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Modern hardware trends and economics  [1 ]  combined with cloud/vir tual izat ion 

technology  [2 ]  are radica l ly  reshaping today’s data management landscape, 

usher ing in a new era where many machine, many core,  memory-based 

comput ing topologies can be dynamical ly  assembled f rom exist ing IT resources 

and pay-as-you-go c louds. Arguably one of  the hardest problems--and 

consequent ly,  most exci t ing opportuni t ies-- faced by today’s solut ion designers 

is  f igur ing out how to leverage this on-demand hardware to bui ld an opt imal 

data management platform  that  can:

explo i t  memory and machine para l le l ism for  low- latency and h igh scalabi l i ty

grow and shr ink e last ica l ly  wi th business demand

treat fa i lures as the norm, rather than the except ion,  prov id ing a lways-on 

serv ice

span t ime zones and geography uni t ing remote business processes and 

stakeholders

support  pul l ,  push, t ransact ional ,  and analyt ic based work loads

increase cost-effect iveness with serv ice growth

WHAT’S SO HARD?
A data management p lat form that dynamical ly  runs across many machines 

requires--as a foundat ion--a fast ,  scalable,  fau l t- to lerant d ist r ibuted system.  I t 

is  wel l -known, however,  that distr ibuted systems have unavoidable trade-offs 

and notor iously  complex implementat ion chal lenges  [3,  4] .  Int roduced at  PODC 

2000 by Er ic Brewer [5]  and formal ly  proven by Seth Gi lbert  and Nancy Lynch 

in 2002 [6] ,  the CAP Theorem ,  in  part icu lar,  st ipu lates that  i t  is  impossib le for  a 

d ist r ibuted system to be s imul taneously:  Consistent,  Avai lable,  and 

Part i t ion-Tolerant.  At any given t ime, only two of these three desirable 

propert ies can be achieved.  Hence when bui ld ing d ist r ibuted systems, design 

t rade-offs must be made.
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EVENTUALLY CONSISTENT SOLUTIONS 
ARE NOT ALWAYS V IABLE
Driven by awareness of  CAP l imi tat ions,  a popular  design approach for  scal ing 

Web-or iented appl icat ions is  to ant ic ipate that  large-scale systems wi l l 

inev i tably encounter network part i t ions and to therefore re lax consistency in 

order to al low services to remain highly avai lable even as part i t ions occur [7 ] . 

Rather than go down and interrupt user serv ice upon network outages,  many 

Web user appl icat ions--e.g. ,  customer shopping carts,  e-mai l  search,  socia l 

network quer ies--can to lerate sta le data and adequate ly merge conf l icts, 

possib ly guided by help f rom end users once part i t ions are f ixed. Severa l 

so-cal led eventual ly  consistent  p lat forms designed for  part i t ion-to lerance and 

avai labi l i ty-- largely inspi red by Amazon, Google,  and Microsoft--are avai lable 

as products,  c loud-based serv ices,  or  even der ivat ive,  open source community 

pro jects. 

In addi t ion to these pr ior  ar t  approaches by Web 2.0 vendors,  GemStone’s 

perspect ive on d ist r ibuted system design is  further i l luminated by 25 years of 

exper ience with customers in the world of  h igh f inance.  Here,  in stark contrast 

to Web user-or iented appl icat ions,  f inancia l  appl icat ions are h ighly automated 

and consistency of  data is  paramount.  Eventual ly consistent solut ions are not 

an opt ion.  Business ru les do not permit  re laxed consistency,  so invar iants l ike 

account t rading balances must be enforced by strong t ransact ional  consistency 

semant ics.  In appl icat ion terms, the cost of  an apology  [8 ]  makes ro l lback too 

expensive,  so many f inancia l  appl icat ions must l imi t  workf low exposure 

t radi t ional ly  by re ly ing on OLTP systems with ACID guarantees.

