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Abstract

A major obstacle for caching research is the increasing diffi-
culty of obtaining original traces from production caching systems.
Original traces are voluminous and also may contain private and
proprietary information, and hence not generally made available to
the public. The lack of original traces hampers our ability to evaluate
new cache designs and provides the rationale for JEDI, our new
synthetic trace generation tool. JEDI generates a synthetic trace that
is “similar” to the original trace collected from a production cache,
in particular, the two traces have similar object-level properties and
produce similar hit rates in a cache simulation. JEDI uses a novel
traffic model called Popularity-Size Footprint Descriptor (pFD) that
concisely captures key properties of the original trace and uses the
pFD to generate the synthetic trace. We show that the synthetic traces
produced by JEDI can be used to accurately simulate a wide range of
cache admission and eviction algorithms and the hit rates obtained
from these simulations correspond closely to those obtained from
simulations that use the original traces. JEDI will be provided to
the public as open-source, along with a library of pFD’s computed
from traffic classes hosted on Akamai’s production CDN. This will
allow researchers to produce realistic synthetic traces for their own
caching research.
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1 Introduction

Billions of users access the Internet daily to download many
forms of content, including videos, documents, images, web pages,
and software. Content caching is ubiquitous and critical to the func-
tioning of the Internet. Most of the content accessed by users are
delivered by content delivery networks (or, CDNs) [24, 47] consist-
ing of hundreds of thousands of caches deployed in thousands of
datacenters around the world. CDNs enable fast and reliable access
to content by caching it in servers proximal to users.

Cache hits and misses. When a user accesses a web page or a
video, a request is sent to a proximal CDN server that serves the
content if it is present in its cache (called a cache hit). If the content
is not found in its cache (called a cache miss), the CDN server

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions @acm.org.

IMC ’22, October 25-27, 2022, Nice, France

© 2022 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-9259-4/22/10. .. $15.00
https://doi.org/10.1145/3517745.3561466

Ramesh K. Sitaraman
Univ. of Massachusetts Amherst & Akamai Technologies

fetches that content over the WAN from an origin server and serves
it to the user. The efficiency of a cache is often measured by two
different metrics: the request hit rate (RHR) which is the fraction of
requests for content that resulted in cache hit and the byte hit rate
(BHR) which is the fraction bytes that were served from cache hits.

Caching benefits. Content caching provides both performance
and cost benefits. Caching provides better performance by enabling
users to download content from a proximal cache with low latency
and higher reliability, allowing web pages to download faster and
video streams to play with better quality. Maximizing the RHR is key
to maximizing the performance benefit since a cache miss introduces
large WAN latencies, resulting in users experiencing slow content
downloads. Caching also provides a cost benefit since retrieving the
content from a nearby cache avoids fetching that content over the
WAN, resulting in a reduction in traffic between the CDN cache and
the content provider’s origin server, decreasing the bandwidth cost
[55] incurred by the CDN for the cache miss traffic. Further, caching
reduces the content provider’s origin infrastructure cost of serving
the cache miss traffic. Maximizing BHR is key to minimizing cost,
since BHR weights each cache hit by the size of the object and
the traffic (in bits per second) caused by cache misses is directly
proportional to the byte miss rate that equals 1 - BHR.

Cache admission and eviction. A cache management system
has two components designed to maximize RHR and/or BHR: the
cache admission algorithm decides what objects are admitted into
cache and the cache eviction algorithm decides what objects will
be evicted from cache when it is full. Both cache admission and
eviction algorithms have been topics of intense research over the
past decades [7, 17, 32, 33, 35, 44, 61]. Caching continues to be
a focus for innovative research both within academia and industry
as the characteristics of the content and the manner in which it is
accessed becomes more diverse and complex.

Content features used in caching. The algorithms that imple-
ment cache management policies typically rely on features of the
objects that are being requested by users to make their decision. Tra-
ditionally, cache admission algorithms have used popularity or size
of the object to decide whether or not to admit an object into cache.
For instance, a common popularity-based approach implemented by
production CDNs such as Akamai is to an admit an object into the
disk cache only after it is request k times, typically k = 2 and a bloom
filter is used to detect the second access of an object [41]. For smaller
caches, such as the hot-object cache in memory, algorithms such as
AdaptSize [15] use a size threshold and allow only objects smaller
than the threshold to be admitted to cache. The use of a size thresh-
old is common for smaller caches since admitting a large object into
cache could result in the eviction of numerous smaller objects. In
contrast, cache eviction policies have commonly relied on features
related to recency or frequency of access [7, 23, 29, 44, 61], evicting
those objects that are less recently or less frequently accessed.

Challenges obtaining original traces. Caching research is in-
creasingly important as newer content types and access patterns
challenge the effectiveness of existing caching algorithms. However,
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TRAGEN [50] that also uses a model-driven approach using two dif-
ferent models called Footprint Descriptor (FD) and Byte-weighted
Footprint Descriptor (bFD). Our work is signi cant advance over
TRAGEN as we explain below.

Our contributions. We make the following contributions.

(1) JEDI uses a novel traf c model called Popularity-Size Foot-
print Descriptor (pFD) that captures both the object-level properties
and cache-level properties of an original trace. The important char-
acteristics of our traf c model are: (i) pFD's are succinct and are
orders of magnitude smaller than the original production traces. The

Figure 1: System architecture of JEDI. pFDs computed from original traces of size 100's of GB are around
100MB and hence 1000 times smaller; (ii) pFD's are ef ciently com-
a major obstacle for research progress is the increasing dif culty of putable from an original trace Bi(# log<) where# is the length
obtainingoriginal tracesfrom production CDN caches. An original  of the original trace ang is the number of objects in the trace.
trace is a sequence of records where each record corresponds to bn our implementation that uses python, a pFD can be computed
request for an object made by an user. Each record contains at leasin around 120 minutes for a trace that consists of 100 million re-
the id (such as url) of the requested object, the size of that object, andquests; (iii) pFDs are composable i.e., the pFD of a traf ¢ mix can
the time when it was accessed. Thus, the original trace has all thebe ef ciently computed from the pFDs of individual traf ¢ class by
information needed for performing realistic cache simulations. The leveraging Fast Fourier Transforms. Our implementation, in python,
reason for the dearth of original traces are manifold. First, the origi- takes around 30 minutes to compute the pFD of a traf ¢ mix given
nal traces are voluminous, making it hard to collect and distribute. individual pFDs.
Second, the original traces often have private or proprietary infor-  (2) JEDI is therst tool that can produce a synthetic tracg
mation, making it dif cult to share across enterprise boundaries and that has similar object-level propertiaad cache-level properties
to provide publicly for researchers. Finally, even if original traces as that of the original traces. In particular, the total variation dis-
can be obtained, they represent only a few of the possible scenariogance between the object-size distributions, popularity distributions
that may occur in the eld, making it harder to investigate what-if and request-size distributions derived from tracgsand > are
questions that go beyond those scenarios. These challenges motivatg’l 10 3,57 10 3,11 10 2 respectively. Further, for cache-
our research on synthetic trace generation. level properties, the average difference in RHR (resp. BHR) for
Traf c classes and composability.Modern CDNSs serve highly-  and > is 1"2%(resp.0'6%) across all cache simulations that we
diverse content that vary in type, size, and access patterns. For easperformed. In contrast, the state-of-the-art synthetic trace genera-
of traf c management, it is customary to partition the content served tion tool TRAGEN does not produce a synthetic trace with similar
by a CDN intotraf c classes[54] where each class corresponds object-level properties as the original. While TRAGEN produces a
to a speci ¢ content type of a speci ¢ content provider, example, synthetic trace that has a similar size distribution as the original trace,
images from Facebook, software downloads from Microsoft, and the popularity distributions and the request-size distributions of the
video segments from Net ix each form a traf c class. A large CDN  two traces are not similar. Further, TRAGEN can only produce a
may serve several hundred traf ¢ classes overall and each cache maysynthetic trace that has either a similar RHR or BHR as the original,

serve time-varying mix of multiple traf c classes. and not both simultaneously. JEDI meets a higher bar of similarity
Goal of synthetic trace generationThe goal of synthetic trace by simultaneouslynatching three key object-level distributions and

generation is to produce a synthetic tragghat is “similar” to an two key cache-level metrics of the synthetic and original traces.

