability that there are one to
eleven (i.e., associativity-1) distinct accesses to a cache set
is shown in the first eleven bars, while the rightmost bar of
each figure is the probability of having more than or equal
to twelve (i.e., associativity) distinct accesses.
From Figure 4, we observe that when the measurement
interval (i.e., x) is small, the average number of distinct accesses in each cache set being accessed is likely to be small.
As x increases, the mode in each b(i, x) distribution tends
to move toward higher values of i. When x is sufficiently
large, the number of distinct accesses is typically greater
than or equal to the associativity of the cache. Our use of
b(i, x) essentially replaces the use of the inductive probability model [3]. In the next section, we utilize S(x), b(i, x),
along with circular sequence profiling to more accurately
quantify the additional number of cache misses due to contention among threads when the number of co-scheduled
threads approaches or exceeds the associativity of the cache
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Figure 4. Probability distribution of the number of distinct blocks being accessed in a cache set for
mcf on a 12-way, 64B line, 3 MB cache. Horizontal axis is value of i, and x is the measurement interval
counted in consecutive memory instructions
being shared.

2.3

Accurately Modeling Cache
tention with Many Threads

where rg and rg represents the lower and the upper threshold of the group g, respectively, and
num(cseq(d, ∗, r)) denotes the number of occurrences
of the circular sequence cseq(d, ∗, r) observed during
profiling. In our study, we classify a circular sequence
into one of twelve groups. The first group corresponds
to all the circular sequences with 1 < r < 25 , the next
ten groups with 2i ≤ r < 2i+1 , i ∈ 5, 6, ..., 14, and
the last group corresponds to all the circular sequences
with r ≥ 215 . Using more than one group improves
accuracy, but we have not explored this space further.
• Step 2: For each dist(d,g) , calculate nT2(d,g) , nT3(d,g) ,
nT4(d,g) , the corresponding numbers of accesses for T2 ,
T3 , and T4 , respectively, based upon the access frequency of those threads:
access freq(Ti)
nTi(d,g) = dist(d,g) ×
for i = 2, 3, 4
access freq(T1)
where access freq(Ti ) is the number of memory instructions per cycle for thread Ti estimated from a simple single thread, sum of CPI components model using
the (current best) estimated number of cache misses.
• Step 3: Using nTi(d,g) from Step 2, find STi(d,g) , the
average number of cache sets accessed during nTi(d,g)
consecutive memory access instructions, by using S(x)
described in Section 2.2:

Con-

For concreteness, we will describe how to model the
number of extra cache misses of a thread (T1) due to sharing a four-way set associative L1 data cache with three other
threads (T2, T3, and T4). We also generalize the details for
different numbers of threads and cache associativities.
We define the distance between two accesses from a single thread as the total number of intermediate memory accesses from the thread (i.e., independent of which cache sets
are accessed). As mentioned in Section 2.2, for a circular sequence cseq(d, n), the higher the distance between
its first and last access, the more likely the last access will
become a miss due to cache contention. Therefore, hereafter we describe each circular sequence with the distance
between its first and last access as cseq(d, n, r), where r
represents the distance. We use cseq(d, ∗, r) for the set of
circular sequences with d distinct tags, for all n such that
d < n ≤ r.
To analytically model cache contention, we carry out the
following steps twice: Once with rough CPI estimates using the number of cache misses in the absence of contention
from a cache simulator for a single thread; and, again after
feeding back our first estimate of the number of extra cache
misses to obtain a more accurate CPI estimate. For the purpose of estimating the number of extra misses due to cache
contention, we estimate per-thread CPI by simply multiplying the number of misses and miss penalty [9] as our cache
contention model only requires the relative rate of progress
among threads. For each value of d between one and four
(i.e., the associativity of the L1 cache), we carry out the following six steps:
• Step 1: Apply circular sequence profiling and classify
circular sequences cseq(d, n, r) into different groups
based upon r. Each group g corresponds to a range
of r. Then, for a group g, calculate dist(d,g) , the
weighted r (distance between the first and last access in a circular sequence) for all circular sequences
cseq(d, n, r) belonging
rg to the group as follows:
r=rg [r × num(cseq(d, ∗, r))]
dist(d,g) = rg
r=r num(cseq(d, ∗, r))