But just  l ike Web 2.0 companies,  f inancia l  appl icat ions a lso need h ighly 

avai lab le data.  So in pract ice,  f inancia l  inst i tut ions must “have the i r  cake and 

eat i t  too”.

So given CAP l imi tat ions,  “How is i t  possib le to pr ior i t i ze consistency and 

avai labi l i ty  yet  a lso manage serv ice interrupt ions caused by network outages?”

The intersect ion between strong consistency and avai labi l i ty  (wi th some assur-

ance for  part i t ion-to lerance)  ident i f ies a chal lenging design gap in CAP-aware 

solut ion space .  Eventual ly  consistent approaches are a non-starter.  Distr ibuted 

databases us ing 2 phase commit  prov ide t ransact ional  guarantees but only so 

long as a l l  nodes see each other.  Quorum based approaches prov ide consisten-

cy but b lock serv ice avai labi l i ty  dur ing network part i t ions.  



Col laborat ively designed with customers  over the last  f ive years,  GemStone 

has developed pract ica l  ways to mine th is gap ,  de l iver ing an off- the-shel f ,  fast , 

scalable,  and re l iab le data management solut ion we cal l  the enterpr ise data 

fabr ic (EDF).

OUR SOLUTION: THE EDF
Any choice of  d ist r ibuted system design--shared memory,  shared-disk,  or 

shared-noth ing archi tecture--has inescapable CAP tradeoffs wi th downstream 

impl icat ions on data correctness and concurrency.  High- leve l  des ign choices 

a lso impact throughput and latency as wel l  as programmabi l i ty  models, 

potent ia l ly  imposing constra ints on schema f lex ib i l i ty  and t ransact ional 

semant ics.  Guided by d ist r ibuted systems theory [9] ,  industry t rends in para l le l /

d ist r ibuted databases [10] ,  and customer exper ience, the EDF solut ion adopts 

a shared-nothing scalabi l i ty architecture  where data is  part i t ioned onto nodes 

connected into a seamless,  expandable,  res i l ient  fabr ic  capable of  spanning 

process,  machine,  and geographica l  boundar ies.  By s imply connect ing more 

machine nodes, the EDF scales data storage hor izonta l ly.  W ith in a data 

part i t ion  (not  to be confused with network part i t ions) ,  data entr ies are key/va lue 

pai rs wi th thread-based, read-your-wr i tes [7]  consistency.  The iso lat ion of  data 

into part i t ions creates a serv ice-or iented design pattern where re lated part i t ions 

can be grouped into abstract ions cal led service ent i t ies  [11] .   A serv ice ent i ty  is 

deployed on a s ingle machine at  a t ime where i t  owns and manages a d iscrete 

col lect ion of  data--a hol ist ic chunk of  the overa l l  bus iness schema--hence, mul-

t ip le data entr ies co- located with in a serv ice ent i ty  can be quer ied and updated 



t ransact ional ly,  independent of  data wi th in another serv ice ent i ty.

C-A-P
From a CAP perspect ive,  serv ice ent i t ies enable the EDF to explo i t  a wel l -known 

approach to fau l t  to lerance based on part ia l- fa i lure modes, fault  isolat ion,  and 

graceful  degradat ion  of  serv ice [12] .   Serv ice ent i t ies a l low appl icat ion 

designers to demarcate uni ts of  surv ivabi l i ty  in the face of  network fau l ts.  So 

rather than str iv ing for  complete part i t ion-to lerance (an impossib le resul t )  when 

consistency and avai labi l i ty  must be pr ior i t ized, the EDF implements a re laxed, 

weakened form of part i t ion-tolerance  that  iso lates the effects of  network 

fa i lures enabl ing the maximum number of  serv ices to remain ful ly  consistent 

and avai lable when network spl i ts occur.