original trace > of a traf ¢ class in the following two respects: (i) (3) Since JEDI produces a synthetic trace that matches the origi-

Traces > and ghave similar object-level properties, i.e., the total nal trace in object-level properties, it can be reliably used to simulate

variation distances3] of the respective object-size distributions, cache admission algorithms that use object size and popularity fea-
popularity distributions, and request-size distributions are small, tures for decision making. In particular, we show that traces produced

and (ii) Traces > and g have similar cache-level properties, in by JEDI provide more accurate simulations of cache admission al-
particular, a cache simulation that uses trag@nd another that uses  gorithms that use object size and popularity features than TRAGEN.
trace > must produce similar values for metrics such as RHR and Likewise, the traces produced by JEDI provide more accurate simu-
BHR. In addition, given original traces for multiple traf ¢ classes, lations of cache eviction algorithms that use object size (e.g., GDSF)

the trace generator should be able to generate a synthetic tracéhan TRAGEN. However, JEDI and TRAGEN perform similarly

corresponding to an arbitrary mix of those classes. for cache eviction algorithms that rely only on recency features. In
Our approach. We propose a model-based trace generator JEDI summary, synthetic traces produced by JEDI produces more accu-
(c.f., Fig. 1) that works as follows. Given an original trace, a rate simulations for a broader set of cache admission and eviction

traf c modelercomputes a model that we call Popularity-Size Foot- algorithms than TRAGEN.

print Descriptor (pFD) that captures key properties of the original ~ (4) JEDI is publicly available for download as an open-sotirce
trace. Theraf c mixer enables pFD's of multiple individual traf c contribution, along with a library of pFD's computed from traf-
classes to be used to derive the pFD of an arbitrary mix of those c classes hosted on Akamai's production CDN. This will allow
classes. Finally, theace generatoproduces a synthetic trace from

the pFD of the traf ¢ class (or, mix). Our approach is most similar to it can be downloaded from https:/github.com/UMass-LIDS/Jedi
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researchers to produce realistic synthetic traces for their own caching \ Trace \ Video (V) \ Web (W) \ TC \ EU \
research. Our'traf c moneIer component also allows other researchers Length (mil. regs) 596 6167 | 288| 595
to create pFD's for their own original traces.
. . Req. rate (regs/sec 382 7414| 820| 382

JEDI limitations. We are able to prove that the trace generation Tratc (GB 15 559 036 131
algorithm works for an LRU cache, using theoretical models such ra Cf( b Ps) : . 2 g . '99
as footprint descriptor<$H] that capture the caching properties of No. o O_ Je_CtS (mil.) 127 ! 51
an LRU cache. However, proving that a trace generation algorithm | Av9- 0bj. size (KB) 1756 291] 122 1268
works for arbitrary (non-LRU) cache algorithms is hard because | Year collected 2018 2015 2018 | 2015

there are no theoretical models that capture the caching properties of Table 1: Trace description

such algorithms. Even though we do not prove that hit rates match for

non-LRU algorithms, the synthetic trace generated by JEDI captures2.1  Traf ¢ classes

essential features of the original trace such as the access patterns There exists a wide variety of digital content on the Internet,

(temporal locality), popularity distribution, and the size distribution for example, images, web pages, videos, 3@@leos, software

of the objects in the trace. So, (non-LRU) cache allgo.rlthms f[h,at downloads, that is hosted by a multitude of content providers. For
use these features to make cache admission and eviction decmon&e ease of cache management, traf ¢ is often bucketed into traf ¢

grow_de i'ml'laLh'; rr?tes o_n tt|1e synthetic tra;]c_e as th?Norlg]mal trace, classes. Each traf ¢ class refers to a content type hosted by a speci ¢
espite the lack of theoretical guarantee on hit rates. We demonstrate, ,yient provider, for example, images from Facebook, videos on

this fact for a wide range of cache algorithms through extensive Net ix, software downloads from Microsoft. Cache provisioning

empirical evaluations (86). decisions in a CDN are generally made at the granularity of a traf ¢

.Relation to prior work. Most prior work on synthetic trace gener-  |occand a large CDN may have a few hundred traf ¢ class8s [
ation propose tools that generate synthetic traces that are represent@-, h traf c class has unique object-level and cache-level properties.
tive of web traf ¢ [13, 18, 34, 36, 46]. These tools from past decades

do not cater to the diverse traf ¢ classes and traf c mix scenarios
that modern content caches serve. Most importantly, these tools fail2.1.1  Original traces for traf ¢ classes. To illustrate the proper-

to generate a synthetic trace that satis es the cache-level propertiedies of the traf ¢ classes and for other empirical work in this paper,
of an original trace as we show in 86.5. A recent tool, TRAGEN Wwe use the same original traces from Akamai's CDN as that used to
[50], partially overcomes this challenge by producing a synthetic evaluate TRAGEN$(]. We provide the details of these traces that
trace that has the same cache-level properties as the original tracavere rst described in$(] (Table 1). Each trace consists of hundreds
for cache algorithms that use recency as a feature to make evictionof millions of requests that were made for millions of objects for
decisions. However, recency based cache eviction algorithms formdifferent traf ¢ classes such as web, video, software downloads, me-
only a subset of the cache algorithms that are used in practice. Theredia. Each trace is collected over a period of few days. The WEB and
exist many cache algorithms that use object-level properties suchVIDEO trace were collected from a CDN edge cluster that consists
as popularity and size to make cache admissiothcache eviction of 10 servers. The WEB and VIDEO trace contain requests that were
decisions (§10.1 and §10.2). TRAGEN fails to produce a synthetic made predominantly for the web and video traf ¢ class. The TC and
trace with same cache-level properties as the original trace for theseEU traces consists of requests made for a variety of traf c classes
algorithms as it does not incorporate the object-level properties such as downloads, media, web and images and are described in
such as popularity distribution and request-size distribution. Further, Table 3 and Table 2, respectively.

TRAGEN produces two distinct synthetic traces that have either a
similar RHR or a similar BHR as the original trace. Producing a

singlesynthetic trace that has similar cache-level properties (RHR 2.2 Object-level and Cache-level Properties

and BHR)and object-level properties (size distribution, popularity The threeobject-level propertieare the object size distribution,
distribution and request-size distribution) as an original trace is the popularity distribution, and request size distribution as described
challenge we overcome in this work. below, The twocache-level propertiesf interest are RHR and BHR.

