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Warmup

As a warmup, let me briefly recap a parallel
development in the relational database man-
agement system (RDBMS) world. When data-
base luminary Michael Stonebraker famously
declared that the one-size-fits-all database was
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oftware architects designing solutions to

real-world problems often face a choice

between deploying the right tool for the
job or a one-size-fits-all hammer. This deci-
sion is heavily influenced by the prevailing
fashions of the day, and the broader arc of
technological progress can be characterized as
a pendulum swinging between the extremes.
Like a pendulum, the motion continues end-
lessly without resolution, but unlike an actual
pendulum, this movement can be erratic and
unpredictable.

In this article, I reflect on modern archi-
tectures for integrating real-time and batch
data analytics, exemplified by the lambda and
kappa architectures. My high-level message is
simple: there’s no free lunch. It’s not possible to
have your cake and eat it too. If vendors, blog-
gers, evangelists, or anyone else claims other-
wise, they're either lying, uninformed, or both.
Caveat emptor.

Why? All software architectures capture
tradeoffs, and deciding between alternatives
is about choosing which tradeoffs you can
live with in a particular context. However, the
acceptability of tradeoffs changes over time —
and that’s why the pendulum continues to swing
back and forth.
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an idea whose time had come and gone,' he was
summarizing a trend that had already played
out over the preceding decade or so. The pen-
dulum had swung toward deploying the right
tool for the job: In 1993, Edgar F. Codd and
associates coined the term online analytical
processing (OLAP) to describe a class of queries
that were fundamentally different from online
transaction processing (OLTP).2 By the late 1990s,
today’s reference data warehouse architecture —
distinct OLTP and OLAP databases connected by
extract-transform-load (ETL) pipelines — was
already well known.?

However, developers soon began to realize
that ETL pipelines were difficult to build and
maintain. I spent two years at Twitter (from
2010 to 2012) wrestling with this part of the
data stack; for some personal experiences, see
other work.*® Another issue was that ETL pipe-
lines introduced latency — nightly jobs (the
norm) meant that business intelligence was
being conducted on day-old data. As the pace
of business quickened, organizations began
demanding fresher and fresher data to guide
decision making.

Cranking up the frequency of ETL (to hourly,
say) was an obvious solution, but it merely
stressed rickety ETL pipelines even more, often
past the breaking point. For one account, see the
work by Gilad Mishne and colleagues.” In the
past few years, people began to explore alter-
native architectures — if we could perform ana-
lytical as well as transactional processing in the
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Rant I: | Hate the Name Lambda Architecture

hate the name lambda architecture for two reasons. First,
Nathan Marz described the lambda architecture in a blog
post titled “How to Beat the CAP Theorem” (although that
post doesn’t actually coin the term, which came later).'
The connection to the CAP theorem is, quite simply,
nonsensical.
Second, the post reeks of (typical Silicon Valley) hubris. He
writes:

This post is going to challenge your basic assumptions on how data sys-
tems should be built. But by breaking down our current ways of think-
ing and reimagining how data systems should be built, what emerges
is an architecture more elegant, scalable, and robust than you ever

thought possible.I

As if this way of designing systems had never been thought
of before! Just as a point of reference, Turing Award winner
Butler Lampson describes in a 1983 paper? exactly what we
would today call the lambda architecture, providing an example
from — of all organizations known for technological innova-
tions — Bank of America! Lampson’s paper outlines a bunch of
design principles, which meant that if the lambda architecture

was already well known over three decades ago, its invention
surely must have been much earlier.

How silly is this development? It’s as if | had rediscovered
the wheel, called it the omicron device, wrote a blog post about
the omicron device being the solution to beating friction, and
then for some reason (gullibility of the clickbait-driven tech
press? the Twitter-verse echo chamber?) others began picking
it up. Finally, once critical mass has been achieved, everyone
starts saying (with a straight face), “our vehicles employ the
omicron device for superior conveyance capabilities.” And no
one is around to call out the emperor’s lack of clothes.

The sheer ridiculousness of this state of affairs baffles me,
but perhaps this makes me now an old, curmudgeonly aca-
demic? | hate the name lambda architecture, but unfortunately,
we appear to be stuck with it.
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same database, everything would be
hunky dory, right? (Short answer:
it’s an improvement but not a pana-
cea; don’t buy the hype completely.)
Regardless, we've seen the emergence
of hybrid transactional/analytical
processing (HTAP), a brilliant term
invented by Gartner in 2014.

The pendulum has now swung
the other way, back toward one-size-
fits-all solutions.

