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Figure 13: Significance of traffic in the reverse direction.

traffic sources, indicated by either an inaccuracy in the
mean or large standard deviation. PathChirp appears to
be a bit less sensitive to burstiness of background traf-
fic. We also no longer see that pathchirp is always con-
servative in its estimates. In fact, when the background
traffic occupies a significant portion of the link we see
that pathchirp overestimates available bandwidth, e.g.,
Mawi/HB traffic with 70 Mbps background traffic. The
authors [17] saw that both pathchirp and pathload esti-
mates are close to each other, however, we see that there
are times when the estimates are very different from each
other; for instance, Mawi for 50 Mbps.

The conclusion from these results is that it is difficult
to predict a priori which bandwidth estimation tool gives
better results and that realistic network traffic charac-
teristics can impact study results. System behavior is a
function of the average amount of background traffic as
well as burstiness. For instance, if we hypothesize that
only background traffic’s average throughput is impor-
tant, then we can disprove it by observing the case for 30
Mbps BG traffic. For CBR background traffic, pathload
is the more accurate tool, whereas for HB, pathchirp is
more accurate in its estimate. Similarly if we hypothe-
size that only burstiness matters, then we can disprove
that by looking at HB traffic. At 30Mbps we would pre-
fer pathchirp for HB traffic whereas at 70Mbps pathload
shows superior accuracy. We leave the task of attributing
the sensitivity of these tools to the underlying algorithms
to orthogonal future work.

5 Case Studies

Considering our evaluation to this point, sensitivity to
background traffic characteristics is application specific.
Certain applications, such as bandwidth estimation are
highly sensitive to background traffic while others, such
as RealPlayer, are relatively insensitive except in extreme
cases. We now turn our attention to some additional im-
portant characteristics of background traffic and their im-
pact on end-to-end applications.

5.1 Bi-directional Traffic Characteristics

To this point, we have largely focused on traffic charac-
teristics in one direction of a link (though in all cases,
we played back bi-directional traces). We now consider
a case where traffic characteristics in the reverse direc-
tion can impact application performance depending on
the deployment setting. In the first experiment, we re-
peat retrievals of 1MB files using httperf/Apache (as Sec-
tion 4.2) across a shared 100 Mbps target link. We use
the background traffic models corresponding to the two
Mawi traces in Table 2. The traces are in increasing order
of bandwidth in the direction of flow of HTTP responses
(Dir 0). One would expect that the response time dis-
tribution would correspond to the relative bandwidth of
each of these traces.

Figure 13a) plots the CDFs of retrieval times for this
experiment. Mawi2 is of higher bandwidth than Mawi
(Table 2) but the CDF is to the left of Mawi as a result
of background traffic in the reverse path. This effect is
more pronounced for Mawi as it has 10 Mbps of traffic
in the reverse direction versus 1 Mbps for Mawi2. This
relative ordering, however, is not present when we repeat
the experiments with a 20 Mbps shared link as shown
in Figure 13b). At 20 Mbps, the forward direction traf-
fic dominates for both Mawi and Mawi2 so the effects
of congestion on the reverse path is less pronounced.
Thus, one simple conclusion is that that background traf-
fic inthe reverse direction can impact application perfor-
mance though the dominant direction is difficult to pre-
dict a priori.

5.2 Burstiness at Various Timescales

We have shown that background traffic with the same av-
erage bandwidth, but differing burstiness characteristics
will have varying impact on application behavior. We
now consider the question of whether burstiness at par-
ticular timescales (for instance, burstiness at millisecond
versus second granularity) has differing impact on appli-
cation performance. Generating traffic that selectively
and precisely varies burstiness at arbitrary timescales is
an open problem. However, we can alter burstiness in
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Figure 14: Varying burstiness at small and large timescales to understand impact on file download times.

a coarse manner at relatively small and large timescales.
To vary burstiness at large timescales, we set Swing’s
user think time distribution to O for all requests; mean-
ing, for instance, that for each user session, requests
for subsequent objects will be initiated immediately af-
ter the previous request completes. Figure 14a) shows
the resulting energy plot. Note that traffic becomes more
bursty at timescales 11— 14 (corresponding to the 1-8 sec
range) relative to the default Auck trace. To vary bursti-
ness at timescales 3 — 6 (4-32 ms), we restrict all links in
the emulated topology for Swing sources to 2 Mbps. Fig-
ure 14a) also shows the energy plot for this case. Let us
call these two new traces Traf ficl and Traf fic2. We
will next try to understand if these seemingly small dif-
ferences in burstiness impacts application performance.

