
Analytic Performance Model for
Speculative, Synchronous,
Discrete-Event Simulation

Bradley L. Noble
Roger D. Chamberlain

Bradley L. Noble and Roger D. Chamberlain, “Analytic Performance Model for
Speculative, Synchronous, Discrete-Event Simulation,” in Proc. of 14th
Workshop on Parallel and Distributed Simulation, June 2000, pp. 35-44.

Southern Illinois University Edwardsville
and
Washington University



Analytic Performance Model for Speculative, Synchronous,
Discrete-Event Simulation

Bradley L. Noble
Dept. of Electrical and Computer Engineering

Southern Illinois University Edwardsville
Edwardsville, IL
bnoble@siue.edu

Roger D. Chamberlain
Computer and Communications Research Center

Department of Electrical Engineering
Washington University, St. Louis, MO

roger@ccrc.wustl.edu

Abstract

Performance models exist that reliably describe the ex-
ecution time and efficiency of parallel discrete-event simu-
lations executed in a synchronous iterative fashion. These
performance models incorporate the effects of processor
heterogeneity, other processor load due to shared computa-
tional resources, application workload imbalance, and the
use of speculative computation. This includes modeling the
effects of predictive optimism, a technique for improving the
accuracy of speculative assumptions. We extend these mod-
els to incorporate correlated workloads across the set of
processors and validate the models with two different appli-
cations.

1. Introduction

Speculative computation has received a great deal of at-
tention in the parallel computing community as a technique
for balancing computational load and masking latencies in
interprocessor communications [8]. It has even found its
way into processor design at the instruction level, with pro-
posals forvalue prediction, speculating the results of indi-
vidual instructions or basic code blocks [11]. In discrete-
event simulation, parallel algorithms that perform compu-
tation in a speculative manner are generally referred to as
optimistic algorithms.

While both synchronous and asynchronous optimistic al-
gorithms exist, our interest is in synchronous algorithms.
This is due to a desire to avoid the inconsistent (and
sometimes inexplicable) performance associated with many
asynchronous protocols. Lin and Lazowska [13] coined
the term “S phenomenon” to describe the observation that
speedup curves for an optimistic asynchronous algorithm
often have several local minima and maxima. This observa-
tion was made over a large set of different simulation appli-

cations [4, 10, 12, 22]. In addition, synchronous algorithms
have an inherent simplicity and ease of implementation that
is not present in asynchronous techniques.

As with many other algorithms, there is a tradeoff be-
tween simplicity and performance; the simplicity of the syn-
chronous algorithm comes with a potential cost in perfor-
mance. If frequent synchronizations are required, the algo-
rithm becomes more fine grained. Since the critical path lies
with the slowest processor at each iteration, idle time can
accumulate at the other processors and the total execution
time is lower bounded by the execution time of the slow-
est processor in each iteration. In an attempt to alleviate
these performance concerns for synchronous discrete-event
simulation, techniques used in asynchronous simulation al-
gorithms (e.g., speculative computation) have been applied
to the synchronous algorithm, while retaining the iterative
nature of the algorithm.

In [18], we described a performance model for syn-
chronous iterative algorithms that incorporates the effects
of speculative computation. Included in this model is the
degree to which speculative computations are correct (i.e.,
what is the impact of predictive optimism). This model as-
sumed that the computational workload is relatively inde-
pendent across the processors. However, there are many
simulation applications (e.g., VLSI logic simulation) for
which the workload is highly correlated. Here, we present
extensions to this model that enable accurate performance
prediction for correlated workloads. This new model is val-
idated using two applications, queueing network simulation
and VLSI logic simulation.

2. Speculative Computation and Predictive
Optimism

The model developed here is not restricted to discrete-
event simulation applications, but can be applied to any
synchronous iterative algorithm. Synchronous iterative al-



gorithms include many of the compute intensive numerical
methods used in science and engineering applications [1].
Figure 1 illustrates a typical set of iterations of a syn-
chronous iterative algorithm executing on four processors
(labeled 1 through 4). An iteration can be seen as consist-
ing of 3 phases:

1. Computation – performing the computational tasks as-
sociated with the application.

2. Idle – time between first and last processor to complete
work in an iteration.

3. Synchronization – time to complete the barrier syn-
chronization operation.

Computation starts on all processors immediately following
the barrier synchronization. During this phase, each proces-
sor executes all the tasks assigned to it that iteration. For
discrete-event simulation, this consists of processing simu-
lation events. Interprocessor data communication may be
concurrent with computation. At the end of the compu-
tation phase, each processor enters a barrier and waits for
its completion. Theidle phase is a result of variation in
computation times between processors due to imbalances
in workload as the algorithm progresses, multitasking other
unrelated processes (background load), or processor hetero-
geneity.Synchronization time is determined by the commu-
nication performance of the parallel platform in complet-
ing the barrier synchronization. After the barrier synchro-
nization completes, the processors proceed to the next it-
eration, repeating the cycle until the algorithm completes.
In the performance model for synchronous iterative algo-
rithms described in [20], the quantity of computation to be
performed on each processor during each iteration is mod-
eled by a random variable with a known stationary distribu-
tion. The mean completion time for an iteration executing
onP processors can then be modeled as the expectation of
the maximum ofP instances of the random variable.

Speculative computation utilizes the idle phase of the
above algorithm by allowing processing to proceed into
future iterations. While waiting for the barrier synchro-
nization to complete, computation progresses speculatively,
with the hope that a message arrival from a remote proces-
sor does not subsequently invalidate the computation. Once
the barrier synchronization is complete, the speculated com-
putation is tested for correctness and either committed or
discarded.

To support processing during the execution of the barrier
synchronization, a fuzzy barrier implementation is used [9].
Processors signal their willingness to complete the barrier
and, rather than blocking, proceed to compute speculatively.
A “barrier complete” signal indicates the end of the current
iteration. The execution time line, illustrated in Figure 2,
shows the speculative computation occurring during the idle
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Figure 1. Synchronous iterative algorithm ex-
ecution. The horizontal bars represent com-
putation during each iteration.

times and while waiting for the barrier to complete. Note
that the time required to complete iteration 2 is less than in
the previous figure, since some of the computation has been
completed during the otherwise idle time of iteration 1.

Mehl [14] proposed essentially this technique in the con-
text of a conservative asynchronous algorithm, but did not
report on its performance. We previously reported a set of
empirical performance results in [17, 19]. Dickens et al. [3]
present a performance model for a similar algorithm that
predicts performance gains over a purely conservative syn-
chronous algorithm. Steinman’s Breathing Time Buckets
algorithm [21] has been implemented in the SPEEDES en-
vironment and exhibits good performance on a pair of simu-
lation models (queueing networks and proximity detection).
In [18], the model of [20] is extended to incorporate the ef-
fects of speculation. A recurrence relation is developed that
relates the original workload distribution, the distribution of
time available for speculation, and the resulting workload
distribution.

Predictive optimism is a technique for improving the ac-
curacy of the guesses used to guide speculative computa-
tion. In traditional optimistic discrete-event simulation al-
gorithms, the standard optimistic assumption is that if a
message has not arrived on an input channel, none will ar-
rive, and processing can continue assuming the channel is
unchanged.

In predictive optimism, information theoretic techniques
are used to improve the accuracy of this assumption. A pre-
dictor is placed an each input channel, and the predictor re-
tains historical information about the messages on the chan-
nel. If a message has not arrived on a channel, the predictor
can be interrogated to determine if (and when) a message
is likely to arrive. If the answer is no, processing proceeds
as before. If the answer is yes, speculative computation is
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Figure 2. Speculative computation execution
time line. The crosshatched areas represent
speculative computing, potentially decreas-
ing the computation needed during the sub-
sequent iteration.

suspended, since the results are likely to be discarded, and
the bookkeeping overhead of managing the speculation can
be diminished.

We have previously investigated predictive optimism in
the context of VLSI systems simulation [16]. In that study,
the “no message arrival” assumption was compared to a
first order finite state predictor and an incremental pars-
ing predictor based on Lempel-Ziv data compression tech-
niques [5]. Both predictors significantly decreased (or elim-
inated) cases where the standard assumption performed
poorly (i.e., was wrong most of the time). In [6], Ferscha
describes a similar mechanism, called probabilistic direct
optimism control, and reports peformance for four different
predictors of message interarrival time: arithmetic mean,
exponential smoothing, approximated median, and an au-
toregressive moving average process predictor. The analytic
model presented here includes mechanisms for evaluating
the performance implications of variations in prediction ac-
curacy, in order to investigate the usefulness of predictive
optimism techniques.