STi(d,g) = S(nTi(d,g) ) for i = 2, 3, 4
• Step 4: Using nTi(d,g) from Step 2 and b(k, n) (defined
in Section 2.2), find dTi(d,g) (k)—the distribution of
unique cache blocks accessed in a set by thread Ti —as
follows:
dTi(d,g)(k) = b(k, nTi(d,g) )
for i = 2, 3, 4 (#threads); k = 1, 2, 3, 4 (assoc.)
• Step 5: For each group of circular sequences, calculate
probH(d, g), the probability that the last access of a circular sequence cseq(d, n, r) in group g is not turned
into a miss due to cache contention. To model the
probability that another thread (Ti ) accesses the cache
set containing the circular sequence, we divide STi(d,g) ,
obtained from Step 3, by the total number of cache sets
S
(which we will represent with S) to obtain Ti(d,g)
. The
S
intuition here is that the chance any given set (i.e., the
set containing the circular sequence) is accessed by a

g
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thread during a fixed time interval is proportional to the
number of distinct sets accessed by the thread during
that amount of time. We compute the desired probability as the sum of four parts (since there are four threads
per core): (i) the probability that neither T2 , T3 , or T4
accesses the set containing the circular sequence, (ii)
the probability that only one of T2 , T3 , or T4 accesses
the set containing the circular sequence and the number of distinct accesses to the set from the thread is less
than or equal to the difference between the cache’s associativity A and d (i.e., the maximum number of distinct accesses from other threads without turning the
last access of the circular sequence into a miss), (iii)
the probability that two of T2 , T3 , or T4 access the set
and the sum of the number of distinct accesses to the
set from the two threads is less than or equal to the
difference A − d , and (iv) the probability that T2 , T3 ,
and T4 all access the set and the sum of the number of
distinct accesses to the set from all three threads is less
than or equal to the difference A − d.
The general formula for computing probH (d, g) for arbitrary number of threads N,and associativity A is2 :
i=N
N
−1



ST (d,g)
)+
(1 − i
S
i=2
j=1
 j−1


2≤i1 ,i2 ,...,iN −1 ≤N
i1 =i2 ...=iN −1
 −1
∀αin ∈1..A, N
n=j αin ≤A−d


(1 −

n=1

−1
STin (d,g) N
STin (d,g)
)
dTin (d,g) (αin )
S
S
n=j

• Step 6: Finally, the total number of extra misses is
calculated as:
rg
4 
12


[(1 − probH(d, g)) ×
num(cseq(d, ∗, r))]
d=1 g=1

r=rg

Here 4 is the cache associativity and 12 is the number
of groups that we use to classify a circular sequence.
For our study, we implement the above calculations in
Matlab and the running time (on an Intel Core 2 Duo desktop system) is on the order of 0.3 seconds.
2 For

example, consider d = 2 for N = 4 and A = 4. To compute

ST (2,g)
ST (2,g)
2
3
)(1 −
)(1 −
S
S
ST (2,g)
ST (2,g)
4
2
) the second component is: (
dT2 (2,g) (1))(1 −
S
S
ST (2,g)
ST (2,g)
ST (2,g)
ST (2,g)
3
4
2
3
)(1
−
)
+
(1
−
)(
dT3 (2,g) (1))(1 −
S
S
S
S
ST (2,g)
ST (2,g)
ST (2,g)
ST (2,g)
4
2
3
4
)
+
(1
−
)(1
−
)(
dT4 (2,g) (1)) +
S
S
S
S
ST (2,g)
ST (2,g)
ST (2,g)
2
3
4
dT2 (2,g) (2))(1 −
)(1 −
) + (1 −
(
S
S
S
ST (2,g)
ST (2,g)
ST (2,g)
ST (2,g)
2
3
4
)(
dT3 (2,g) (2))(1 −
) + (1 − 2S
)(1 −
S
S
S
ST (2,g)
ST (2,g)
3
4
)(
d
(2))
and
the
third
component
is
T
(2,g)
4
S
S
ST (2,g)
ST (2,g)
ST (2,g)
2
3
4
dT2 (2,g) (1))(
dT3 (2,g) (1))(1 −
) +
(
S
S
S
S
S
S
( T2S(2,g) dT2 (2,g) (1))(1 − T3S(2,g) )( T4S(2,g) dT4 (2,g) (1)) + (1 −
ST (2,g)
S
S
2
)( T3S(2,g) dT3 (2,g) (1))( T4S(2,g) dT4 (2,g) (1)), while the last
S

probH (2, g) the first component is: (1 −

component is zero since a cseq(2, n, r) can at most tolerate two accesses
with a four-way associative cache.

3 Modeling Throughput
In this section, we present several analytical models for
predicting the throughput of fine-grained multithreaded architectures. The models proposed in this paper apply directly to multiprogrammed workloads in which threads do
not communicate with each other (i.e., incur synchronization overheads). To model performance of parallel workloads in which threads communicate, the models proposed
here could be employed as the lower-level system model of
a two-level hierarchical parallel performance model such as
the one proposed by Adve and Vernon [1]. In such models, the lower-level system model is invoked to predict the
throughput of the system up until the next synchronization point. Moreover, if an OS performs unrelated processing on some thread contexts, one could treat the OS as a
thread with a different memory access pattern while any
synchronization among threads via the OS could potentially
be modeled by incorporating our model with the two-level
hierarchical model mentioned above.

