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Motivation
 End-to-end data transfer performance is a 

major bottleneck for large-scale distributed 
applications

 TCP based solutions
◦ Fast TCP, Scalable TCP etc

 UDP based solutions
◦ RBUDP, UDT etc

 Most of these solutions require kernel level 
changes

 Not preferred by most domain scientists



Application-Level Solution
 Take an application-level transfer protocol     

(i.e. GridFTP) and tune-up for optimal 
performance:
◦ Using Multiple (Parallel) streams
◦ Tuning Buffer size 



Roadmap
 Introduction
 Parallel Stream Optimization
 Buffer Size Optimization
 Combined Optimization of Buffer Size and 

Parallel Stream Number
 Conclusions
 



Parallel Stream Optimization
For a single stream, theoretical calculation of 
throughput based on MSS, RTT and packet loss rate:

 

For n streams?
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Hacker et al (2002)
An application opening n 
streams gains as much 
throughput as the total of n 
individual streams can get: 

Dinda et al (2005)
A relation is established 
between RTT, p and the 
number of streams n:



Kosar et al Models
Logarithmic Modeling Break Function Modeling

Modeling Based on Newton’s Method Modeling Based on Full Second Order
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It is not a perfect World!
 The selection of point should be made intelligently 

otherwise it could result in mispredictions
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a) Dinda et. al Model
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b) Newthon’s Method Model
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c) Full second order Model

GridFtp
Full Second Order_4_9_10
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Delimitation of Coefficients
 Pre-calculations of the coefficients of  a’, b’ 

and c’ and checking their ranges could save us 
for elimination of error rate

 Ex: Full second order
◦ a’ > 0
◦ b’ < 0
◦ c’ > 0
◦ 2c’ + b’ > 1  
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Selection Algorithm3.1.2 Proof of Full second order Model coefficients
requirements

In order to get a curve which increases first and then de-
creases monotonically, we should guarantee that the through-
put function is positive first and when it reaches the peak
point, becomes zero, finally decreases into negative value.
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According to the above equalities and inequalities ,we
conclude that Full second order Model increases first, then
reaches a peak value, later decreases with a lower bound
√

a′

a′ .

3.2 Exponential Increasing Steps Solution
In this section we present an exponential increasing al-

gorithm that will intelligently select a sequence of stream
numbers 1, 2, 22, 23, · · · , 2k. Each time we double the num-
ber of streams until the throughput of the corresponding
stream number begins to drop or increase very slightly com-
pared with the previous one. After k+1 steps, we have k+1
data pairs that are selected intelligently.

The ExpSelection algorithm takes a set T of through-
put values for different parallelism values. These values
could be gathered from historical transfers or through in-
stant samplings performed at the time of algorithm execu-
tion. First the algorithm sets the accuracy to a predefined
small value[Line 2], and starts with a single stream and add
the stream number and the corresponding throughput values
to the output set [Lines 6-7]. The second parallelism level
is calculated as twice the value of the previous parallelism
value[Line 9]. The slop among the current and the previous
throughput values are calculated[Line 11]. If the slop is less

than the accuracy value, the loop stops and we gather our
selected set of stream number and throughput pairs (O).
ExpSelection(T )

! Input: T
! Output: O[i][j]
1 Begin
2 accuracy ← α
3 i ← 1
4 streamno1 ← 1
5 throughput1 ← Tstreamno1

6 O[i][1] ← streamno1
7 O[i][2] ← throughput1
8 do
9 streamno2 ← 2 ∗ streamno1

10 throughput2 ← Tstreamno2

11 slop ← throughput2−throughput1
streamno2−streamno1

12 i ← i + 1
13 O[i][1] ← streamno2
14 O[i][2] ← throughput2
15 streamno1 ← streamno2
16 throughput1 ← throughput2
17 while slop > accuracy
18 End

Now that we have our selected set O, we apply a compar-
ison algorithm that will select the best combination based
on both the coefficient values as well as the error rates of
the selected combination. In BestCmb algorithm, we give
the selected set O, number of items in the set (n) and the
model to be applied as input. For every set of combination,
the coefficients are calculated and if they are in the effec-
tive range that we presented in previous section, the total
difference between the actual throughput and the predicted
throughput is calculated[Lines 6-8]. The combination with
the minimum err is selected and returned.
BestCmb(O,n, model)