3. Model Development

The set of variables used in the performance model is
summarized in Table 1. A more complete definition of each
variable is given in the text near the first use of the variable.

The execution time of a synchronous iterative algorithm
requiringI iterations and running on a set ofP processors
can be modeled by a function consisting of three distinct
terms. In any particular iterationi, there is a portion of
work which is serial in nature. The first term represents
the time required to complete the portion which cannot be

Table 1. Parameters for performance model.

Param. Definition

RP application run time withP processors
P number of processors
I number of iterations
ts serial computation time per iteration
tp parallel computation time per iteration
tov parallelism overhead time per iteration
wi;j parallel work during iterationi

on processorj, no speculation
W vector-valued random process repre-

senting work each iter., no speculation
Wj component ofW representing

work on processorj
vi;j parallel work during iterationi

on processorj, with speculation
V vector-valued random process repre-

senting work each iter., with speculation
Vj component ofV representing

work on processorj
si;j work available to speculate

during iterationi on processorj
S vector-valued random process repre-

senting available speculation each iter.
Sj component ofS representing

speculation on processorj
r speculation success ratio: fraction of

speculative computation that is correct

parallelized, which we denote asts;i. Each processorj has
some assigned work to be performed during the parallel por-
tion of each iteration. The time for each processor to com-
plete this work is denoted bytp;i;j . However, the parallel
portion of each iteration is not complete until the last pro-
cessor completes its assigned work. This gives the second
term asmax1�j�P (tp;i;j). Finally, the time required for
the overheads associated with the parallel algorithm itself
during iterationi are denoted bytov;i.

Combining these terms gives a model for the execution
time as

RP =

IX
i=1

�
ts;i + max

1�j�P
tp;i;j + tov;i

�
(1)

Although this equation effectively models the execution
time, it requires specific knowledge of each individual iter-
ation. By treating each of the terms as an i.i.d.1 random
process and taking the expected value, the references to a

1Independent and identically distributed.



specific iteration are eliminated. A new expression for run-
time is given by

RP =

IX
i=1

�
E [ts;i] +E

�
max
1�j�P

tp;i;j

�
+E [tov;i]

�

= I

�
ts +E

�
max
1�j�P

tp;j

�
+ tov

�
(2)

Previous work has shown this model to be effective
for estimating run time for several different types of syn-
chronous iterative algorithms [20]. By examining the ef-
fects of speculation on the terms in this model, we incorpo-
rate both speculative computation and the impact that suc-
cessful speculation has on the run time.

3.1. Speculative Workload Characterization

For the discrete-event simulation applications we are in-
terested in, both the serial termts;i and the parallel over-
head termtov;i do not vary significantly between iterations.
As such, these terms can be treated as constants. We focus
on characterizingE [max1�j�P tp;i;j ] for the both the ini-
tial workload without speculative computation and for the
resulting workload with speculative computation.

Let us definewi;j as the work to be completed on pro-
cessorj during iterationi without speculative computation.
Assuming the units of work are relatively constant in time
(e.g., event evaluations with similar computational com-
plexity), tp;i;j will be proportional towi;j . When specula-
tive computation is performed, it will take work away from
future iterations whenever a processor completes before the
barrier synchronization. We will define this new workload
asvi;j , the work to be completed on processorj during it-
erationi with speculation. In this case,tp;i;j is proportional
to vi;j which, by definition, must be less than or equal to
wi;j .

The development ofvi;j fromwi;j can be made by exam-
ining a specific iteration,i, of a synchronous algorithm that
incorporates speculative computation. Examining Figure 2,
we determine that the work to be completed during iteration
i ismax1�j�P vi;j . Therefore, the amount of work that can
be speculated on processorj during iterationi is given by

si;j = max
1�j�P

(vi;j)� vi;j ; (3)

provided we limit speculation to one iteration into the fu-
ture. This yields a recursive formulation that relatesv i+1;j
to vi;j :

vi+1;j = wi+1;j � rsi;j (4)

with initial condition

v0;j = w0;j : (5)

The scalarr that is introduced in equation (4) represents the
speculation success ratio, or the fraction of the speculated
work that was successfully committed. Substituting (3) into
(4) gives:

vi+1;j = wi+1;j � r

�
max
1�j�P

(vi;j)� vi;j

�
(6)

Although the case outlined above is limited to one itera-
tion into the future, a similiar expression can be developed
relatingvi+2;j to vi+1;j andvi;j for speculation two itera-
tions into the future. Similiarly, this can be extended toi+n

iterations into the future.
These expressions can be used to empirically evaluate

vi;j for a specific instance wherewi;j is known, however,
it does not generalize beyond the circumstances where one
has knowledge of workload during individual iterations. To
accomplish this, we develop a stochastic workload model.