3.1

Sum of Cycles Model

One approach to predicting overall throughput is to simply assume no overlapping of execution occurs on a core.
While this assumption is pessimistic for memory-bound
applications, it does match the case where an application
is entirely compute-bound.
We evaluate this model us
NC

Ti
, where throughputC
ing: throughputC = i=1
NC
i=1 cycleTi
is the throughput on core C, num instTi is the number of
instructions executed by thread Ti, cycleTi is the number
of cycles taken by the thread to run those instructions when
the thread runs alone and NC is the total number of threads
running on core C. In Section 5 we will show that this model
always underestimates the real throughput of a fine-grained
multithreaded core on our workloads (by 58% on average).

3.2

num inst

Sum of IPCs Model

The model in Section 3.1 always underestimates
throughput since it ignores the fact that stalls from different
threads on a core can overlap. To overcome this drawback, a
simple approach is to sum up each thread’s isolated instructions per cycle (IPC)—the IPC when the thread runs alone.
This works well when the execute stage of a fine grained
multithreaded pipeline is lightly utilized by a single thread.
Such behavior is common for memory-bound applications.
However, we find that this model will always overestimate
the real throughput (by 55% on average for our workloads
as shown in Section 5).

3.3

Bernoulli Model

Both models above oversimplify pipeline resource sharing in fine-grained multithreaded architectures. To more
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Figure 5. A Markov chain model for a fourthread fine-grained multithreaded architecture
accurately model overlapping of stalls from threads running on a core, we assume that every cycle each thread
performs a “coin toss” (or Bernoulli trial) to determine
whether it has an instruction ready to execute. Ignoring the effects of resource contention between threads, the
probability that a thread Ti has an instruction ready to
execute can be estimated as IPCTi (the thread’s isolated
IPC) since this is a value between zero and one for a
single-issue pipeline. Then 1 − IPCTi can be used to estimate the probability that
NCTi cannot issue an instruction
on any given cycle and i=1
(1 − IPCTi ) becomes an estimate for the probability that no thread has an instruction ready to issue on a given cycle, where NC is the number of threads running on a core and IPCTi represents the
isolated IPC of thread Ti. Thus, the throughput of finegrained multithreaded core C can be estimated as the product of the peak issue width (1.0) and the probability that
at least one thread can issue
instruction in a cycle:
Nan
C
(1 − IPCTi )). ConcurthroughputC = 1.0 × (1 − i=1
rent with our work, Govindaraju et al. proposed a customized analytical model [8] similar to our Bernoulli model.
In Section 5 we will show that our Bernoulli model reduces
error to an overestimate of real throughput of 23% on average.

3.4

A Markov Chain Model

The techniques proposed from Section 3.1 to 3.3 do not
model contention in the memory system or the time dependence of long latency stall events. To account for these
factors, we use a Markov chain to model the partial hiding of stalls of a thread by executions from other threads.
We will show in Section 5 that, when combined with our
novel cache contention model proposed in Section 2.3, the
Markov chain model proposed in this section reduces the
average error of modeled throughput to 7.9% compared
against detailed simulation.
Figure 5 illustrates an example of the Markov chain
we use to model throughput for the case of a four-thread,
single-issue, in-order, fine-grained multithreaded pipeline
with a memory system that supports at most one outstand-

ing long latency cache miss per thread. We note that the
assumption of one outstanding cache miss per thread does
match the designs of Sun’s Niagara T1 and T2 processors [15]. Experiments with our detailed simulator found
that supporting additional outstanding cache misses per
thread improved performance by 4.6% on average for the
configuration and workloads described in Table 2 and Table 3. Extending our models for multiple outstanding cache
misses per thread is beyond the scope of this study and is
left for future work.
The Markov chain illustrated in Figure 5 has five states
labeled from S0 to S4 , where state Sn corresponds to the case
that n threads are currently suspended from issuing new instructions because of a prior long latency event such as a
cache miss. In state S0 no thread is suspended (i.e., all
threads are ready to issue instructions) whereas S4 means
that all four threads are suspended (i.e., no thread is currently able to issue instructions). In any cycle, if there
is at least one thread ready to issue then we assume one
thread will issue an instruction. Thus, the throughput of
an N-thread fine-grained multithreaded core can be modeled as 1 − prob(SN), where the term prob(SN) represents
the probability of being at SN (no threads ready—S4 in Figure 5).
From each state, only certain transitions are possible
since only one thread can execute in a given cycle. The
allowed transitions among states for a four-thread finegrained multithreaded core are shown in Figure 5. There
are three types of transitions: upstream transitions (illustrated by broken lines, e.g., p01 ), downstream transitions
(illustrated by solid lines, e.g., p10 ), and staying transitions
(illustrated by broken lines separated by dots, e.g., p00 ). An
upstream transition corresponds to Sx → Sy , where x < y;
a downstream transition corresponds to Sx → Sy , where
x > y; and a staying transition does not change states3 . At
most one thread can become newly suspended on a cycle,
thus preventing transitions such as S0 → S2 , while multiple
threads can be reactivated in the same cycle (e.g., one thread
finishes a long latency floating point operation and another
thread gets its required data from memory).
To determine the state transition probabilities we first
consider homogeneous workloads in Section 3.4.1 and then
heterogeneous workloads in Section 3.4.2.
3.4.1 Homogeneous Workloads
In this section we describe how to obtain the state transition probabilities pij assuming that all threads have the
same program characteristics so that the probability of being suspended is the same for each thread. To simplify the
discussion we also assume only one type of event can stall
3 Although the state is not changed, some events might occur. For example, it is possible that the state remains unchanged while one suspended
thread is reactivated and another thread becomes newly suspended.
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Table 1. Transition probability definitions for an N-thread fine-grained multithreaded architecture
Upstream (j > i)
Value
(#susp., #act.)
j = i+1