JEDI is the rst tool that can produce a single synthetic trace Object size distribution (SZ). The object sizes of content on
with similar cache-level and object-level properties as the original the Internet vary considerably across and within traf ¢ classes. For
trace. Thus, the synthetic traces produced by JEDI can be usednstance, web pages or images are generally much smaller as com-
in the simulation of a wide range of cache algorithms that span pared to media segments or software downloads. And within a traf ¢
(A) popularity and size based admission algorithms; (B) popularity class, say media segments from Net ix, the segments with the lowest
and size based eviction algorithms; and (C) recency based evictionquality (bitrate) are much smaller in size as compared to segments
algorithms. This work does not raise any ethical issues. with the highest quality. Thebject size distributiotsZ( ) of a trace
. . gives us the probability that an object in the trace is of kiZ€ig. 3a
2 Traf c classes and their properties depicts the object size distribution for the various traf c classes.

We show how the digital content hosted on the internet can be  Why SZ matters for cache simulatioriE?e SZ of the trace has

classi ed intotraf c classes(c.f., § 2.1) and describe tlubject-level a direct impact on the observed hit rates. For instance, if the trace
propertiesandcache-level propertieg 2.2) of a traf ¢ class that consists of requests made to large media objects, then we can only
are important for realistic trace-based simulations. store a small number of objects in cache, leading to cache misses.

Further, there also exist many cache algorithms such as ThLRU,
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| Trace | Media-0 | Media-1| Media-2 | Media-3 | Media-4 | Media-5 | Media-6 | Web-7 | Media-8 | Web-9 |
Length (mil. regs) 32.04 109.3 70.3 91.92 43.98 66.48 36.56 9.73 128.44 6.95
Reg. rate (reqs/sec) 20.64 70.44 45.32 59.2 28.33 42.82 23.55| 6.248 82.73 5.38
Traf ¢ (MBps) 12 480 13 36| 288.3| 4348 268| 08| 27.682 0.756
No. of objects (mil.) 15.55 2.66 18.62 39.64 2.31 2.49 14.45| 0.028 22.56 0.02
Avg. object size (KB) 679.2 9727 286.4 653 10286 10291 1026 | 71.65 151.3| 69.83

Table 2: EU trace description

Adaptsize, GDSF (described in § 10.1) that use object size as an
admission or eviction criteria. Thus, for the synthetic trace and the
original trace to have the same cache-level properties across different
cache algorithms, it is desirable that their SZ is similar.

Popularity distribution (POP) We de ne popularity of an ob-
ject as the number of requests made for it in a given tra8elfg).

Speci cally, thepopularity distributionPOP@) gives us the proba-

bility that an object is requestétitimes in the duration of the trace. @ ()

Observe that popularity of an object depends on the length of the Figure 2: (a) Popularity vs Avg. inter arrival time; and (b) Popularity vs
trace that is collected. If the length is doubled, the popularity of Avg. RHR

some objects in the trace could increase. However, we chose not to ] ) ]

normalize the popularity by the trace length for the following reason. Computation of SZ, but is countetitimes (for each request for
For suf ciently large traces, such as the ones we have collected andOPi€Ct) in the computation of REQSZ.

described in Table 1, we nd that there exist very few objects that ~ Why REQSZ matters for cache simulatiofi$fe REQSZ for the
are requested through the span of the trace. Most objects have a shoifarious traf ¢ classes is depicted in Fig. 3c. The REQSZ has the
lifespan i.e., the rstand last request for an object are not far apart. following effect on the RHR and BHR of a trace during a cache
Thus, if the trace is suf ciently large, POP remains unchanged as its simulation. Consider the following scenario. If the popular objects
length is increased. that experience more cache hits are smaller in size as compared to

We nd that POP varies signi cantly across different traf ¢ the unpopular o_bjects, the fraction of bytes that wquld be served
classes (shown in Figure 3b). For the traf ¢ class WEB (Table 1), from the cache is smaller as compared to the fraction of requests
there exist a few really popular objects that make up to 15% of the that are served from the cache. Hence, we would observe a smaller
requests. The skew in POP of the VIDEO and the EU traf c class is BHR than RHR. We observe this phenomena in the VIDEO trace.
lesser as compared to the WEB traf ¢ class. Nonetheless, in eachTh€ BHR of VIDEO trace on an LRU cache of size size 500GB is
traf c class, we observe that there exist few objects that are really 0-26, whereas the RHR is 0.42 . Therefore, it is desirable to have
popular and there exist a large fraction of objects that are accessedREQSZ of the original trace and synthetic trace to be similar.
only once. For instance, in the VIDEO and EU trace 55% of the 3 The Traf ¢ Modeler
objects are requested only once. . . .

Why POP matters for cache simulation&® now analyse the _ In this se_ctlon, we.de ne a novel traf c model called Popularity-
access patterns of requests based on the popularity of the requesteg|2€ Footprint Descriptor (pFD) that captures the cache-level prop-
object. Figure 2a depicts the averageer-arrival-timei.e., the time erties and object-level properties of traf c classes and their mixes.
between consecutive requests to an object based on its popularity3.1 Traf ¢ Model Requirements
As expected, the inter-arrival-time of popular objects is considerably
smaller as compared to the unpopular objects. Hence, popular objectsfOI
exhibit a higher temporal locality. And on a subsequent request to
a popular object, it is likely to be found in the cache and we would
observe a cache hit. Figure 2b shows the RHR of the objects based
on their popularity. Popular objects have a much higher RHR as S . .
compared to unpopular objects. Thus, the POP of a trace indirectly model ShOUId SErve as ng cientinput for generating synthetic
dictates the hitrates we observe on cache simulations. Further, there2 tSrace_s with Lhose fropergels. hould b d ¢ itud
exist many cache algorithms such as LFU, LRFU, GDSF, Bloom lter (2) Succinct. The tra c mo el shou € o_r efs. of magnitude
(described in § 10.1 and § 10.2) that use frequency of access as a smaller than the o_nglnal traces from \.Nh'Ch it is computed. A
feature to make eviction or admission decisions. Thus, it is desirable smgll traf ¢ model is easy to _stpre, retrieve and ana_lyze.
to have POP of the original trace and synthetic trace to be similar. (3) Ef ciently computable. As original traces are voluminous, we

Request size distribution (REQSZ)The request size distribution S.hOU|d be able to cqmpute the traf ¢ model from the traces in a
REQSZ() of a trace gives us the probability that a request is for time and space ef cient manner. .
an object of sizé . Note that REQSZ and SZ are not equivalent. (4) Shareable.Our traf ¢ model should be shareable across organi-

An object> of sizel and popularity?, is counted only once in the zatlor]s and even madg publlcly available. Henge, they should
contain only aggregate information and not contain any personal

identi able information that may be present in the original trace.

A traf c model derived from an original trace should have the
lowing properties.