3.2. Stochastic Workload Model

We model the workload without speculation as an i.i.d.,
vector-valued random processW , with componentW j rep-
resenting the work to be completed on processorj. Al-
though described in other terms, this is consistent with the
model of [18]. In [18], however, the components ofW

were assumed to be independent. Here, we model the vec-
tor W as correlated, with a given joint density function
fW (x1; :::; xP ). Essentially, this implies that we are model-
ing the workload at each iteration on each processor,w i;j , as
independent in thei dimension (iterations), and correlated
in thej dimension (processors).

We model the workload with speculation as an i.i.d.,
vector-valued random processV . As above, the compo-
nentVj represents the work to be completed on processor
j. Again, the components ofV are assumed to be corre-
lated, and an important piece of the model is evaluating the
unknown joint density functionfV (x1; :::; xP ).

Provided a stationary distribution forV exists, we can
define the vector-valued random processS as the amount of
work that can be speculated each iteration, where:

S = E

�
max
1�j�P

(Vj)

�
1� V (7)

and

V = W � rS: (8)

Substitution of (7) into (8) yields:

V = W + rV � rE

�
max
1�j�P

(Vj)

�
1 (9)

Although (9) gives the fixed point conditions thatV must
meet, it does not directly support the calculation of its dis-
tribution. However, by adding a superscriptk to equation



(9), we define an iterative approach which may be used in
an attempt to solve for the distribution ofV .

V k+1
= W + rV k

� rE

�
max
1�j�P

(V k
j )

�
1 (10)

For the initial iteration,V 0
= W . Convergence is

reached when the distributions ofV k+1 andV k are equal.
Clearly, there is no guarantee that (10) will converge to

a stationary distribution forV . In some applications, the
speculation process itself may be highly unstable, even os-
cillatory. If convergence is achieved, the result is a viable
steady state distribution of the parallel workload.

4. Model Validation

The validation of the performance model is in three
stages. We first discuss how to evaluate the model (i.e.,
compute the distribution of the random processV ). We next
investigate the correctness of the distribution ofV . We then
investigate the accuracy of the middle term in equation (2),
which is represented byE[max1�j�P Wj ] for executions
that do not exploit speculation and byE[max1�j�P Vj ] for
executions that do employ speculative computation. To per-
form the validation, we will use empirical data from two
discrete-event simulation applications.

The first application is a closed queueing network sim-
ulation of the style used in [7] and [15] to investigate the
performance of asynchronous algorithms. The topology is a
regular network with FCFS queueing discipline, the service
requirements are exponentially distributed with a specified
minimum service time, and the routing probabilities are uni-
formly distributed to each of the neighboring queueing sta-
tions. The second application is a VLSI logic simulation of
several of the ISCAS-89 sequential benchmark circuits [2].
For each circuit, a gate-level simulation is executed using a
unit delay timing model driven with random input vectors.

Our validation methodology starts with a set of trace data
that directly representswi;j , 1 � i � I , 1 � j � P . Work-
load data from both the queueing network simulation and
the logic simulation applications were recorded for a variety
of queueing networks and logic circuits respectively. Ex-
ample trace data from both applications (queuing network
simulationq8000pm3 and VLSI logic simulations9234)
on four processors (P = 4) is shown in Figures 3 and 4.
The units of work shown are simulation event counts.

Figures 5 and 6 show a normalized histogram ofw i;j for
the example trace data in Figure 3 and Figure 4 respectively.
These histograms will be used to approximate the joint dis-
tribution of workload without speculation,fW (x1; :::; xP ).
It is useful to note that for the queueing network simulation,
the histogram workload for each processor is very similiar
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Figure 3. Example trace data for queueing net-
work simulation application (QNS).
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Figure 4. Example trace data for VLSI logic
simulation application (VLS).

in shape. This implies a relatively uniform workload dis-
tribution across the processors. This view is also supported
by a statistical analysis of the queueing networks. For ex-
ample, the correlation coefficients (acrossj) of w i;j range
from 0.20 to 0.24 for queueing networkq8000pm3.