Downstream (j < i)
i = N, j = 0
i = N, j = 0
i=N

Staying (j = i)
i=
 N, i = 0
i=0
i=N

pij = p( M−1
)i
M

(1,0)

Value
i
pij = (1 − p) i−j
)j + p
( 1M )i−j ( M−1
M
i
1 i−j M−1 j
pij = (1 − p) i−j ( M ) ( M )
i
pij = i−j
)j
( 1M )i−j ( M−1
M

(#susp., #act.)
i
i−j+1

Value
pii = (1 − p)( M−1
)i + p
M
pii = 1 − p
pii = ( M−1
)i
M

i
1

)i−1
( M1 )( M−1
M

a thread. We will relax both assumptions in Section 3.4.2.
To begin, we define two parameters: p and M. The term p
represents the probability of a thread being suspended. For
homogeneous workloads p is the same for all threads and
can be calculated as the fraction of instructions causing a
thread to be suspended. The term M represents the latency
(in cycles) of the event causing a thread to be suspended.
We model the probability of reactivating a suspended thread
on any given cycle as 1M since, in the next M cycles, the
suspended thread can only be reactivated in the last cycle.
Thus, the probability that a suspended thread remains suspended on a given cycle is 1 − 1M = M−1
M .
Table 1 summarizes the transition probabilities and lists
(in the third column) how many threads become newly suspended and/or activated for each possible transition. For example, consider the upstream transition p23 (i.e., the prob2
ability of S2 → S3 ) is modeled as p( M−1
M ) , where p corresponds to the probability that one thread becomes newly
2
suspended, and ( M−1
M ) corresponds to the probability that
both the threads that have already been suspended remain
suspended. The term (1, 0) in the third column indicates
that one thread becomes newly suspended and no threads
are newly activated for this transition.
Some state transitions can be achieved in more than
one way.
For instance, the downstream transition
p32 (i.e., the probability of S3 → S2 ), is modeled as
3 1 2 M−1
2
(1 − p) 31 ( 1M )( M−1
M ) + p 2 ( M ) ( M ). In the term before the plus sign, (1 − p) is the probability that the currently executing thread does not become suspended and
3 1 M−1 2
1 ( M )( M ) is the probability that, in the three threads
that have already been suspended, one thread is reactivated
this cycle (probability 1M ) and the other two remain sus3
2
pended (probability ( M−1
M ) ). Note that 1 is the number of
ways to choose the one thread that is activated out of three
threads. In the term after the plus sign, p is the probability
that the current executing thread becomes newly suspended
and 32 ( 1M )2 ( M−1
M ) denotes the probability that, in the three
threads that have already been suspended, one thread remains suspended and the two other threads are reactivated.
Having modeled the transition probabilities,
we construct the transition matrix MT and find

)j−1
( M1 )i−j+1 ( M−1
M

(0,i-j) or (1,i-j+1)
(0,i-j)
(0,i-j)

(#susp., #act.)
(0,0) or (1,1)
(0,0)
(0,0)