(1) Generative.The traf c model should capture the object-level
properties and cache-level properties of a traf ¢ class and those
properties must be derivable from the model. Further, the traf c
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| Trace | Download | Image | Media | Web | a byte-weighted Footprint Descriptor (bFD) that is used to compute

- the BHR of a trace. Therefore, FD or bFD can compute either RHR

Length (mil. regs) 806) 84| 498 144 or BHR of a trace and not both. Further, FDs and bFDs do not

Req. rate (reqs/sec 22.9 243 141 | 406.7 . . . - T

Traf C (MB 70 8 20 250 capture ner object-level properties such as object size distribution,

ra cf( bi ps) 7 0 3 popularity distribution and request size distribution of a trace. Our
No. o 0 Je_CtS (mil.) 32 3 r1] 111 new traf c model — Popularity-Size Footprint Descriptor (pFD)

Avg. obj. size (KB) 603| 205 368| 255 — overcomes these limitations by succinctly capturing object-level

Table 3: TC trace description properties and cache properties of a trace. By incorporating object-

level properties, pFD can be used to compute both the RHR and
(5) Composable Given traf c models of individual traf c classes, BHR of a trace.

we should be able tef ciently compute the traf c model of any . .
traf ¢ mix scenario. Since caches serve a varying mix of traf ¢ 3.3 How pFD satis es model requirements
classes, composability helps model the various scenarios that  We now show that our traf ¢ model pFD satis es the requirements
could play out in a production environment. that were described in §3.1.
(1) Generative.Cache-level properties and the object-level prop-
. i . . erties of a trace can be computed from a pFD.
3.2 Popularity-Size Footprint Descriptor a) Object-level propertiesThe Sz, POP and REQSZ can be
We now describe our traf ¢ model — Popularity-Size Footprint computed from pFD as follows.
Descriptor (pFD) — and show how it satis es all ve requirements. X
The pFD of a traf ¢ class is computed from original traces of that ()= E o,@(?. lelel) e (1)
traf c class obtained from the production system. An original trace

is a sequence of requedty«""" Ay, where eaclfg is a tuple 1
(@ > Ig), where@ is the timestamp at which the request is mage, %$U) = /_ | %A(’)" 1e1)- @)
is object identi er that uniquely identi es the requested object, and , _
I gis the size of the object. L& be the popularity of the objec. & ()= ?.B.gé*(?- =D ©)

Now\ =fApe"""+dy, with8Y 9 is areuse request subsequerite
A andAg are requests made for the same objget >9 = >, and>is
not requested elsewhere\in

The pFD of a trace is described a$ *%(?+1*B-)cB([B-L.
Here,_is therequest rateof i.e., the number of requests per unit
time of . %\?+ |+ B+)@enotes th@opularity-size reuse subsequence
descriptor It is the probability that aeuse request subsequence
\ =fAe"""eggof has the following properties, (1) requesisnd
Ag are made for the same objecand the object is of sizel and has
a popularity?; (2)\ consists oBunique bytes i.e., sum of the sizes
of the unique objects inisB and (3)\ has an inter-arrival-time &
secondsi.eC=@ @ The number of unique bytes in a reuse request . hat th biect h | d sizd i ted
subsequence is also knownstack distancé43]. By convention, |tyt at the hew object has a popu armn siz€ 1S compute
reuse request subsequences that begin at the start of a trace and e$7 A(2+1+1+1) . Thus, the computation of SB(and POPY)
on the rst request to an object are considered to have in nite unique follow from Eq. 1 and Eq. 2, respectively. The REQSZ(z) is the

where/ is a normalizing factor,

X
ob\(?elel 1)
2|

Recall that, in the trace, the rst request made for an object
is considered to have an in nite stack distance and an in nite
lgter -arrival-time. The fraction of such requests is givery by

. 96(?+1+1 +1 ). These requests were made for new objects i.e.,
obJects not previously seen in the trace. N&fy(?+ 11 +1 ) gives
us the fraction of requests that were made for a new object and the
new object has a populariyand sizd . Therefore, the probabil-

bytes and an in nite inter-arrival-time. probability that a request is made for an object of $ized can be
Now, 99 (B+denotes thall subsequencdescriptor and is the ~ obtained fromEq.3. _ _
probability thatany request subsequence otonsists oBunique b) Cache-level propertieVe will now describe how the rHRC

bytes and has an inter-arrival-time@feconds. Note tha{(?+1sBs)C  and the bHRC of a trace can be computed from a pFD.
considers only reuse request subsequences whe{@scon- THEOREM1. Let rHRC(s) and bHRC(s) be the request hitrate

siders all request subsequ_ences. And for all _practlcal pu[poses‘,Elnd byte hitrate of trace for an LRU cache of siz@ The rHRC(s)
e all subsequence descriptor can be approximatéd @ = and bHRC(s) are compyted,from pFD ofs follows,
. Y2+ 1+ Be)Ci.e., the statistical properties of a request subse- PY q<f P

guence and a reuse request subsequence that condsiriqtie Al B= _'?-I-(BJ o,é(’m B * @ (4)
bytes and are of duratidbseconds are similar. ) X X

Relation to other Footprint Descriptors. Footprint Descriptors 1' B-= 1 1" B2 1B G (5)
(FDs) are succinct traf c models that capture the caching properties I 2uc » 8

of a trace. The FD approach to cache provisioning was pioneered inwhere/ = P?-|-B-¢”%A(?' l+Be)C

[54], FDs are now routinely computed and widely used in making

cache provisioning decisions in major CDN&SJ. A limitation of PrROOF Consider an LRU cache of sifelLet\ = fis"""+dy
the original FDs is that it can be only be used to compute the RHR of be a reuse request subsequence of traaad letA (andAy) be a
a trace and not the BHR. Work iB()] extends the notionof aFDto  request for an object On requesss, object>is moved to the most
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(a) (b) (©
Figure 3: Variability in object-level properties of different traf ¢ classes (Table 3)

recently used (MRU) position in the cache. Now, if the sum of the using methods described i][ Here,# and< are the length and

sizes of the unique objects that are requested béfoerceedB the number of unique objects, respectively, in the trace.
then the LRU cache evicts objeetAnd on requesty, we would (4) Shareable.In contrast to original traces, since pFD's contain
incur a cache miss. Thus, for an LRU cache of §iz& is served only aggregate distributions and no object or personal identi ers,
from cache only if contains less thaBunique bytes, such an event  they contain no personal identi able information (PIl), making it
occurs with probability given by Eq. 4. easier to share across organizations.

Now, let  be a byte sequence that is obtained by replacing  (5) Composableln § 4, we derive a calculus to show that pFD's
each request in by its constituent bytes. Laf=flgg”""«1gbe are composable, leading to design of the traf ¢ mixer.

areuse byte subsequenoke i.e.,1ggandl.. correspond to the 4 T :
) S raf ¢ mixer

same byte and is not requested elsewheié iret the number of

unique bytes iV be . We will now derive an expression that gives CDNs host and deliver thousands of traf ¢ classes through their

us the probability that the request for byite will be a cache hit. ~ globally distributed servers. It is customary for a cache to serve

As previously argued, the request for byte will be a cache hitif ~ varying mixes of traf ¢ classes. An example of a traf ¢ class mix

P BRTo obtain%{E? B, we rst de ne a random variable that that a production cache may serve is 5Mbps of Hulu videos, 10

captures the size of the object that byte belonged to. Therefore, ~ Mbps of Microsoft downloads and 20 Mbps of Facebook images.
This requires us to ef ciently derive the pFD of the traf ¢ mix

O/QBD B= X °/¢(B° B =% =1) given pFD's of individual traf ¢ classes. We now describealculus
I that enables us to perform addition and scaling operations on the
Now, conside4- =1). Let# be the number of requests in pFD's of traf ¢ classes using ef cient Fourier domain operations.