In the logic simulation case, although each histogram has
the same basic shape, there are distinct differences in each
distribution. The logic simulator workload, shown in Fig-
ures 4 and 6, exhibits a large degree of correlation across
the processors. Again, this view is supported by a statisti-
cal analysis of the logic circuits and is to be expected since
the logic circuits being simulated are governed by a clock.
Iterations immediately following the clock signal have a
high degree of activity which trails off in iterations later in
the clock period. The correlation coefficients ofw i;j range
from 0.70 to 0.76 for circuits9234.
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Figure 5. Normalized hist. of wi;j for QNS.
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Figure 6. Normalized hist. of wi;j for VLS.

4.1. Model Evaluation

To evaluate the model, we use the empirical histogram
data to represent the distribution of the random processW .
However, to preserve the joint workload dependencies, this
histogram must beP -dimensional. Equation (10) is then
numerically evaluated using samples drawn from this ap-
proximation to the distribution ofV k to obtain a newP -
dimensional histogram approximation of the distribution of
V k+1. This is repeated until the distributions ofV k+1 and
V k have converged.

For the sample queueing network and logic circuit work-
loads of Figures 5 and 6 the resulting distribution ofV is
shown in Figures 7 through 10 for two different values of
the speculation success ratio,r. OncefV (x1; :::; xP ) is
known, we can calculateE[max1�j�P Vj ]. These values
are tabulated in Table 2.
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Figure 7. Dist. of V , r = 0:5, for QNS.
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Figure 8. Dist. of V , r = 0:5, for VLS.

4.2. Model Analysis

To quantify the accuracy of the model, we compare the
distribution of the random processV to empirical results.
The empirical data for the two applications,w i;j , is evalu-
ated using equation (6) to determinev i;j . This evaluation
constitutes a trace-driven simulation of the speculative exe-
cution algorithm. Histograms of the resulting workloads are
shown in Figures 11 through 14 for the same two values of
the success ratio,r. A good match between the histograms
of Figures 7 to 10 with those in Figures 11 to 14 implies
that the analytic model is effective in matching the empiri-
cal results in its estimate offV (x1; :::; xP ).

For the final stage of evaluating the model, we
are interested in comparingE[max1�j�P (Wj)] and
E[max1�j�P (Vj)] to the mean (across iterations) of
max1�j�P (wi;j) and the mean (across iterations) of
max1�j�P (vi;j). This comparison lets us quantify the ac-
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Figure 9. Dist. of V , r = 1:0, for QNS.
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Figure 10. Dist. of V , r = 1:0, for VLS.

curacy of the model at characterizing the workload both
with and without speculation. Tables 3 and 4 provide such
a comparison for a variety of queueing networks and logic
circuits with different numbers of processors,P , and values
of r. Figures 15 and 16 plot these results for the case where
speculation is present.

The first two data columns in the tables correspond to
parallel workload when no speculation is present. The
first column (labeledE[max1�j�P Wj ]) corresponds to the
modeled results, and the second column (labeled mean of
max1�j�P wi;j ) corresponds to the empirical results. To
calculate the empirical results, the max operator was ap-
plied at each iteration, and the mean was taken across iter-
ations. As seen in both tables, the model of the workload,
W , strongly matches the empirical workload,w i;j , for both
the queueing network and logic simuation for a variety of
topologies and circuits. This points to the fact that model-
ing the original workload via an i.i.d. random process is a

Table 2. Model results for P = 4.
E[max1�j�P Vj ] E[max1�j�P Vj ]

for q8000pm3 for s9234
r = 0:5 106.17 4.39
r = 1:0 102.02 4.08

reasonable approach.
The last two columns in the tables correspond to par-

allel workload when speculation is present. The column
labeledE[max1�j�P Vj ] corresponds to the modeled re-
sults, and the column labeled mean ofmax1�j�P vi;j cor-
responds to the empirical results. This data is also plotted in
Figures 15 and 16. In the queueing network simulation, the
model of the workload with speculation,V , closely matches
the empirically calculated speculative workload,v i;j , for all
queueing networks and for different values of the specula-
tion success ratio,r. These results are what we expected for
the queueing network application, since the previous model
(of [18]) worked well under these circumstances.