By conf igur ing membership roles  ( re f lect ing serv ice ent i ty  responsib i l i t ies )  for 

each member of  the d ist r ibuted system, customers can orthogonal ly  ( in  a l ight-

weight,  non- invas ive,  declarat ive manner )  encode business semant ics that  g ive 

the EDF the abi l i ty  to decide under what c i rcumstances a member node can 

safe ly cont inue operat ing af ter  a d isrupt ion caused by network fa i lure. 

Membership ro les per form appl icat ion decomposi t ion by encapsulat ing the 

re lat ionship of  one system member to another,  express ing causal  data 

dependencies,  message stabi l i ty  ru les (def in ing what at tendant members must 

be reachable) ,  loss act ions (what to do i f  requi red ro les are absent ) ,  and 

resumpt ion act ions (what to do when required ro les re jo in ) .  For example, 

membership ro les can ident i fy  independent subnetworks in a complex workf low 

appl icat ion.  So long as interdependent producer and consumer act iv i t ies are 

present af ter  a spl i t ,  reads and wr i tes to the i r  data part i t ions can safe ly 

cont inue.  Rather than arb i t rar i ly  d isabl ing an ent i re los ing s ide dur ing network 

spl i ts ,  the EDF consul ts f ine-gra ined knowledge of  serv ice-based ro le 

dependencies and keeps as many serv ices consistent ly  ava i lab le as possib le.

HAVE IT  ALL (JUST NOT AT ONCE)
CAP requirements and data mutabi l i ty  requi rements can evolve as data f lows 

across space and t ime through business processes.

So al l  data is not equal  [13]--as data is  processed by separate act iv i t ies in a 

business workf low, consistency,  ava i lab i l i ty,  and part i t ion-to lerance requirements 

change. For example,  in an e-commerce s i te,  acquis i t ion of  shopping cart  i tems 

is pr ior i t ized as a h igh-wr i te avai lab i l i ty  scenar io,  i .e. ,  an e-reta i ler  wants 

shopping cart  data to be h ighly avai lab le even at  the cost of  weakened 

consistency,  lest  serv ice interrupt ion sta l ls  impulse purchases,  or  worse yet , 

u l t imate ly forces customers to v is i t  compet i tor  store f ronts.   Once i tems are 

p laced in the shopping cart  and the order is  c l icked, automated order fu l f i l lment 

workf lows re-pr ior i t ize for  data consistency (at  the cost of  weakened 

avai labi l i ty )  s ince no l ive customer is  wai t ing for  the next Web screen to appear; 

i f  an act iv i ty  b locks,  another segment of  the automated workf low can be 

a l ternat ive ly launched, or  the act iv i ty  can be retr ied.  In addi t ion to changing 

CAP requirements,  data mutabi l i ty  requi rements a lso change--e.g. ,  at  the f ront 

end of  a workf low, data may be wr i te- intensive;  whereas af terward, dur ing bulk 

processing,  the same captured data may be accessed in read-only or  read-



most ly  fashion.

Our EDF solut ion explo i ts th is changing nature of  data by f lexibly conf igur-

ing consistency, avai labi l i ty,  and part i t ion-tolerance trade-offs,  depending on 

where and when data is  processed in appl icat ion workf lows:  

Thus, business can achieve al l  three CAP propert ies--but at  di fferent appl i-

cat ion locat ions and t imes.

Each logica l  un i t  of  EDF data shar ing,  ca l led a region,  may be indiv idual ly 

conf igured for  synchronous or asynchronous state machine repl icat ion, 

pers istence, and st ipu lat ions for  N (number of  repl icas) ,  W (number of  wr i ters for 

message stabi l i ty ) ,  R (number of  repl icas for  serv ic ing a read request ) .

AMORTIZ ING CAP FOR HIGH 
PERFORMANCE
In  addi t ion to tuning CAP propert ies,  th is system conf igurabi l i ty  lets designers 

se lect ive ly amort ize the cost of  fau l t- to lerance throughout an end-to-end system 

archi tecture resul t ing in optimal throughput and latency. 