the steady state probability distribution vector by:
→
−
→
vs = [prob(S0 ) prob(S1 ) ... prob(SN)] = limn→∞ −
vi MnT
→
−
= vs MT where MT = [pij ] is an (N + 1)-by-(N + 1) transition matrix, created using pij defined in Table 1, and
→
−
vi = [1 0 ... 0] is the initial state vector (initially, all N
threads are ready to issue an instruction). The equation for
→
−
vs can be evaluated quickly using standard Markov chain
analysis [10].
3.4.2 Heterogeneous Workloads and Multiple Stall
Conditions
When the threads running on a fine-grained multithreaded core are different, the probability of being suspended for each thread is different. Moreover, there are
usually multiple types of events that can stall a thread and
these events often have different latencies.
One way to extend the model described in Section 3.4.1
for heterogeneous workloads is to separate each state of the
model into multiple states. For example, rather than using
a single state S1 to represent that the number of suspended
threads is one, we can use N states to specify which particular thread out of all N threads is suspended. Then different
probabilities p for each thread are used for the transitions
from S0 to one of each of these states. To completely specify which threads are suspended in all situations, we need
2N states, making the Markov model more complicated.
To tackle the challenge of different thread types without
introducing extra states, we instead compute
N a single value
p for all the threads as follows: p = i=1 pi wi , where p
denotes the average probability that a thread will be suspended, pi is the probability that thread i will be suspended, and wi is a weight factor equal to the number of instructions executed for the thread, divided by the total number of instructions executed on
core. Therefore,
the
N p Ican
N
Ni
i
be further expressed as: p = i=1 INii Ntotal
= i=1 Ntotal
,
where Ii is the number of instructions causing the thread i
to be suspended, Ni is the number of instructions executed
for thread i, and Ntotal is the total number of instructions
executed on the fine-grained multithreaded core.
Given the total number of instructions executed on a
core, we first assume that the number of instructions exe-
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Table 2. Simulation Parameters
Number of Cores
Number of Threads
Pipeline
Branch Predictor
L1 Instruction Cache
L1 Data Cache
L2 Unified Cache
L1-L2 Interconnection
ITLB/DTLB
Memory Latency

8 in-order cores
32, 4 threads per core
6 stages
4Kb gShare, 256-entry BTB, private
16KB, 16B/line, 4-way, LRU, 1-cyc lat., private
16KB, 16B/line, 4-way, LRU, 1-cyc lat., private
3MB, 64B/line, 12-way, LRU, 10-cyc lat., global
Crossbar [15]
64 entry, private
110 cycles

cuted by each thread on that core (i.e., Ni ) is proportional to
the thread’s isolated IPC computed using a simple sum of
CPI component model [9]. Then, based upon the estimated
Ni for each thread, we use the novel cache contention model
described in Section 2.3 to predict its number of extra cache
misses due to cache sharing. Next, we add the product of
the number of extra misses for each thread and the miss latency to the original number of cycles taken to execute Ni
instructions and then divide the sum by Ni to estimate a new
CPI for the thread. Finally, we update Ni for each thread to
make it proportional to its new CPI and use the updated Ni
to obtain p for the Markov chain model.
Next, we tackle the issue of modeling systems where
multiple events may suspend a thread and where each has
a distinct latency. Similar to finding an average p for all
threads, we compute an average M for 
all the events that
might suspend a thread as follows: M = ki=1 Mi si , where
k, Mi , si represent the number of different types of events,
latency of an event i, and the weight of the event, respectively. The latency of each event suspending a thread is assumed to be known (a simplification in the case of DRAM
and interconnect contention). To find the weight of an
event, we also need to know how many times the event occurs during execution. The frequency of long latency floating point instructions can be obtained from the instruction
trace used during circular sequence profiling. To find the
number of cache misses, the cache contention model described in Section 2.3 is used. Above, the weight si for
an event is computed as the product of its number of occurrences and its latency, normalized as a fraction of total execution time. For example, if Event1 with 5-cycle
latency happens 50 times and Event2 with 100-cycle latency happens 10 times, then the average M is calculated as
50×5
10×100
M = 5 × 50×5+10×100
+ 100 × 50×5+10×100
= 81.
Although our Markov chain model is proposed for modeling fine-grained multithreaded architectures, we believe
that, by considering state transitions to occur only for long
latency L2 cache misses (rather than L1 misses) and scaling the estimated throughput by a factor taking account of
the peak issue width of an SMT core (assuming a well balanced design [12]) and the memory level parallelism within
a thread, our model can potentially provide performance
predictions for more complex processor cores. However,
a detailed evaluation of this extension is beyond the scope
of this paper.

Table 3. Simulated Workloads for Each Core
Core 1 Workload
Core 2 Workload
Core 3 Workload
Core 4 Workload
Core 5 Workload
Core 6 Workload
Core 7 Workload
Core 8 Workload

1 (C1W1)
1 (C2W1)
2 (C3W2)
2 (C4W2)
3 (C5W3)
3 (C6W3)
4 (C7W4)
4 (C8W4)

ammp-applu-art-mcf
ammp-applu-art-mcf
bzip2-mgrid-swim-equake
bzip2-mgrid-swim-equake
ammp-art-mgrid-equake
ammp-art-mgrid-equake
applu-bzip2-mcf-swim
applu-bzip2-mcf-swim