Lambda

Our short detour into HTAP is rel-
evant to this column because the
underlying pain point is the same.
What’s the problem that organiza-
tions are trying to solve today? Real-
time analytics for insight generation.
Social media companies want to
adapt ad placement algorithms in
real time, financial institutions want
to stop fraud as it’s being committed,
and municipalities want to respond
to incidents with minimal delay, just
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to give a few examples. Of course,
organizations want real-time capa-
bilities without sacrificing analytics
over large volumes of historic data.

Because this column derives from
personal experience, unavoidably it
will be colored by my having worked
at Twitter on a number of projects
that tackle exactly this challenge.
Of course it will be a biased perspec-
tive, but on the flip side, I can speak
directly from first-hand knowledge.

What's the solution? One estab-
lished approach is the so-called lambda
architecture, proposed by Nathan
Marz of a company called BackType
(circa 2011). Distilled to its essence,
the lambda architecture consists of
a batch processing layer (platform)
and a transient real-time processing
layer (platform), plus a merging layer
on top.®

Consider a concrete example: say
we wanted to count tweet impres-
sions. Furthermore, not only do

we want real-time updates as users
are tapping, swiping, and click-
ing right now, but we want historic
counts dating back to the moment a
tweet was posted (for example, con-
sider a tweet by Donald Trump last
year that’s receiving a new burst of
engagement).

In Twitter, impression data are
captured by frontend logs. After a
multistage aggregation pipeline, the
logs are deposited into a Hadoop data
warehouse (a data lake, in modern
parlance) — see the work by George
Lee and colleagues for details.” In the
lambda architecture at Twitter, circa
2012, the batch processing layer was
MapReduce, where such aggregations
were already routine. However, the
logging pipeline introduced a delay:
even in the best possible case, logs
were a few hours old (see the pre-
vious reference® for a discussion of
why these latencies are unavoidable).
This meant that a dashboard of tweet
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impressions powered by MapReduce
alone would always be a few hours
out of date. Not good enough!

Ah, but that’s when the real-time
layer comes in — which in this case
was Storm, a framework for real-time
processing that provides a dataflow
graph abstraction (vertices represent
computations and edges capture data
movement). Storm performed real-
time aggregations, and a merging
layer encapsulated the logic to inte-
grate batch and real-time results.
Once the (delayed) results from the
batch layer arrived, results from
the real-time layer could be discarded.
In other words, the batch computa-
tions provided truth, while the real-
time results were transient.

Great solution, huh? Well, Twit-
ter thought so — so much so that it
acquired BackType, the company
that developed Storm, in 2011.

With the lambda architecture, all
our problems are solved, right? Not
quite so fast — yes, the lambda archi-
tecture bestows new capabilities, but
there’s no free lunch. These new capa-
bilities come at a significant cost.

In this case, the cost is complex-
ity. The lambda architecture basi-
cally means that everything must
be written twice: once for the batch
platform and again for the real-time
platform. In many cases, the imple-
mentations are completely different.

For example, in batch processing
it’s easy to compute the cardinality
of a set (for example, the number
of tweets in a particular hour), and
this value can be used for a variety
of computations and optimizations.
This isn’t possible in a real-time plat-
form if you're processing input incre-
mentally. Another example: in batch
processing, you often don’t need to
worry about a particular diction-
ary growing larger than the amount
of memory available because the
framework will automatically spill
to disk. Not so on a real-time plat-
form: if your dictionary overflows
memory, bad things will happen.
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It gets worse: two separate imple-
mentations need to be indefinitely
maintained in parallel, sometimes
by separate teams. This means that
changes need to be propagated from
one to the other, or else the final
results will be suspect. The real-time
platform just updated the machine-
learned model for detecting fraudu-
lent clicks? Better make sure the
same model is applied in the batch
processing layer. Oh, wait, the model
has a blacklist that is updated con-
tinuously? Uh, how are we going to
backfill historical data?

We're not done yet: even when
the lambda architecture is working
as intended, the semantics of the
computations are unclear. As a con-
crete example, aggregate values can
sometimes fluctuate unpredictably.
Let’s say the Storm cluster suffered a
transient load spike and 10 minutes’
worth of log data got dropped. No one
would notice this until the logs are
processed by the batch layer some
time later. Logging pipelines typi-
cally form a different code path than
the real-time processing layer, and
are usually more robust because per-
sistence is an explicit design goal. In
this scenario, the missing data reap-
pear and the aggregate values change
suddenly. Ah, but of course, we can
fix this by building a better stream-
ing platform — one with more precise
semantics. Yes, hold that thought,
we’ll come back to it later.