For example,  Wal l  Street  t rading f i rms with extreme low- latency requirements for 

data capture can conf igure order matching systems to run complete ly in-memory 

(wi th synchronous, yet  very fast ,  redundancy to another in-memory node)  whi le 

prov id ing d isaster  recovery wi th pers istent (on-disk) ,  asynchronous data 

repl icat ion and eventual  consistency to a metropol i tan area network across the 

r iver  in New Jersey.  To maximize performance for competi t iveness, r isks of 

fa i lure are spread-out  and f ine-tuned across the business workf low 

according to fa i lure probabi l i ty :  the common fa i lure of  s ingle machine nodes is 

offset  by int ra-data center,  st rongly consistent HA memory backups; whi le the 

more remote possib i l i ty  of  a complete data center  outage event is  offset  by a 

weakly consistent,  mul t i -homed, d isk-res ident d isaster  recovery backup.

EXPLOIT ING PARALLEL ISM
A design goal  of  the EDF is to opt imize per formance by explo i t ing para l le l ism 

and concurrency wherever and whenever possib le.  For example,  the EDF 

explo i ts many-core thread-level  paral le l ism  by managing entr ies in highly 

concurrent data structures  and ut i l iz ing service pools  for  computat ion and 

network I /O.  The EDF employs part i t ioned and pipel ined paral le l ism  to per form 



distr ibuted quer ies,  aggregat ion,  and internal  d ist r ibut ion operat ions on behal f 

of  user appl icat ions.   W ith data part i t ioned among mult ip le nodes, a query can 

be repl icated to many independent processors each return ing on a smal l  part 

of  the overa l l  query.  S imi lar ly,  business data schemas and work loads f requent ly 

consist  of  mul t i -step operat ions on uni form (e.g. ,  sequent ia l  t ime ser ies)  data 

streams. These operat ions can be composed into para l le l  data f low graphs 

where the output of  one operator is  st reamed into the input of  another;  hence 

mult ip le operators can work cont inuously in task p ipel ines.

External  appl icat ions can use the Funct ionService  API  to create Map/Reduce 

programs that run in para l le l  over data in the EDF. Rather than data f lowing f rom 

many nodes into a s ingle c l ient  appl icat ion,  contro l  (Runnable funct ions)  log ic 

f lows f rom the appl icat ion to many machines in the EDF. This dramat ica l ly 

reduces process execut ion t ime as wel l  as network bandwidth.

To further ass ist  para l le l  funct ion execut ion,  data part i t ions can be tuned 

dynamical ly  by a l l  appl icat ions us ing the Part i t ionResolver  API .  By defaul t ,  the 

EDF uses a hashing pol icy where a data entry key is  hashed to compute a 

random bucket mapped to a member node. The physica l  locat ion of  the key-

va lue pai r  is  v i r tua l ized f rom the appl icat ion.  Custom part i t ion ing,  on the other 

hand, enables appl icat ions to co- locate re lated data entr ies together to form 

serv ice ent i t ies.  For example,  a f inancia l  r isk analyt ics appl icat ion can co- locate 
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al l  t rades,  r isk sensi t iv i t ies,  and reference data associated with a s ingle instru-

ment in the same region.  Using the Funct ionServ ice,  contro l  f low can then be 

di rect ly  routed to speci f ic  nodes hold ing part icu lar  data sets;  hence quer ies can 

be local ized and then aggregated in para l le l  increasing the speed of  execut ion 

when compared to a d ist r ibuted query.

Server machines can a lso be organized into server groups--a l igned on serv ice 

ent i ty  funct ional i ty-- to prov ide concurrent  access to shared data on behal f  of 

c l ient  appl icat ion nodes.