The limitations of the previous model were apparent for
the VLSI logic simulation application. The independence
assumption (across processors) caused the earlier model to
consistently overstate the execution time. Here, however,
we have an excellent match between modeled and empiri-
cal results. Explicitly modeling the correlation in workload
across the processors has enabled us to reliably predict the
performance of an application that is not well characterized
when an independence assumption is made.

5. Summary and Conclusions

This paper has presented and validated a performance
model for synchronous iterative algorithms that include
speculative computation. The model was applied to two
discrete-event simulation applications: queueing network
simulation and VLSI logic simulation. Unlike earlier mod-
els, the model presented here effectively handles circum-
stances where the parallel workload across the processors is
highly correlated, such as is the case for VLSI logic simu-
lation.

We believe the usefulness of this model will come in two
forms. First, any good analytic model can be used to better
understand the performance issues associated with a paral-
lel application execution. This can point to improvements
in efficiency via changes in the algorithm, execution plat-
form modifications, or various other forms of performance
tuning.

Second, since the analytic model only requires empiri-
cal data that can be collected from a serial execution of the
simulation, it can be used to predict the performance of a
new application prior to parallel implementation. This can
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Figure 11. Hist. of vi;j , r = 0:5, for QNS.
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Figure 12. Hist. of vi;j , r = 0:5, for VLS.

help a simulation practitioner to evaluate whether or not it
is worth the effort to implement a synchronous parallel ver-
sion of the application.
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Table 3. Model validation for QNS.
Queueing mean of mean of
network P r E[max1�j�P Wj ] max1�j�P wi;j E[max1�j�P Vj ] max1�j�P vi;j

q8000pm3 2 0.5 208.42 208.38 205.19 205.35
1.0 208.36 208.38 201.96 201.96

4 0.5 110.45 110.43 106.17 106.56
1.0 110.42 110.43 102.02 102.16

8 0.5 60.06 60.05 55.70 56.29
1.0 60.06 60.05 51.46 51.96

q8000pm4 2 0.5 167.27 167.28 164.43 164.58
1.0 167.28 167.28 161.65 161.57

4 0.5 89.38 89.36 85.55 85.90
1.0 89.37 89.36 81.79 81.91

8 0.5 49.04 49.04 45.15 45.68
1.0 49.05 49.04 41.40 41.85

q1000p100 2 0.5 104.76 104.77 102.46 102.49
1.0 104.78 104.77 100.16 99.76

4 0.5 56.80 56.80 53.78 53.91
1.0 56.80 56.80 50.74 50.59

8 0.5 31.87 31.87 28.86 29.20
1.0 31.86 31.87 25.98 26.25

Table 4. Model validation for VLS.

Logic mean of mean of
circuit P r E[max1�j�P Wj ] max1�j�P wi;j E[max1�j�P Vj ] max1�j�P vi;j

s38584 2 0.5 92.41 92.30 91.32 90.79
1.0 91.91 92.30 90.17 89.75

4 0.5 49.30 49.51 47.84 47.48
1.0 49.58 49.51 47.32 45.95

8 0.5 27.49 27.50 26.08 25.17
1.0 27.44 27.50 25.33 23.82

s15850 2 0.5 13.57 13.59 13.04 12.87
1.0 13.57 13.59 12.73 12.41

4 0.5 8.22 8.22 7.46 7.30
1.0 8.20 8.22 7.05 6.58

8 0.5 5.46 5.47 4.69 4.57
1.0 5.46 5.47 4.33 4.05

s9234 2 0.5 7.92 7.92 7.41 7.32
1.0 7.95 7.92 7.13 6.87

4 0.5 4.98 4.98 4.39 4.29
1.0 4.99 4.98 4.08 3.84

8 0.5 3.58 3.59 2.93 2.87
1.0 3.59 3.59 2.62 2.47

s510 2 0.5 3.53 3.53 3.28 3.26
1.0 3.53 3.53 3.15 3.09

4 0.5 2.70 2.70 2.32 2.31
1.0 2.69 2.70 2.14 2.09

8 0.5 2.01 2.01 1.59 1.57
1.0 2.01 2.01 1.40 1.31