With the lambda architecture,
we've gained new capabilities, but
at a cost in increased complexity.
There’s no free lunch. However, and
this is the key point, the tradeoff was
worthwhile for the needs of Twitter at
the time. The adoption of the lambda
architecture can be heralded as a
success, even given its deficiencies.

The next evolution of the lambda
architecture at Twitter began around
late 2012. A bunch of smart engineers
wondered if it would be possible to
develop an abstraction to integrate
online and batch MapReduce com-

putations within a single framework.
The complete story is captured in a
2014 paper,* but to make a long story
short, Summingbird is a domain-
specific language (DSL) that allows
queries to be automatically trans-
lated into MapReduce jobs or Storm
topologies.

Neat, right? But there’s a catch:
the key insight of Summingbird is
that certain algebraic structures pro-
vide the theoretical foundation for
seamlessly integrating batch and
online processing. In practice, this
means that all aggregations must be
expressed (somewhat simplifying) as
commutative monoids. In other words,
the tradeoff is expressiveness (no
arbitrary computations) for simplicity
(not needing separate batch and real-
time implementations).

Nevertheless, this tradeoff was
worthwhile, because Summingbird
captured common cases that the
lambda architecture was designed
for. TimeSeries AggregatoR (TSAR)
was the next step in this evolution,
trading off even more expressive-
ness for even greater simplicity.’

The lambda architecture exem-
plifies deploying the right tool for the
job — a platform for batch processing
and a separate platform for real-time
processing — and then dealing with
the complexities of munging two
sets of results together. But, as Sum-
mingbird illustrates, the pendulum
began to swing back again ...

Kappa

Enter the kappa architecture, proposed
in a 2014 blog post by Jay Kreps,'© one
of the original authors of Kafka and a
data architect at LinkedIn at the time.
In the kappa architecture, every-
thing’s a stream. And if everything’s
a stream, all you need is a stream
processing engine. What the lambda
architecture would call batch pro-
cessing is simply streaming through
historic data. Kreps writes, somewhat
tongue in cheek, “Maybe we could call
this the Kappa Architecture, though it
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Rant 2: Everyone Is Sloppy about Processing Semantics

he interwebs abound with discussions of at-least-once,

at-most-once, and exactly-once semantics in the context
of stream processing. Unfortunately, nearly everyone is sloppy
about the use of these terms, including myself. In the latest iter-
ation of my “Big Data Infrastructure” course (see https://lintool
.github.io/bigdata-2017w), | was called out by my colleague Kes-
hav for being imprecise on exactly this point in lecture.

The fundamental issue is that messaging semantics were
formulated primarily to describe communication channels —
that is, getting data from point A to point B. For example,
from the end-to-end perspective, TCP provides exactly-once
semantics (with a few caveats). | send these bytes through the
pipe, and the exact same bytes appear at the other end. This
is accomplished with sequence numbers, acknowledgments,
and deduplication of packets. The last point is critical — it’s
not uncommon for duplicate packets to arrive at a destination
(what we might term at-least-once packet delivery), but TCP
transparently handles deduplication to correctly reconstruct
the original message.

Trouble arises when we try to extend semantics about
communications channels to semantics about computations.
In the case of the dataflow graph model, what does exactly-
once refer to? Does it refer to the delivery of messages along
edges in the computation graph? What about the case where
a message is successfully delivered to the incoming queue of
a computation vertex — some other process dequeues the
message and then the machine crashes before the message
has been processed? What happens! Or consider the sym-
metric case when a processed message has been deposited
successfully in the outgoing queue, but the machine crashes

before the message has been sent to the next processing
vertex!?

One possible (more precise) definition of exactly-once pro-
cessing is that the computation represented by each vertex in
the dataflow graph is applied exactly once to each message that
enters the computation graph (in the correct order, as deter-
mined by the edges of the graph). This escape hatch appeals to
the notion of the correct answer, as opposed to over-counting
or under-counting in the case of simple aggregations.

However, we’re not out of the woods yet — even the cor-
rect answer can be difficult to define. Consider the simple case
where we have a continuous computation that monitors load
on a number of servers to identify the one with the heaviest
load. Let’s say server A, with the heaviest load, crashed before
the computation completed. Because A crashed, its load is obvi-
ously zero. But our system answers “A.” Is the answer correct!

Well, we could say, the semantics of the correct answer is
when the computation began — but then we have to appeal
to clock synchronization and a host of other thorny issues ...
TrueTime' to the rescue?