ACTIVE CACHING: AUTOMATIC, REL IABLE 
PUSH NOTIF ICAT IONS FOR EVENT-DRIVEN 
ARCHITECTURES

EDF c l ient  appl icat ions can then create act ive caches to e l iminate latency.  I f 

appl icat ion requests do not f ind data in the c l ient  cache, the data is 

automat ica l ly  fetched f rom the EDF by the server.  As modi f icat ions to shared 

regions occur,  these updates are automatical ly pushed  to c l ients where 

appl icat ions receive rea l- t ime event not i f icat ions.  L ikewise,  modi f icat ions 

in i t iated by a c l ient  appl icat ion are sent to the server and then pushed to other 

appl icat ions l is ten ing for  region updates.

Caching el iminates the need for pol l ing s ince updates are pushed to cl ient 

appl icat ions as real-t ime events

In  addi t ion to subscr ib ing to a l l  events on a data region,  c l ients can subscr ibe 

to events us ing key-based regular  express ions or cont inuous quer ies  based on 

query language predicates.   Cl ients can create semantic v iews  or  narrow s l ices 

of  the ent i re EDF that act  as durable,  statefu l  pub/sub messaging topics 

speci f ic  to appl icat ion use-cases.  Col lect ive ly,  these v iews dr ive an 

enterpr ise-wide,  rea l- t ime event-dr iven archi tecture.



SPANNING THE GLOBE

To accommodate wider-scale topologies beyond c l ient/server,  the EDF spans 

geographica l  boundar ies us ing WAN gateways  that  a l low businesses to 

orchestrate mult i -s i te workf lows. By connect ing mult ip le distr ibuted systems 

together,  system archi tects can create 24x7 g lobal  workf lows where in each 

dist inct  geography/c i ty  acts as a serv ice ent i ty  that  owns and distr ibutes i ts 

regional  chunk of  business data.   Shar ing of  data across c i t ies--e.g. ,  to create a 

global  book  for  coordinat ing t rades between exchanges in New York, 

London, and Tokyo--can be done v ia asynchronous repl icat ion v ia pers istent 

WAN queues.   Here,  consistency of  data is  weakened and eventual ,  but wi th the 

posi t ive t radeoff  of  h igh appl icat ion avai labi l i ty  ( the ent i re g lobal  serv ice won’t 

be d isrupted i f  one c i ty  goes dark)  and low- latency business processing at  indi-

v idual  locat ions.

MEMORY-CENTRIC PERFORMANCE
With p lunging cost of  fast  memory chips (1TB/$15,000),  64-bi t  comput ing,  and 

mult i -core servers,  the EDF can g ive system designers an opportuni ty to reth ink 

the t radi t ional  memory h ierarchy for  data management appl icat ions.   The EDF 

obviates the need for  h igh- latency ( tens of  mi l l iseconds)  d isk-based systems by 

pool ing memory f rom many machines into an ocean of  RAM, creat ing a fast 

(microsecond latency) ,  redundant v i r tua l ized memory layer capable of  caching 

and distr ibut ing a l l  operat ional  data wi th in an enterpr ise. 

The EDF core is  bui l t  in  Java where garbage col lect ion of  64-bi t  heaps can 

cause stop-the-wor ld per formance interrupt ions.  Object graphs are managed in 

ser ia l ized form to decrease stra in on the garbage col lector.  To reduce pauses 

further,  the resource manager  act ive ly moni tors Java v i r tua l  machine heap 

growth and proact ive ly ev icts cached data on an LRU basis to avoid GC 

interrupt ions.

As f lash memory replaces d isk--an inev i tabi l i ty  predicted by the new f ive min-
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ute rule  [14]--EDF over f low and disk pers istence can be augmented with f lash 

memory for  even faster  over f low and lower- latency durabi l i ty.

ELAST IC SCALABIL ITY
From a d ist r ibuted systems v iewpoint ,  a key technica l  chal lenge for  e last ic 

growth is  to f igure out how to in i t ia l ize new nodes into a running d ist r ibuted 

system with consistent data. 