4 Methodology
We evaluated the accuracy of our analytical models in
three steps. First, we compared our analytical models
against a detailed simulator for a microarchitecture similar to Sun Microsystems’ Niagara T1 [13] that we developed by modifying SMTSIM [24]. Table 2 shows the microarchitectural parameters simulated. As discussed earlier
in Section 3.4, our baseline model allows at most one outstanding miss per thread. We do not enforce cache inclusion between the L1 and the L2 cache (earlier cache contention studies have shown this has minimal effect [3]). Second, we applied our combined analytical cache contention
and Markov chain throughput model to obtain two optimized application-specific multithreaded processor designs.
Finally, we validated our analytical models by comparing
their predictions against a Sun Fire T1000, which has a T1
Niagara processor containing 8 cores each with 4 thread
contexts (32 threads total) and runs the Solaris 10 operating
system. We used Shade [6] to collect instruction traces that
are later analyzed to obtain inputs to our models. We report
the arithmetic mean of the absolute value of error since it
reports the largest error number and since we are interested
in averaging the error of the IPC prediction (not the average
speedup), but we also report geometric mean and harmonic
mean of the absolute error to allay any concern that these
numbers might lead to different conclusions.
When we validated our cache contention model, we used
our detailed simulator and hardware performance counters
to obtain information about the number of instructions executed by each thread. Then for each thread, we analyzed
its memory instructions trace to obtain the two temporal locality metrics that we proposed in Section 2.2 as well as the
circular sequence profile. Next, we predicted the number
of extra misses of each thread using the cache contention
model described in Section 2.3 and compared the modeled
extra misses to the result from our detailed simulator and
performance counters. To obtain the actual number of extra
misses, we also ran each thread alone to obtain the number
of cache misses without cache sharing.
When we validated our Markov chain throughput model,
we first approximated the number of instructions executed
by each thread as proportional to its isolated IPC (we used
performance counters to obtain the isolated IPC when we
compared to hardware), given the total number of instructions executed by all threads in a core. Then we applied
our cache contention model to predict the number of extra
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Figure 6. Ratio of the number of extra L1 and L2 cache misses due to cache contention to the number
of misses when each thread runs alone. The order of the threads in each core is shown in Table 3.
misses for each thread and adjusted each thread’s IPC by using the product of the number of extra misses and the miss
latency. Then we re-estimated the number of instructions
executed by each thread based on the thread’s refined IPC.
Next we applied the cache contention model again to approximate the extra number of misses for each thread based
on its refined instruction count. Finally, we used the refined
instruction count and the extra number of misses for each
thread as the input to our Markov chain model to estimate
the throughput.
For the comparison against the detailed simulator, we
chose 8 benchmarks from the SPEC 2000 Benchmark
Suite [22] to form heterogeneous multiprogrammed workloads for each fine-grained multithreaded core being simulated. Table 3 shows the simulated workload of each core
for our first study. We ran our detailed simulator such that
each core executed at least 400 million instructions.
For our hardware comparison, we evaluated homogeneous workloads consisting of a varying number of threads,
each running a memory intensive application (mcf). We
also evaluated several heterogeneous workloads consisting
of multiple instances of two types of applications to obtain 32 threads in total running concurrently. Specifically,
we consider workloads consisting of the following combinations: 16gzip+16eqk (each core runs two gzip and two
equake), 16mcf+16gzip, 16mcf+16art. We compiled these
benchmarks on the Sun Fire T1000 using gcc 3.4.3 with O2 optimization and ran them with their train inputs (mcf
and art) and test inputs (gzip and equake).
To obtain miss latencies required by our throughput
model, we created several simple (about 20 lines in C) microbenchmarks, which we ran on a single thread context.
Based upon these separate calibration measurements, we
used fixed latencies of 20 cycles, 220 cycles, and 50 cycles
for an L1 cache miss that hits in the L2 cache, an L2 cache
miss, and a floating point instruction, respectively (these are
higher than reported in [20]).

5 Experimental Results
In this section we evaluate our analytical models against
both a cycle-accurate performance simulator and real hardware.

measured (detailed simulator)

extra L1 misses

simulated

T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4

1000x

L2

L1
10x

0.00001x 0.0001x
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0.01x

Less significant
to performance

predicted (new model)

0.1x 0.1x 1x

More significant
to performance
10x

100x

1000x

0.001x

0.00001x

Figure 7. Scatter plot for the predicted and
the simulated cache misses increase pair