The number of request}ginthat were made for an object of size ~ The main advantage of the calculus is that it enables ef ciently
is %\ )"#. Here%Y1) = 2.5.86Y?¢ 1+ B*)CTherefore, the number ~ manipulating concise footprint descriptors without having to operate
of bytes in that belonged to requests that were made for an object on the voluminous original traces.

of sizel is %Y1 )"#"1. And the total bytes in the trace is given by

OI8O Thus % =1) = B8 Hence,

ol

4.1 Addition operator
Given pFD and pFD of original traces 1 and 2 respectively,

X oY1 )"l we would like to compute the pFD of thetraf cmix= 1 2 that
O/(E? B= | O/(EP B- =1) PW' is obtained by interleaving requests in with requests in 2 based
X P 0 Y on time. Let the resultant trace be A key observation made irbf]
p B%(+E) | 9%B()" i :
= 5 I %0 . that facilitates the calculus is that for a reuse request subsequence
I L Zy( )X X'OI w9 \ of that consists oBunique bytes and is of duratidi some
-p " oA D\ B unique bytes are from1 and the resB B unique bytes are
101 9'%(1 9 | ! B B/@(I BO) from . This holds under the assumption thatand 2 consist
. 1 X - X 0/@(’9- 1 Be of disjoint objects. The disjoint object assumption commonly holds,
-1 e E BYGuc B ! e for example, when 1 and 2 e_lr_e traces of different traf ¢ classes.
1X X ' Thus, to compute the probability that the reuse request subsequence
== 1" 0/6’(?. [+Be)C \ containsBunique bytes¥BQ), a product of the probabilities of
I 2ac » 8 obtainingBL unique bytes from 1, andB B unique bytes from 2
This completes the proof. (%aBjQ%B B jQ) is computed and summed over all possiile
It is expressed by the following,
(2) Succinct.pFD's are much smaller than the original traces. For X ) )
instance, an original trace of size 100GB results in a pFD of size B0 = %Bij9%EB BjQ
100MB, a reduction factor of 1000. _(E} B 0
(3) Ef ciently computable. Using ef cient a B-Tree style data =%HE9 %HG

structure 1] to represent the cache, pFD can be computeéd(#h log<)
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where is the convolution operator. The computation can be sped

up from$ (=) to $ (=log=) using the Fast Fourier Transform [54].
We will now adapt this observation to nd the pFD of the inter-

leaved sequence. Let pFD of beh «%(?+ 1+ BB (B, pFDy

of 1beh 10%(?+I+B)ERB L and pFRrof 2beh 22 %(?+I+BE

O/Q(B-)i:. The request rate of can be simply computed as=_1+ ».

We will now nd an expression to quantify8{(?« I+ Be}CConsider the

reuse request subsequehce fAp " o4y, where8Y 9 of . Recalll

that by de nition, the rst and last request in a reuse request subse-

quence is made for the same object. And the expreg#i( |+ B+)C

denotes that probability thathas the following properties: (1

(andAg) is made for an object that has popularit® and is of size

I'; (2) it consists oBunique bytes; (3) is of duratioBseconds. To

nd %Y?+ |+ B+)X@ve make use of the fact thatis composed of sub-

sequences; and\ 7 that are from 1 and 2, respectively. The rst

requestsin\ could belong to eithér; or\ . Therefore,

92+ 1+ BG= %2+ 1-Bei 2\ 1) %A 2\ 1)
+ {2+ 1oBejB 2\ 2) %A 2\ 2)
Now, consider rst half of the RHS, s&, in Equation 6.

©)

% = %7+ 1*Bej@& 2\ 1) %8 2\ 1)
=%EAR2\ 122 1o QU1 PR 2\ 1) %R 2\ 1)
Here, the tern¥{BAs 2 \ 1+ ?« I+ Lis the probability that contains

Bunique bytes given (1) the rst reque&t(andAg) is from\ 1; (2) A
is for an object of popularit® and sizd ; and (3)\ is of duration

IMC '22, October 25-27, 2022, Nice, France

Algorithm 1 Addition operator

L Input. pFDy = h 1°%(?+1+B-E% B+§ of trace 1 and pFD =
h o+ %(?+1+B-E% B+ & of trace . Let&,/ ,( and) be the buckets
for ?«l*BandG respectively.

2: Output. The?
1 2

=h +%(?+1+B* % B+ § of the interleaved trace

3_=1t+t 2

4: for C2) do

5. B#@Q-= _;&_2"/?(0 + _112_20/8(0

6: for? 2 & do

7: forl 2/ d$

8: %" =" U2l E G

o %" =P 0o 1 g

10: %W(e1eBe = =" %G 119 BEHO +
11: 2 %" %E>1r9 AEHO
12: end for

13: end for

14: BE=%EB9 %B9

15 AB-L=% Q¥ EO

16: end for

17: pFD =h +%(?+1+B+EW B+
18: return pFD

Cseconds. We now use of the observation that among the s unique

bytes, som& unique bytes come froim and the resB B come

from\ 2. As the rstrequestin is from\ 1 and is for an object with

popularity? and sizd , the probability thaB unique bytes are from

\ 1 is obtained aé@(Blj?- I*Q. The resB B unique bytes that are

from\ 2 could be from any object and the probability of which is

given byO/Q(B B jQ. Therefore, we can expand the above equation,
|

y !
% = ) %BI?* 1+ PBB BIQ %2l PE2\1) %2\ 1)

Now, %?<1+@% 2 \ 1) is the probability that (1)s is a request
for an object with popularit® and sigd ,and (2)\ 1 is of duration
Cseconds. This can be computed g %\(?+1+B-G. And nally,
%48 2 \ 1) can be obtained asl-+1—2. We now arrive at the nal
expression by making appropriate substitutions.

|

X - X '
%= Bl%i(aj?-l-ov/g(s BiQ BO%‘(?-I-M

!
1

. P . v . 7
Now, the computation g %Bj?+1*®@4(B BjQ)is identied as a
convolution. Therefore, |
X i

09 = O Qe e 0, 0 (e |e

%= %E?*1-¢ BEI . AC-1BG —=— " @

Now, we can leverage tools from Fast Fourier Transform (FFT) to
compute the convolution operator. Using FFT, the time complexity of
the convolution is reduced frodi(( %) to$ (( log(). The second half
of the RHS in Eq. 6, sa¥p, can be similarly derived by interchanging
subscripts 1 with 2 in Eq. 8. The procedure is in Alg. 1.

(@) (b)
Figure 4: The rHRC and bHRC as predicted by the pFD calculus aligns
with the original

Now, the all subsequence descripii(B+ s the probability that
any subsequence, shyf , consists oBunique bytes and is of
durationCseconds. The computation does not depend on which
trace\ 1 or\ 2, the rst requesty belongs to. This computation is as
described in [54] and is mentioned for completeness.