The EDF implements a patent-pending  method for  bootstrapping jo in ing nodes 

based on the current data that  ensures “ in- f l ight”  changes appear consistent ly 

in the new member nodes. When a node jo ins the EDF, i t  is  in i t ia l ized with a 

distr ibuted snapshot  [15]  taken in a non-blocking manner f rom current state 

g leaned f rom the act ive nodes. Whi le th is in i t ia l  snapshot is  being del ivered and 

appl ied at  the new node, concurrent updates are captured and then merged 

once the new node is  in i t ia l ized.

TOOLS, DEBUGGING, TEST ING, SUPPORT

Even with theorem proven algor i thms  and extensive hardware and development 

resources,  implement ing d ist r ibuted systems is chal lenging.   Serv ice outages 

f rom cloud-comput ing g iants l ike Amazon, Google,  and Microsoft  at test  to the 

enormous di ff icu l ty  of  gett ing d ist r ibuted systems r ight .

Subt le race condi t ions occur wi th in innumerable process inter leav ings spread 

across many threads in many processes in many machines.  Recreat ing problem-

at ic scenar ios,  messaging patterns,  and t iming sequences is  d i ff icu l t .  Test ing an 

asynchronous distr ibuted system with a fa i l  s top model  is  not even enough s ince 

Byzant ine faults  occur in the rea l  wor ld (e.g. ,  TCP checksums fai l  s i lent ly ) .

Our EDF solut ion is  cont inuously tested for  both correctness and performance 

us ing state-of- the-art  qual i ty  assurance and performance tools inc luding stat ic 

and dynamic model-checking,  prof i l ing,  fa i lure- in ject ion,  and code analys is.  We 

use a h ighly conf igurable mult i - threaded, mult i -vm, mult i -node distr ibuted test-

ing f ramework that  prov is ions tests across a h ighly scalable hardware testbed. 

We run a cont inuous pro ject  to improve our model ing of  EDF performance based 

on mathemat ica l ,  analyt ica l ,  and s imulat ion techniques.

Despi te r igorous design,  test ing,  and s imulat ion,  we know that bugs wi l l  a lways 

ex ist .  Therefore,  a v i ta l  des ign considerat ion of  the EDF distr ibuted system 



inc ludes mechanisms for  comprehensive management,  debugging, and support , 

e. .g,  met icu lous system logging, cont inuous stat ist ics moni tor ing,  system heal th 

checks,  management consoles,  scr iptable admin tools,  management APIs wi th 

conf igurable threshold condi t ions,  per formance v isual izat ion tools.

Our EDF solut ion is  bui l t  and supported by a team with a 25+ year h istory of 

wor ld-c lass 24x7x365 support  that  inc ludes just- in-t ime, on-s i te operat ional 

consul tat ions a long with company-wide escalat ion pathways to insure customer 

success and business cont inu i ty.

SOLUTION COMPARISON MATRIX

Solution Consistency Tunable
CAP

Mult i-entry
Transactions

Latency
Bottleneck

EDF
Tunable: weak, 
read-your-writes, 
and ACID on 
Service-entit ies

Yes
Tunable:
Linnearizabi l ity
to Serial l izabi l ity

Memory
(uSeconds)

Dynamo,
Cassandra,
Voldemort

Weak/Eventual Tunable
N/R/W

No: Only single
key/value 
updates

Disk (Dynamo=2ms, 
Cassandra=.12ms
read, 15ms write,
Voldemort=10ms)

SimpleDB Weak/Eventual

No

No

No

No

No: Only single
key/value 
updates

Web (Seconds)

Google App
Engine /
Megastore

Strong on local 
entit ies groups;
Weak/Eventual for 
distributed updates

Yes Disk (30ms)

CouchDB Weak/Eventual
MVCC

Document 
Versioning

Disk (ms to sec)