Regardless, my point is that the terms at-least-once, at-
most-once, and exactly-once are tossed around with such slop-
piness as to render meaningful technical discussions difficult. |
don’t have any concrete suggestions, except to encourage that
we all be more precise in our characterizations.
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may be too simple of an idea to merit
a Greek letter.”®

The initial execution of this vision
was a processing framework called
Samza, which used Kafka as the
underlying messaging fabric. The most
recent incarnation is Kafka Streams,'!
which is a lightweight library on top
of Kafka. The story goes like this: we
can think of a stream as an append-
only collection, and well, that’s a log.
A table is merely the cache of the
latest value of each key in the log, and
the log is a record of each update to
the table.

Kafka is essentially a distributed
log, so the logging concept has been
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there since day one. Kafka Streams
adds the table abstraction as a first-
class citizen, cleverly implemented as
compacted topics. Thus, Kafka ele-
gantly captures this log/table duality.
To a database person, this all sounds
suspiciously familiar, like incremen-
tal view maintenance? Yup — and to
his credit, Kreps fully acknowledges
this as a “slight rebranding.”

So, the kappa architecture rep-
resents a swing of the pendulum
back to a one-size-fits-all solution.
And in fact, Kafka wasn’t even the
earliest example. Spark!? can per-
haps be characterized (once again,
tongue-in-cheek) as the anti-kappa

architecture, in that everything is
batch. Its basic abstraction is the
discretized stream: let’s chop up
the stream into itsy-bitsy batches
and reuse the Spark machinery for
batch processing. Don’t worry about
streams, they're just mini-batches!

Another related development is
the dataflow model of Tyler Akidau
and colleagues,'> which was pack-
aged as Google Cloud Dataflow and
later donated to the open source
community to serve as the basis of
Apache Beam. This model traces its
origins back to Google’s MillWheel
system!* for streaming, low-latency
computations.
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Apache Beam presents a rich API
that explicitly recognizes the differ-
ence between event time, the time
when an event actually occurred, and
processing time, the time when the
event is observed in the system (a dis-
tinction, for example, not captured in
Spark Streaming, but recently intro-
duced in Spark’s Structured Stream-
ing API). For example, an event
occurring at 4:17 (event time) isn’t
observed until 4:20 (processing time)
due to delays in the logging pipeline.

The notion of a watermark cap-
tures the relationship between the
two and tries to make a statement
about the completeness of observed
data with respect to event times.
For example, a heuristic watermark
might capture the fact that 99 per-
cent of messages will arrive within
5 minutes of the event time (based,
for example, on analyses of historic
data). Watermarks determine trig-
gers for moving window aggrega-
tions — in our example, it would
make sense to compute the aggrega-
tion 5 minutes after the event time,
when we’d expect 99 percent of the
messages to have arrived.

However, this isn’t enough — in
some cases, we can’'t wait 5 minutes,
and it'd be nice to have some early
results (that is, early triggerings).
Furthermore, because watermarks
are heuristic in many cases, events
might still arrive after the trigger
(1 percent of the events, in fact, in
this example), so these late events
need to be handled somehow. The
Apache Beam API provides one pos-
sible abstraction for managing these
complexities.

Interestingly, the Beam model
doesn’t distinguish between batch
and streaming computations. Rather,
the primary dichotomy is between
bounded and unbounded datasets.
What we would traditionally call
batch processing is simply streaming
through bounded datasets. In short,
this represents an instance of the
kappa architecture!
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In contrast to the lambda architec-
ture, the kappa architecture promotes
the elegance of a one-size-fits-all
solution. But there’s always a catch! In
this case, there’s the simple fact that
a streaming engine will never be as
fast or as efficient as a batch process-
ing engine with the same capabilities
and implementation quality. There
will always be a latency/throughput
tradeoff.

As a start, processing semantics
are much more straightforward with
batch processing: Hadoop distributed
file system blocks for MapReduce and
resilient distributed datasets (RDDs)
in Spark are both immutable. As
Pat Helland declares, “immutability
changes everything!”!®

For a streaming engine that adopts
a dataflow graph abstraction, to ensure
that each vertex in the graph receives
each message at least once, we must
have some type of acknowledgment
mechanism. There is unavoidable over-
head associated with this, and if we
want minimal latency, we have to pay
the tremendous cost of message-by-
message acknowledgment. Of course,
we could back off to acknowledgment
of batches of messages (a standard
optimization), but then we’re sacrific-
ing latency.