®EO=%4E9 BE]

Time complexity. The time complexity of Alg. 1 is given by
$ (i&jjl i) ji(jlogj(j), where&,/ , ( and) are the buckets fd?el*B
andCin pFD. The producj&jj/ jj) j is for the three for loops in lines
4,6 and 7. And the convolution operator in line 10 is evaluated in
$((log().

Empirical evidence.We empirically validate the Addition op-
erator (Alg. 1). We obtain a subsequence (sayf the EU trace
that consist of requests made to either MediaO and Medial traf c
class and compute the pRagef . Next, we obtain individual
subsequences; and 2 of the EU trace that consist of requests
made to traf ¢ classes Media0O and Medial, respectively and com-
pute their individual pFD's. Let the pFD's be prand pFD. Now,
we compute the pFD of the traf ¢ mix, pFEsg, using Alg.1. The
rHRC and bHRC of the two scenarios is shown in Figure 4.
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4.2 Scaling operator

Algorithm 2 Synthetic trace generator

Given a pFD of a trace we would like to compute the pRpD L

of trace ¢ that is obtained by either increasing or decreasing the
request rate of by a scaling factor ofl. By scaling by a factor,

we effectively alter the inter-arrival-time between the requests in
by a factoré. Thus, we compute pRpas follows,

920, %e1eBIC 1B fEr = AE) O
The operator is similar to the scaling operator described in [54].
4.3 Parallelizing pFD operations

On taking a closer look at Equation 8, we observe that to compute
the pFD of the traf ¢ mix, the addition operator performs convolu-
tions for every unique pair &f | andCin the trace. A similar number

of computations have to performed to obtain the scaled pFD. This 11:
results in a large number of operations that need to be performed2:
However, these operations are independent and can be performed ir3:

parallel. In our implementation (in python), we observe that the ad-

dition operator takes around 20 minutes for the experiment depicted 1‘5‘

in Figure 4 when run on a 56 core machine.

5 Trace Generator

. . . . 18:

In this section, we describe our algorithm that generates a syn-; .
thetic trace with similar object-level properties and cache-level prop- 5.
erties as the original trace. The procedure is described in Algorithm 21:

2. The inputs to the algorithm are as follows, 22:

(1) ApFD= h «%(?l+B)o%8(B+ I of the original trace ».

(2) Length# of the synthetic trace that is to be generated. 23:
24:

For the output, the algorithm generates a synthetic trage=

Ae"" "« Awhere eacllgis a request for an object and is represented 25f

by a tuplefs = Mg > Igi of timestamp, unique object identi er and

object size. 2
Initialization phase. We rst compute the joint POPSZ distribu-

tion from pFD using, 29:

1 .

%N$9%((2+1) = - U\ 2elel o1) o (10) 22

p :

where/ = 5, 9%{?+l+1 +1). Recall that the rst request made  32:

for an object in a trace is considered to have an in nite stack dis- 33:

34:

tance and an in nite inter-arrival-time. Therefore,gives us the

6
7
8:
9: while Bg|4Y <0G do
10:

16:
17:

Input. (i) A pFDh _+%(?+1+B*}2%8 (B« ¥ (ii) trace length .

2: Output. A synthetic trace g = fA*"""«A g, wheref = hGe>gelgi is

a tuple of timestamp, object identi er and object size.

: Phase 1 - Initialization.
4 %$%(/(2e1)= £ UA(Pele101) .
5. Compute24\(Bj?+ 1) for each pair o2+ in pFD.

fg , Bsu=0
<0G is the maximumnite Bin %
A4@D4RBED=C fg

Create object and assign it a popularity and sizd by sampling
from %$%(/(?1).
Add object> to the list .

B84 Bgla+1.
end while

Phase 2 - Synthetic trace generation.
B Q,8 O
while 8Y # do
Append the rst object = h>gseli in
AA@>D=0] +=1
Let?- andl > be the popularity and size of objeet
if Ad@>D=0] = ?> then
Remove the object from
Create new object® and assign it a popularity and sizel by
sampling fron®%$%(/(?¢1).
Add object>at the end of the list .
else
Sample stack distan@from %\ ?>+1-¢BY 1)
Remove> from
Compute9=<8=f: :(C02: 8BC0=24] i Bag.
Foreach j 9move object at the® positionin  to the; + 18C
position.
Re-insert object at position9in
end if
8 8+1
end while
Assign timestamps to each requesgtusing the request rate
return g

to the trace g.

probability that the request is for a new object i.e., the object has
not yet been seen in the trace. Now, the distribution POPSZ gives

us the probability that the object has a populafitgnd sizel It in line 11 and it gives us the probability that a reuse request subse-
is computed in line 5 of Alg. 2. An empty list that represents a quenced = fAs"""egyof > consists oBunique bytes provided
cache is initialized in line 7. From lines 10-15, we create objects request (andAg) is made for an object of sizeand a popularity?.
and assign the object a popularfyand size by sampling from The trace generation phase runs through lines 13 to 20. We initial-
the joint POPSZ distribution. The process is repeated till the sum of jze an empty synthetic tracezin line 13. Further, we also maintain
the sizes of the objects inexceeds the maximustack distanc® a statisticA4@D4BtD=@at counts the number of requests made
in 96+ 1+ B+)CThe term stack distance is commonly used to denote for each object in g so far. In each iteratiod the object at the rst
the number of unique bytes in a reuse request subsequd8ice [ position of is examined. Let the object be identi ed asA request
Alternatively, a de nition that will be relevant to our algorithmis as o object> is appended to the synthetic tracand we increment
follows. The(COZ SBCOZ[H-O]( an Object at pOSitiOl@in is the A4@Dém:[@] . Let the popu|arity and size of Obj%be?> and
sum of the sizes of the objects in positids 9 in I > respectively. Now there are two cases,
Trace generation phaseTo generate a synthetic trace, we rst (1) If the AA@D4BXDSS] equals?-, then the object is removed
compute?6g?« 1) for each pair of?+1) in %6Y?I+B<)CThisisdone  from and a new objectis inserted at the end of the list Object
>0is assigned a popularity and size by sampling from the POPSZ
distribution.
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(2) Otherwise, we sample a stack distaBé®m %(H?>s 1>« BY
1). The object> is removed from and re-inserted into at a
position9=<8=f: :(C02: 8BCO4234 B

As a nal step, we assign a timestamp to the requestssinsing
the request rate from pFD.

We will now prove that the total variation distance for {(te,
%$%and' &(/  of the synthetic trace g and original trace >
tends to zero. Further, we will prove that the total variation distance
for the rHRC and bHRC of tracessand > for an LRU cache tends
to zero.

THEOREM2. Given a pFDh « %(?+ |+ B<)&%8(B+ )T of an origi-
nal trace >, Alg. 2 produces a synthetic tracgs = fA*"" " »Ag,
where the® requestyis a tuplehGs > Igi of timestamp, object id
and object size an#t is the synthetic trace length. As! 1 , the
total variation distances for the SZ, POP and REQSZ distributions
of traces gand s tends to zero.