Azure 
Tables

Basical ly avai lable 
Soft State Eventual 
Consistencey (BASE)

Entit iy Group
Transactions Web (Seconds)

memcached
Weak/Eventual
Expiration

No: Only single 
key/value updates

Memory
(uSeconds)

Solution Active Caching Pub/Sub
CQs/Triggers

Custom App
Partit ioning

Function Service,
Map/Reduce

EDF Yes

Dynamo,
Cassandra,
Voldemort

SimpleDB

No

Google App
Engine /
Megastore

CouchDB

Azure Tables

memcached

Yes Yes Yes

No No No

No No No No

No No No No

No No No No

No No No No

No NoYes Yes

Tunable
N/R/W



CONCLUSION
To bui ld a data management p lat form that can scale to explo i t  on-demand 

v i r tua l izat ion env i ronments requires a d ist r ibuted system at i ts  core.  The CAP 

Theorem, however,  te l ls  us that  bui ld ing large-scale d ist r ibuted system requires 

unavoidable t radeoffs.  There is  a current,  des ign gap in CAP-aware solut ion 

space unsolved by the current wave of  eventual ly  consistent p lat forms.  To 

br idge th is gap, our solut ion,  ca l led the Enterpr ise Data Fabr ic (EDF), 

pr ior i t izes strong consistency and h igh avai labi l i ty  by int roducing a weakened 

form of  part i t ion-to lerance that  lets businesses shr ink appl icat ion exposure to 

fa i lure by demarcat ing funct ional  boundar ies according to serv ice-ent i ty  ro le 

dependencies.  When network fau l ts inev i tably occur,  fa i lures can be conta ined in 

that  serv ice does not d isappear wholesale,  but degrades gracefu l ly  in a part ia l 

manner.  Our solut ion a lso lets designers apply vary ing combinat ions of 

consistency,  ava i lab i l i ty,  and part i t ion-to lerance at  d i fferent t imes and locat ions 

in a business workf low. Hence, by tuning CAP semant ics,  a data solut ions 

archi tect  can amort ize part i t ion outage r isks across the ent i re workf low, thus 

maximiz ing consistency with avai labi l i ty  whi le min imiz ing d isrupt ion windows 

caused by network part i t ions.  This conf igurabi l i ty  u l t imate ly enables archi tects 

to bui ld an opt imal ,  h igh per formance data management solut ion capable of 

scal ing with business growth and deployment topologies.

From an funct ional  v iewpoint ,  the EDF is a memory-centr ic d ist r ibuted system 

for  business-wide caching, d ist r ibut ion,  and analys is of  operat ional  data.  I t  lets 

businesses run faster,  re l iab ly,  and more inte l l igent ly  by co- locat ing ent i re 

enterpr ise work ing data sets in memory,  rather than constant ly  fetching th is data 

f rom high- latency d isk. 

The EDF melds the funct ional i ty  of  scalable database management, 

messaging, and stream processing into hol ist ic middleware for  shar ing, 

repl icat ing,  and query ing operat ional  data across process,  machine,  and LAN/

WAN boundar ies.   To appl icat ions,  the EDF appears as a s ingle,  t ight ly 

interwoven, over lay mesh that  can expand and stretch e last ica l ly  to match the 

s ize and shape of  a growing enterpr ise.  And unl ike s ingle-purpose, pol l -dr iven, 

key-va lue stores,  the EDF is a l ive p lat form--real- t ime Web inf rastructure--that 

pushes rea l- t ime events to appl icat ions based on cont inuous min ing of  data 

streams--th is g ives enterpr ise customers instant ins ight to per ishable 

opportuni t ies. 

Designed, bui l t ,  and tested for  over the last  f ive years on behal f  of  Wal l  Street 

customers,  the EDF offers any miss ion-cr i t ica l  business with large volume, low 

latency,  h igh consistency requirements,  the chance to be more scalable, 

speedier,  and smarter. 
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