! Input: O, n
! Output: a, b, c, optnum
1 Begin
2 errm ← init
3 for i ← 1 to (n − 2) do
4 for j ← (i + 1) to (n − 1) do
5 for k ← (j + 1) to n do
6 a′, b′, c′ ← CalCoe(O, i, j, k, model)
7 if a′, b′, c′are effective then
8 err ← 1

n

Pn
t=1 |O[t][2] − Thpre(O[t][1])|

9 if errm = init || err < errm then
10 errm ← err
11 a ← a′

12 b ← b′

13 c ← c′

14 end if
15 end if
16 end for
17 end for
18 end for
19 optnum ← CalOptStreamNo(a, b, c, model)
20 return optnum
21 End

In Figure 3, we give the experimental results of the appli-
cation of our algorithm. Two different experimental environ-
ments are used. In Figure 3.a and 3.b, the experiments are
conducted over the LONI network with 1Gbps NICs while
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Points Chosen by the Algorithm



Buffer Size Optimization
 Buffer size affects the # of packets on the fly 

before an ack is received
 If undersized
◦ The network can not be fully utilized
 If oversized 
◦ Throughput degradation due to packet losses which 

causes window reductions
 A common method is to set it to Bandwidth 

Delay Product = Bandwidth x RTT
 However there are differences in 

understanding the bandwidth and delay 



Bandwidth Delay Product
 BDP Types:

 BDP1= C x RTTmax

 BDP2= C x RTTmin

 C -> Capacity  

 BDP3= A x RTTmax

 BDP4= A x RTTmin

 A -> Available bandwidth
 BDP5= BTC x RTTave

 BTC -> Average throughput of a congestion limited transfer
 BDP6= Binf

 Binf -> a large value that is always greater than window size



Existing Models
 Disadvantages of existing optimization 

techniques
◦ Requires modification to the kernel
◦ Rely on tools to take measurements of bandwidth 

and RTT
◦ Do not consider the effect of cross traffic or 

congestion created by large buffer sizes
 Instead, can perform sampling and fit a curve 

to the buffer size graph



Buffer Size Optimization

 Throughput becomes stable around 1M buffer 
size



Combined Optimization



Balancing: Simulations
 Simulator: NS-2
 Range of different buffer sizes and parallel 

streams used
 Test flows are from Sr1 to Ds1 where cross 

traffic is from Sr0 to Ds0



1 - No Cross Traffic
‣ Increasing the buffer size pulls back the parallel stream number 
to smaller values for peak throughput

‣ Further increasing the buffer size causes a drop in the peak 
throughput value

 



2 - Non-congesting Cross Traffic
‣ 5 streams of 64KB buffer size as traffic

‣ Similar behavior as no traffic case until the capacity is reached

‣ After the congestion starts the fight is won by the parallel flows 
of which stream number keeps increasing



3 - Congesting Cross Traffic
‣ 12 streams of 64KB buffer size traffic 

‣ No significant effect of buffer size

‣ As the number of parallel streams increases the throughput 
increases and cross traffic throughput decreases  



Experiments on 10Gbps Network

 Approach 1: Tune # of streams first, then buffer size

◦ Optimal stream number is 14 and an average peak of 1.7 Gbps 
is gained
◦ Optimal buffer size = 256



Experiments on 10Gbps Network

 Approach 2: Tune buffer size first, then # of streams

◦ Tuned buffer size for single stream is 1M and a throughput of 
around 900 Mbps is gained
◦ Applying the parallel stream model, the optimal stream 

number is 4 and an average of around 2Gbps throughput is 
gained

 





Conclusions and Future Work
 Tuning buffer size and using parallel streams 

allow improvement of  TCP throughput at the 
application level

 Two mathematical models (Newtons & Full 
Second Order) give promising results in 
predicting optimal number of parallel streams

 Early results in combined optimization show 
that using parallel streams on tuned buffers 
result in significant increase in throughput



For more information
Stork: http://www.storkproject.org

PetaShare:http://www.petashare.org
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