PrROOF Each objectin pis assigned a sizeand popularity
? by sampling from the joint popularity-size distribution of. As
# 11 ,the number of objects ingtends tol . Therefore, as the
number of objects in gtends tol , the total variation distance of
SZ for traces > and ptends to zero. We will now show that the
object> is requeste® times in . In each iteratio(line 20) of
Alg. 2, we add the rst object in the list to g We also check if
the request count of the object i """ «g§§ equals the assigned
popularity. If yes, the object is removed from the list and no further
requests are made for it fifg1¢ " " " «Ag. If not, the object is added
back into the list at the sampled stack-distance. Now, observe that a
# 11 ,the only objects that will have a request count lesser than
their assigned popularity are the objects that remain in the lishe

number of such objects is small as compared to the total number of

objects in g. Thus, the total variation distance of the POP for traces
>and ptendstozeroa# !1 . Now, as each object is assigned

a popularity and size from the joint popularity-size distribution of
>, the total variation distance of REQSZ for tracgsand > tends

to zero.

THEOREM 3. Given a pFDh _« %(?+ |+ B«)o%8(B+ T of an origi-
nal trace >, Alg. 2 produces a synthetic traces = fA*"""«Ag,
where thesf® requestgis a tupleg > Igi of timestamp, object id
and object size an#t is the synthetic trace length. As! 1 , the
total variation distance for the rHRC and bHRC of tracesand

> for an LRU cache tends to zero.

PROOF. Let%?+1+B = PCO/@(?- leB)Clt is the probability that a
reuse request subsequenda > has the following properties: (i)
the last (and rst) request id is for an object of popularit? and
sizel , and (ii) the sum of the sizes of unique objectsliis B From
Theorem 1, we know that the rHRC and the bHRC of the original
trace > for an LRU cache can be computed fréfe I+ B. Now,
consider a reuse request subsequérice . Let%(?« 1B be the
probability that (i) the last (and rst) request inis for an object
of popularity? and sizd , and (ii) the sum of the sizes of unique
objects in\ is B We will show that%d(?¢ 1+ B = %?+ I+ B. Hence, the
total variation distance for the rHRC and bHRC gfand - for an
LRU cache tends to zero.

Let A9 be the last request in. The probability thaty is a re-
quest for an object with popularity and sizel is obtained as

S
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W(2+1) = PB%’(’?-I-B. Now, we know that each object ing is
assigned a popularity and size by sampling from the joint popularity-
size distribution of the original trace-. Further, in Theorem 2 we
showed that if an object is assigned a popula®itit is requested

? times in g. Therefore, the probability that a requégin gis

for an object of popularity and sizd equals the probability that a
requesBin > is for an object of popularit® and sizd . Thus,

X
W(2el) =U2el) = %o leB
B
We will now show tha®f(g?e 1) = %g?- ). There are two cases.
Case 1B=1. In this casefyis the rst request for an object in
B i.€., the object has not been requestetim”” "« 1g. Recall
that the rst request for any object in the trace is considered to have
an in nite stack distance. Now, &#(?+1) = %?+1), the fraction
requests made for an object with populafitgnd sizd in gand
> is equal. This implies that the fraction akt requests made
for an object with popularity? and sizel in gand s is equal.
Therefore,

(11)

°/9(B: 1j ?«1) =%B=1j ?+1)" (12)

Case 2BY 1. LetAybe arequest for objeet In this case, object
> has been previously requested igi.e., object is requested in
fAe"" "+ 10. Now, consider the previous requésthat was made
for object>in g. The requesfgswas added to gin the& iteration
of Alg. 2 (line 17). In thed° iteration, we sampled a stack distance
Bfrom the probability distributiogg?+ 1+ BY 1) (line 25). We will
now show that Alg. 2 ensures that the number of unique bytes in
\ =fAe"""edyis Band hence,

OE?+1+BY 1) =%F?1+BY 1)’ (13)

Inthe& iteration, let be the smallest index in such that the
sum of the sizes of objects in positions 1 tsn is greater than or
equal toB Letl. be the size of the object at positionThe object
that was at the rst position in was inserted back into at a stack
distance of at leaand at mosB+1. . The subsequent request for
object>in pgis made on requegb. Now, the unique objects in
\ =fAe"""+dyare the objects present in C from positions 1 to
Therefore the number of unique byted ifrs at leasBand at most
B+1. . Now, since the number of unique objects in reuse request
subsequences are typically large, B Therefore, the number of
unique bytes in tends taR

Therefore, from Eqg. 12 we know that fBe= 1 , the probability
9B = 1j ?¢1) = %B= 1j ?+1) and from Eq. 13 we know that for
BY 1,9%(H?+1+BY 1) =%H?+1+BY 1). This implies,

BE?1) = %g?+1) (14)
for all possible stack distanc@sNow 98(?¢ |+ B = %9(H 2 1)989(?+ ).
Using Eq. 11 and Eg. 188(2+1+8 = YG?1)%?1) = %?1-B.
Now, as the rHRC and bHRC ofgand > for an LRU cache can be
computed fron?4?« 1+ B, the total variation distance for the rHRC
and bHRC of tracesgand > for an LRU cache tends to zero.

Time complexity. The list in Alg. 2 is implemented as a B-
Tree that allows insertion and deletionlog< time, where< is the
number of objects in the list. In each iteration of the algorithm, an
object is either removed from the list or re-inserted back into the list.
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Tragen-R have similar SZ as the original trace Fig. 7a. We use the
original trace VIDEO for the experiment. The result is as expected,
as both TRAGEN and JEDI use SZ to assign object sizes. The total
variation distance in SZ of JSynth and original trac&is 10 3.

Next, we observe that the POP of JSynth and the original trace
are similar (Fig. 7b) with a total variation distance3$6 10 3.
However, the POP of Tragen-R differs considerably from that of
the original. TRAGEN does not model popularity distribution, and
hence, Tragen-R cannot have a similar POP as the original trace.

Further, the REQSZ of JSynth and original trace are similar but
the REQSZ of Tragen-R differs from that of the original (Fig. 7c).
The total variation distance in the REQSZ of JSynth and the original
trace is422 10 3. Again, as TRAGEN does not model popularity
distribution, Tragen-R cannot have a similar REQSZ as the original

Figure 5: rHRC of original and synthetic traces in Table 1 e
traces. We observe similar results for Tragen-B.

6.2 JEDI satis es cache-level properties

We now show that JSynth has similar cache-level properties as
the original traces. We rst show that the total variation distance for
the rHRCs and bHRCs of the original traces and JSynth traces is
small for an LRU cache. The rHRO((resp. bHRA()) of a trace
for a cache algorithm gives the RHR (resp. BHR) for a cache of
sizel that uses the cache algorithm We then show that JSynth
and the original traces yield similar RHR and BHR for a wide
variety of cache algorithms by implementing the cache algorithms
and performing cache simulations.