5.1

Model Accuracy Evaluation

Figure 6(a) and 6(b) illustrate the impact of cache sharing on the number of extra misses for our L1 data cache and
L2 cache, respectively, when the heterogeneous workloads
described in Table 3 are simulated. For each thread, we plot
the ratio of the number of extra misses due to cache contention to the number of misses without cache contention
(i.e., when the thread runs alone).
Figure 6(a) and 6(b) show that our cache contention
model accurately predicts the number of additional cache
misses due to cache sharing across varying workloads. For
the L1 cache, the arithmetic mean of absolute error of our
model is 40.3%, geometric mean is 12.1%, harmonic mean
is 0.9%, and the maximum absolute error is 150.0%. For
the L2 cache, the arithmetic mean of absolute error of our
model is 4.4%, geometric mean is 1.1%, harmonic mean is
0.2%, and the maximum absolute error is 20.3%.
Figure 7 illustrates a scatter plot for the predicted and
the simulated ratio pair. Each data point on this figure corresponds to a pair of bars in Figure 6(a) and Figure 6(b). From
Figure 7 we notice that our predicted values are highly correlated with the simulated ones. The correlation coefficient
between the predicted and the simulated ratio for L1 and L2
cache is 0.9993 and 0.9999, respectively.
We noticed that the average and maximum error for the
L1 cache is higher than the L2 cache and we found it is
mainly due to the fact that the number of extra L1 misses
due to cache contention is much smaller than the number
of extra L2 misses. For example, the maximum error of
our model that predicts extra L1 misses is from T1 on Core
1, where the number of L1 misses is about 6153K without cache contention and it is increased by only 97K due
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Figure 9. Optimization Case Study: Modeled
throughput under different configurations
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Figure 8. Predicted throughput and error
from different models compared to the simulated throughput
to cache contention. For this thread, our model predicts the
number of extra misses to be 242K, resulting a 150% error.
However, this error does not noticeably impact the accuracy
of the Markov chain throughput model since the total number of extra L1 misses is quite small compared to the number of L1 misses without cache contention (i.e., the number
of L1 misses increases only by 1.6%).
Figure 8(a) compares the throughput on each core predicted by the different models described in Section 3 to
the simulated throughput and Figure 8(b) shows the error
of each model. The first bar (“sumCYCLE”) corresponds
to the model described in Section 3.1 that always underestimates the actual throughput (with an arithmetic mean of
the absolute error of 58%) since the model assumes that
the execution of each thread on a core is completely serialized. The second bar (“sumIPC”) is obtained using the
model described in Section 3.2 that always overestimates
the actual throughput (with an error of 55% on average).
The third bar (“Bernoulli”) represents the Bernoulli model
described in Section 3.3 that is more accurate than the previous two models (with an average error of 23%), but its error
is still significant for some workloads (e.g., the error is 54%
for Core 1 Workload 1) since it does not take into account
cache contention. Finally, the fourth bar (“MC”) represents
the Markov chain model proposed in Section 3.4 combined
with our cache contention model proposed in Section 2.3
that predicts the throughput significantly more accurately
with an arithmetic mean of the absolute error over eight
cores of 7.9% and a maximum error of 14.3%.

5.2

4

10

Case Study: Optimizing Threads Per
Core for Application-Specific Workloads

In this section, we present a case study of using our analytical models to predict the overall throughput of systems
with different number of cores and threads with the aim

of finding the optimal configuration for some applicationspecific workloads. We choose mcf and bzip2 for the study.
We vary the number of cores of the system from 1 to
8 and the number of threads per core from 1 to 4 (i.e., 32
configurations in total) and in each configuration we predict
the overall throughput when running the same application
for each thread. Figure 9(a) and 9(b) show the modeled
throughput in all configurations for mcf and bzip2, respectively.
It is interesting to note that our analytical model indicates
that when the number of cores is fixed, the throughput scales
up as the number of threads per core increases for mcf but
down for bzip2. The reason for this is the memory-bound
nature of mcf, which causes the throughput to be relatively
low when mcf runs by itself on a core. Thus, when running and sharing resources with other threads, the overall
throughput improves. On the other hand, bzip2 is computebound and, when the number of threads sharing a core is
over two, extra cache misses due to cache contention actually outweigh the advantage of fine-grained multithreading,
degrading the overall throughput. Therefore, the optimal
configuration for mcf is a system with eight cores with four
threads per core, while the optimal configuration for bzip2 is
eight cores with two threads per core. Our analytical model
predicts the same optimal configuration for each workload
as the one obtained from detailed simulations.
For mcf, the arithmetic mean of the absolute error, the
geometric mean, and the harmonic mean are 2.2%, 2.1%,
and 1.8%, respectively. For bzip2, they are 14.3%, 4.0%,
and 1.0%, respectively. Moreover, our model is much faster
than running detailed simulations. The time taken by our
analytical model to find the throughput in all 32 configurations for each benchmark was as follows: We required
20 minutes to collect traces and statistics required for the
cache contention model and roughly 10 seconds to evaluate
the cache contention and Markov chain model, while the
detailed simulator takes more than 22 hours (i.e., overall,
65 times faster4 ).
4 In

some sense we are conservative in stating the speedup of our analytical models over detailed simulations as traces only need to be collected
and analyzed once for each application and the overhead can be amortized
by reusing them.
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core versus the throughput reported by performance counters on a Sun Fire T1000