We run HTTP experiments across a shared 10 Mbps
link. The results in Figure 14b) shows the effect of vary-
ing burstiness on a relatively relatively large 1 MB file
transfer. We see that varying burstiness at small time
scales (Traffic2) has relatively little impact on the dis-
tribution of response times. Burstiness at larger time
scales (Trafficl) skews the CDF around the median.
Few flows finish early and few take longer compared to
Auck/Traffic2. We hypothesize that over a long transfer,
burstiness at small time scales (milliseconds) averages
out over the lifetime of the connection. Burstiness over
multiple seconds however will more significantly impact
transfers that complete in just over one second by default.

The situation reverses itself when we consider the dis-
tribution of download times for the same experiment but
with 4 KB objects as shown in Figure 14c). In this
case, increased burstiness at large timescales (Trafficl)
has no impact on the distribution of performance rela-
tive to the baseline. However, the decreased burstiness at
small timescales for Traffic2 relative to Auck results in
improved download times, especially above the 80th per-
centile. Note that Traffic2 displays reduced burstiness in
the 4-32 ms timescales (Figure 14a), and that retrieving
a 4 KB takes 29 ms in the median case for Auck. From
this initial experiment, we hypothesize that for a given

level of background traffic, its burstiness characteristics
at timescales corresponding to the duration of individ-
ual application operations will have the most significant
impact on overall application behavior.

6 Discussion

While this paper shows the importance of subjecting net-
work services to a range of background traffic conditions,
there are a number of remaining open questions. First
is the need for a suite of background traffic that capture
the range of conditions likely to be experienced during
live deployment. We have shown that the bursty traffic
present on the Internet can dramatically affect applica-
tion behavior relative to synthetic traffic models. How-
ever, we cannot yet characterize the full range of network
conditions likely to be present on the Internet.

Next, we have not yet shown the best way to gener-
ate the background traffic. We have shown one plausible
technique employing the Swing traffic generator. How-
ever, Swing requires multiple machines to generate the
traffic and a network emulator to appropriately shape in-
dividual flows. And yet, our current understanding indi-
cates that recreating Internet traffic burstiness critically
depends on recreating appropriate network characteris-
tics and closed-loop responsive traffic sources and sinks
that, for example, obey the dynamics of TCP [21].

Finally, our analysis considers the effects of back-
ground traffic on a single link between sources and des-
tinations. Under realistic deployment scenarios, appli-
cation traffic must interact with background traffic at
multiple links across the network. Our initial experi-
ments, not shown for brevity, indicate that the impact of
bursty background traffic is even more pronounced and
unpredictable when considering more complex network
topologies. We believe that capturing this full complex-
ity will be challenging in the short term, but it would be
valuable to determine whether relatively simple models
can account for most of the additional impact that comes
from more complex topologies.
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7 Conclusion

We set out to answer a simple question: When run-
ning simulation or emulation experiments, what kind of
background traffic models should be employed? Ad-
ditional motivation comes from recent interest in accu-
rately recreating realistic background traffic characteris-
tics. While there have been significant advancements in
this space, there is relatively little understanding of what
aspects of background traffic actually impact application
behavior. To fill this gap, we quantified the interaction
of applications with a variety of background traffic mod-
els. We found that, for instance, HTTP is sensitive to the
burstiness of background traffic depending on the domi-
nant size of transferred objects; multimedia applications
have been engineered to be relatively insensitive to traf-
fic burstiness; and bandwidth estimation tools are highly
sensitive to bursty traffic because unstable link character-
istics make convergence to stable estimates difficult. We
also observed that characteristics of background traffic in
both directions of a link can impact application perfor-
mance. Finally, we hypothesize that each application is
sensitive to burstiness of traffic at particular application-
dependent timescales.
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