6.2.1 Hitrace curves for an LRU cache. The bHRC and the
_ o _ _ rHRC of the original trace and the corresponding JSynth trace for
Figure 6: bHRC of original and synthetic traces in Table 1 an LRU cache is depicted in Fig. 5 and Fig. 6, respectively. We
) ] ) ) ) observe that both the rHRCs and bHRCs of the original traces and
Now, as the algorithm runs fef iterations, the time complexity of JSynth align. We observe a total variation distanc@’82 10 3,
Alg. 2is$ (# log<). 44 102,868 103,59 10 3in the rHRC for the VIDEO,
6 Empirical evaluation WEB, EU and TC trace, respectively. And observe a tota_ll variation
_ _ _ distance 055 10 4,126 102,48 10361 10 2inthe
In this section, we show that JEDI produces a synthetic trace thatbHRC for the VIDEO, WEB, EU and TC trace, respectively. As
has similar object-level and cache-level properties as the original i, jifferences are small in all cases, we conclude that the HRCs of
trace. We use_the original production traces described in Table 1original trace and the synthetic trace produced by JEDI are nearly
for our evaluation. We use JEDI to rst compute the pFD from the equal and are hence, similar

original traces and then produce a synthetic trace from it. The trace A key difference between JEDI and TRAGEN is that JEDI pro-
produced by JEDI will be denoted as JSynth. Further, we ev""luateduces asingletrace that has similar rHRC and bHRC as the original.

JEDI against TRAGEN, the current state-of-the-art synthetic frace \yareas, TRAGEN can produce a synthetic trace that has either a
generation tool§0]. To facilitate the comparison, we use TRAGEN  giijar rHRC or bHRC as the original, and not both simultaneously.
to rst compute th_e _footprlnt descriptor traf c models, FD and bFD If tHRC of the Tragen-B (resp. Tragen-R) trace is compared with
[50, 54], of the original traces. We then use TRAGEN to produce e rHRc (resp. bHRC) of the original trace we observe an error of

a synthetic trace from it. We denote the synthetic trace produced16 % (resp. 14 %) on an average across all cache sizes (Fig. 7d).
from FD and bFD as Tragen-R and Tragen-B, respectively. TRA-

GEN guarantees that Tragen-R and Tragen-B have similar rHRC 6.2.2 Validation on other cache algorithms. We now show that
and bHRC, respectively, as the original trace for an LRU cache. the synthetic trace and the original trace yield similar RHR and BHR
The traces JSynth, Tragen-R and Tragen-B consist of 200 million for a wide variety of cache algorithms. Most cache algorithms that
requests each. Finally, we show that prior tools other than TRA- are deployed in production systems use some combination of access
GEN produce synthetic traces that also fail to satisfy cache-level patterns (temporal locality), popularity distribution, and the size
properties since they use the LRUSM approach. distribution of the objects to make caching decisions. We choose
. . . algorithms from the literature that are commonly-used in practice
6.1 JEDI satis es object-level properties and that also span the space of features used for decision making. We
We show that JEDI produces a synthetic trace with similar object- broadly categorize the cache algorithms as (A) popularity and size
level properties i.e., SZ, POP and REQSZ as the original trace. Thebased admission algorithms; (B) popularity and size based eviction
results are shown in Fig. 7. We observe that the both JSynth andalgorithms; and (C) recency based eviction algorithms. We show that
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(a) SZ distribution (b) POP distribution (c) REQSZ distribution (d) Error in RHR and BHR for JSynth,
TRAGEN-R and TRAGEN-B

Figure 7: (a), (b) and (c) Comparing object-level properties of synthetic trace and the original trace. (d) Comparing TRAGEN and JEDI

while Tragen-R and Tragen-B traces yield similar RHRs and BHRs
for a subset of cache algorithms (mainly recency based eviction
algorithms), the trace JSynth yields similar RHRs and BHRsfor
the cache algorithms we experimented on.
The cache simulation experiments are performed as follows. We
rst select a subset of the original traces from Table 1 and produce
their corresponding synthetic traces JSynth, Tragen-R and Tragen-B.
Now, to evaluate the performance of a synthetic trace for a cache
algorithm, we run cache simulations using the original traces and
the corresponding synthetic traces on multiple cache sizes. Now,
thesimulation errorfor the synthetic trace is mean of the absolute
difference in hitrates. We multiply this quantity by 100 as hitrates
are more easily understandable in percentages. The simulation errofigure 8: Simulation error in RHR values for Tragen and Synthetic trace
is thus an aggregate metric that quanti es the performance of a ™" Size based admission policies.
synthetic trace for a cache algorithm.
(A) Popularity and size based admission algorithms\We con-
sider the following algorithms: ThLRUW; Bloom lter-=, ThLRU-
Prob, ThLRU-z/Bloom lter=, Adaptsize. The algorithms are de-
scribed in the §10.1. Note that each algorithm uses LRU for eviction.
We use traces VIDEO and WEB for the experiments.
We rst consider cache algorithms that use object size as the
admission criteria i.e., objects larger than a size threshold are not  (a) Simulation error in RHR (b) Simulation error in BHR
admitted into the cache. The algorithms are designed to maximize
the RHR [L4]. Fig. 8 depicts the simulation error in the RHR for the  Figure 9: Observed simulation error for cache admission algorithms
various cache algorithms. For each algorithm, we run simulations that use popularity as a criteria
on cache sizes 64GB, 128GB and 256GB that are representative
of commonly used RAM cache sizes on production servers. We

observe an average simulation error@% 3%and 6%for the and Tragen-B for all popularity-based cache admission algorithms.
traces JSynth, Tragen-R and Tragen-B, respectively, across all cache (B) Popularity and size based eviction algorithmsWe now

algorithms. The maximum simulation error of 2.5 % is observed o\ 51 ate JEDI on cache algorithms that use the popularity and size

for the JSynth trace for Adaptsize. Whereas, a maximum simulation ¢ yhe ohjects to make eviction decisions (Figure 10). We use traces
error of4'7%and9%is observed for the traces Tragen-R and Tragen- \/\peo and EU for the experiments. We consider following algo-

B, respectively, for the cache algorithms ThLRU-Prob and THLRU- iihms: GDSE LRU. LRFU. ARC 2Q (described in §10.2).

8MB. Therefore, we conclude that the simulation error for the JSynth v gbserve that JSynth produces an average simulation error of

is much smaller than the simulation error for the traces Tragen-R  50,2nd1"3%in RHR and BHR respectively, across all the cache al-

and Tragen-B for all size-based cache ad_ml_ssmn aIg_onthms. gorithms. Whereas, the trace Tragen-R produces an average error of
We now evaluate JEDI for cache admission algorithms that use 5o,4,49%in RHR and BHR, respectively. And Tragen-B produces

popularity as the admission criteria. The results of our simulations a simulation error o4%and7’5%in RHR and BHR, respectively.

are shown in Fig. 9. We observe that the simulation error for the trace Further, JEDI provides a smaller simulation error’ as compared to

JSynth is lesser thai6%across all cache algorithms. The average  tRAGEN for each of the size and popularity based cache eviction al-

simulation error for the JSynth traced%% However, the simulation ¢ ithms Therefore, we conclude that the JSynth produces a smaller

error is considerably larger for the Tragen-R and Tragen-B traces, gjm|ation error, on an average 8% across all popularity and size

with the minimum simulation error beirifl%As TRAGEN does not based cache eviction algorithms.

aim to produce a synthetic trace with similar popularity distribution (C) Recency based eviction algorithmsWe use traces VIDEO

as original traces, TRAGEN performs poorly on popularity based 5, g for the experiments. Apart from LRU, we evaluate FIFO,

admission algorithmsTherefore,the simulation error for the JSynth RANDOM, SLRU, PLRU and CLIFFHANGER (§10.3).

is much smaller than the simulation error for the traces Tragen-R
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