Sure, there exists a continuum
between message-by-message incre-
mental processing and batch process-
ing, and indeed Spark Streaming’s
discretized streams represent a mini-
batching middle ground, but my
overall point remains: there’s no free
lunch. In the case of Spark Stream-
ing, there’'s a floor on minimum
latency (on the order of a few hun-
dred milliseconds), but that’s okay —
this meets the latency requirements
of most applications anyway.

Summarizing, the kappa architec-
ture isn’t necessarily better or worse
than the lambda architecture. It sim-
ply makes a different set of tradeoffs.
In fact, Kreps writes in his original
blog post: “The real advantage isn't
about efficiency at all, but rather

about allowing people to develop,
test, debug, and operate their systems
on top of a single processing frame-
work.”!® A stream processing engine
(the one-size-fits-all hammer) is never
going to be faster than a batch pro-
cessing engine (the right tool for the
job) on a batch processing task. The
question is, how much is the perfor-
mance penalty, and are we willing to
give it up to regain the sanity of not
having to write everything twice?

Lunch

The message of this column is simple:
there’s no free lunch in the quest for
analytics on both historic data and in
real time. The lambda and the kappa
architectures characterize the right
tool for the job and the one-size-
fits-all approaches, respectively. They
capture different tradeoffs in terms of
desiderata such as low latency, high
throughput, low cost, precise seman-
tics, easy maintenance, and so on. It’s
not possible to have it all, and the ulti-
mate choice depends on a particular
organization’s sensitivity to each of
these features.

To conclude, I'd like to discuss why
the pendulum continues to swing
back and forth endlessly. At a high
level, deploying the right tool for the
job can be characterized as increased
specialization, which has a tendency
to increase integration costs when
putting components together to solve
a particular problem. At one apex
of the pendulum swing, gains from
increased specialization become lost
in the pain of integration. The pen-
dulum then starts swinging back,
and architects attempt to simplify
the toolchain by increased general-
ization, relinquishing the gains that
come from specialization.

At the other apex of the pendulum
swing, we arrive at a one-size-fits-all
solution. Architects eventually real-
ize what this actually means — not
perfect for anything, but good enough
for most things.!® Typically, this real-
ization is accompanied by the need
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for new capabilities that stretch the
single hammer to the breaking point,
which forces architects to consider
specialized tools, thus beginning the
cycle anew.

Perhaps there’s a way out of this
quagmire? Computer scientists have
one incredibly powerful tool to man-
age complexity: abstraction. This is
illustrated by Summingbird, which
I introduced previously as an exam-
ple of the pendulum swinging back

accumulated features over time that
pollute its original elegance.”

In a way, abstractions actually
make things worse because they
enable the decoupling of the pendu-
lum at different parts of the stack,
thus allowing their motions to drift
out of phase. The data processing
platform might be a one-size-fits-
all architecture, but the storage
layer is specialized to individual
use cases, and the serving platform

Computer scientists have one incredibly
powerful tool to manage complexity:

abstraction.

toward one size fits all. However, a
more precise characterization is that
the Summingbird DSL aims toward
generalization at the API level, while
leaving the implementations special-
ized. Can we have our cake and eat
it too?

This is where the lambda/kappa
labels start to break down and it’s
more useful to discuss generalized
versus specialized approaches. Just
like in Summingbird, abstraction
serves a powerful role in Beam, by
providing a unified way to describe
data processing pipelines (that is,
generalization at the API level), but
leaves open the possibility of differ-
ent implementations via so-called
runners (that is, specialization at the
implementation level). Does this pro-
vide a way out?

Unfortunately, I don’t think so.
Abstractions themselves are wvul-
nerable to the same generalization/
specialization dynamics. By defini-
tion, they hide certain complexities,
but over time they prove to be inad-
equate for their original design and
invariably accumulate bloat (which
is a form of specialization). My
last column, for example, provides
examples of how the Spark API has
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is a monolith. And of course, legacy
systems never die — today, they just
get wrapped in microservices. This
is one reason why modern enter-
prise architectures are so messy.
These observations also explain
why old graybeards and curmud-
geonly academics are always com-
plaining about how the wheel gets
reinvented over and over again.
Because there’s no free lunch, it all
boils down to what tradeoffs you
can live with. And that changes over
time as the problem context evolves,
which is why the pendulum keeps
swinging back and forth. The contin-
uous infusion of younglings means
that they've never seen the cycle
before, and so the same thing gets
a different name each time around.

hey say that those who don’t learn
history are doomed to repeat it.
In the case of computing technology,
learning history won’t help much,
although it will keep the graybeards
from wagging their fingers at you. [
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