5.3

Hardware Validation

While our detailed simulator captures the effects we set
out to model analytically, we wish to find out how closely
our models predict real hardware performance. Thus, we
compare our models to the actual performance measured on
a Sun Fire T1000 server (i.e., a Niagara T1 machine [13]).
Figure 10(a) compares the predicted against actual increase
in L2 load misses per thread, normalized to the number of
L2 cache load misses in the absence of contention for a homogeneous workload—a varying number of copies of the
memory intensive benchmark mcf. From Figure 10(a) we
observe that as the number of threads running in parallel increases, the number of extra L2 load misses per thread also
increases due to additional cache contention. Our model
accurately predicts this trend. In Figure 10(a) the arithmetic mean of the absolute error of our model is 8.7% (improving the accuracy of the prior model [3]—not shown in
the figure—by a factor of 48.1×). Similarly, Figure 10(b)
compares the average number of extra L2 load misses per
thread executing a variety of heterogeneous workloads. In
Figure 10(b), the arithmetic mean of the absolute error of
our model is 22.6% (improving the accuracy of the prior
model [3]—not shown—by a factor of 163.4×).
Figure 11 compares the throughput per core predicted
by our combined cache contention and Markov throughput
model (“MC”), as well as that predicted by the three simpler models described in Sections 3.1 to 3.3 (“sumCYCLE”,
“sumIPC”, and “Bernoulli”, respectively) against the Sun
Fire T1000 server (“actual (Sun Fire T1000)”) for four different workloads (one homogeneous, three heterogeneous).
We observe that MC tends to track the actual hardware better than the simpler models. The standard deviation of the

error for MC is 10.7% which is much lower than 26.1%,
113.7%, and 90.8% for sumCYCLE, sumIPC, and Bernoulli,
respectively. Moreover, we notice that MC always overestimates actual throughput (by 30.6% on average—arithmetic
mean of the absolute error, 29.4% for geometric mean, or
28.2% for harmonic mean). We believe this bias is due
partly to the fact that we used an average L2 cache miss
latency measured in the absence of DRAM contention. The
detailed performance simulator used for comparison in Section 5.1 and 5.2 does not model detailed DRAM timing (our
detailed simulator also does not model page faults). Analytically modeling the increased L2 cache miss latency due to
DRAM contention when multiple threads run together is beyond the scope of this study and is left for our future work.

6 Related Work
Yamamoto et al. [26] describe an analytical model for
a multistreamed superscalar processor. The processor they
model is essentially an SMT processor (capable of issuing
instructions from multiple threads to the superscalar core
on a single cycle) with the assumption of perfect branch
prediction and caches that always hit. They present a probabilistic model to account for structural hazards by considering the instruction mix versus number and type of function units and use a correction factor computed by performing detailed simulation for a single thread in isolation to
account for the effects of control and data hazards. In contrast, our model, while focused on single-issue fine-grained
multithreaded architectures, requires no detailed simulation
infrastructure to obtain accurate throughput predictions.
Thiebaut and Stone [23] propose an analytical model
for cache-reload transients (i.e., cache contention due to
context switching) and Agarwal et al. [2] propose an analytical cache model to predict a process’ cache miss rate.
Both do so on a time-sharing system running multiprogrammed workloads. Falsafi and Wood [7] extend Thiebaut
and Stone’s model to account for the interaction of more
than two threads and apply analytical modeling to predict
cost/performance of the Wisconsin Wind Tunnel simulator. They also consider the case where parallel threads
share some memory regions (leading to prefetching effects),
which we did not consider in our study. While all of the
above work assumes a binomial distribution of cache blocks
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among cache sets, our model uses S(x) and b(i, x) to more
directly quantify the probability of a co-scheduled thread
inserting a certain number of accesses into a cache set to
better model the very fine-grained interleaving of threads
(we assume that threads are interleaving access by access).
As described in Section 2.1 the Prob model of Chandra
et al. [3] is accurate if the number of threads is significantly
below the associativity of the cache being shared, but does
not model contention well as the number of threads is increased. While Chandra et al. mention their model could be
applied to predict overall performance, they do not describe
such a technique in detail and do not provide quantitative
evaluation of throughput modeling as we have done in Section 3 and Section 5, respectively.

7 Conclusions
In this paper we present novel techniques for analytically modeling the throughput of fine-grained multithreaded
chip multiprocessors such as Sun Microsystems’ Niagara.
Throughput is estimated by applying a Markov chain model
where states represent numbers of stalled threads, along
with transition statistics obtained using a novel cache contention model that takes account of temporal locality within
a thread and accurately predicts cache contention among a
large number of threads. Overall, our models achieve an accuracy of 7.9% on average versus a cycle-accurate simulator
that captures the major effects we attempt to model analytically. Our models also find the same optimum configuration for some application-specific workloads as the detailed
simulator. Furthermore, our models achieve these results 65
times faster than detailed performance simulations. We also
validate our models against a Sun Fire T1000 and show that
our models accurately predict the performance of the real
hardware.
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