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My Scaling-out Journey 
…….



My house was my world



My city was my world….
*courtesy govt of India

Jodhpur



airPlane picture

Country was my 
world

PPT has Canva AI generated images



airPlane picture

The planet 
earth was my 
known world

Picture by NASA



Universe

Picture by NASA



Picture by NASA
Circinus Galaxy 13M light-years far



My own ‘scale-out’ capacity just 
kept growing as I grew …

Drawing parallels from this 
example… … 



On 
Cloud..

On a journey 
of going to 
infinite…Hello 

World



Scale-out can appear infinite at 
first glance, however……..



Our finances 
are not infinite 



The Fallacy of 
Infinite Scale

The root problem is 
mindset, not tooling.



• ‘The cloud is infinite’ is a comforting idea.

• Every real system hits limits: quotas, noisy 
neighbors, budget, people…

• Can Foster a dangerous mindset. Often 
leads to insufficient planning and 
overspending. 



”



• The message is consistent: infinite scale is a 
myth. 

• Capacity is finite, physics is real, and most of 
us are massively overprovisioned.

• This illusion of infinite scale also comes with a 
hefty bill believe it or not… 





A nontrivial 
problem 

(sometimes)…



World Cup 
Tickets



• What happened wasn’t necessary a bug. It was a 
capacity problem driven by  uncertainty. 

• When tickets open, demand doesn’t arrive 
gradually. It arrives as a sudden burst.

• Maybe it’s two million users. Maybe ten million. 
You don’t know in advance… You can try to guess



• You provision for average demand; but the system 
becomes overloaded during these bursts

• This is what capacity planning under uncertainty 
looks like in the real world

• Demand is unpredictable, and your job isn’t to 
provision infinite capacity

 It’s to provision intelligently.



Toilet paper and 
Covid

Capacity 
Planning 
Under 
Uncertainty



• Production capacity hadn’t suddenly collapsed. 
• The infrastructure was still there.
• What changed was demand behavior.



• The system wasn’t broken. It was 
operating exactly as designed

• Just outside its expected demand range

• Limits of known and limits of unknown



• SRE -> 100% reliability does not exist. 

• Systems operate in a permanently degraded 
mode..

• 100% reliability = Infinite redundancy. -> 
Infinite failover -> Infinite capacity. 

• It’s impossible to achieve.



• Capacity planning operates under the exact 
same constraint.

• You will never have 100% certainty about the 
load your system will receive…

• The goal is to provision intelligently—to 
operate efficiently within the known range, 
and degrade gracefully outside of it



Resource 
Misallocation

When faced with 
uncertainty, there are two 
instinctive ways to design 
systems.



• If you build a fortress, you misallocate 
resources through over-provisioning.

• If you walk the tightrope too closely, you 
misallocate risk—and the system becomes 
fragile.

• Understand service fragility and operate 
within acceptable risk boundaries. 



How to balance 
Risk and Capacity



Right-Sizing 
Explained

Strategic adjustment of cloud 
resources to align with actual 

workload needs in cost-
effective manner



• The ideal scenario is reaching a right-sized state, 
when resources are optimized for workload 
demands

• While balancing cost efficiency with high 
performance to ensure seamless operations

• It's not an absolute number; it changes depending 
on system demands and you may need to have a 
dynamic approach to it



Cross Industry 
Playbook for 

SRE



Every seat, every 
flight, $99 always.

How do you 
compete with that?



American Airlines: 
Turning Data Into 
Strategy: SABRE

How many $99 seats should we 
sell to fill the plane, and how 
many should we hold back for 
business travelers who'll pay 
$300 the day before.



They modeled no-show rates per route, per time, 
per day of the week. If expect 10 no-shows, the sell 
10 extra tickets. 

American Airlines deployed a system that Used 
historical booking data to forecast demand and price 
seats dynamically



ARIMA, 
Booking curve 
and 
overbooking

Those same 
techniques 
are still in use 
today



Airlines: ARIMA

• Problem : How many people will show-up for this flight?
Answer : use ARIMA ->  forecasts passengers per flight.

• These models learn patterns over time: trend, seasonality, 
weekday/weekend effects.

• They give you a forecast and often an uncertainty range, not 
just a single number



Airlines: Booking Curves
• Booking curves: plot the fraction of seats sold versus days 

before departure
• For given route -> curve of 20% of seats sold 60 days out, 

60% by 14 days out, 90% the day before
• Compare the live booking curve to historical curves and 

adjust the forecast 

• Action: Use time-series models to forecast traffic per service 
+ use “booking curves” to forecast launch traffic



Airlines: Overbooking → Explicit Overcommit

• What’s the distribution of passengers who don’t show up
• Pick K such that more tickets sold == more revenue
• Denied boardings become too common or costly, then back off

• Probabilistic Overcommitment: A controlled, data-driven risk 
trade-off, and not accidental



Airlines: Overbooking → Explicit Overcommit

• 𝐶𝐶 is physical CPU/memory on a host; 𝑘𝑘 is the extra ‘virtual’ 
capacity we allocate via overcommit

• ‘What is the probability that all workloads spike together?’ 
• Set 𝑘𝑘 to keep overload probability below a chosen threshold

Action: Pick overcommit factors from utilization distributions 
and define risk/SLO



You overcommitted, what 
if you don’t have system 
for tracking uncertainty

No system to track 
overprovision or real-time 
control?





• 156 flights scheduled that day. Only 17 flew

• 11,000 pilots and flight attendants out of 
position. They had no way to communicate 

• Created real-time crew tracking database

• This is why crew rotation optimization exists 
in the industry.



Airlines: N/W, Rotations, → Bin-Packing & 
Failure Domains
• Mixed-integer programming problem

• Flights form a graph; Planes/crews are flows with 
constraints

• If disruption happens; you need to re-optimize in real 
time; with minimum-cost recovery plan



Airlines: N/W, Rotations, → Bin-Packing
Services -> flights; Compute resources -> crews

Regions and availability zones  -> airports

• When a region goes down  -> do we have a plan to re-
route traffic and workloads in real time?

Action: Schedule workloads with anti-affinity; decide 
what to cancel first—like low-priority batch work



Airlines → Cloud Capacity: Key Lessons

 Forecast with structure like ARIMA 
+ booking curves

 Overcommit explicitly, not accidentally

 Rerouting load with clear priorities

All of these push us away from ‘infinite scale’ thinking…. 



Power Grids: 
Real-Time Balance



Power of a 
Tree





Power grids are designed 
for this, the whole point of 
having a network.. The software bug 

was silent

Conclusion
The grid violated 
N-1

New York City, Cleveland, 
Detroit, Toronto, Newark 
Airports/trains shut down



N-1 is the principle that says: your system must 
survive the loss of any single major component. 

One generator. One transmission line. 
One substation. 

If losing one thing causes everything else to 
collapse, you don't have a resilient system—you 
have a house of cards.



Failure is often the trigger for  innovation
The industry rebuilt.

 They mandated real-time monitoring systems 
that don't fail silently. 

 Requiring to run N-1 contingency analyses

 They formalized Optimal Power Flow algorithms 
to keep the grid operating inside safe limits 
and automatic load-shedding schemes.



Power Grids: N-1 & Reserve Margin
• N-1: we must meet SLOs if any one AZ/region/datastore fails

+
• Reserve margin: plan capacity above forecast peak 

+
• Spinning reserve: run some clusters below their max, ready to 

ramp up immediately 
Action : Define N-1 (AZ/region) dependency and pick head-
room from failure simulations + pre-defined load shedding for 
low-priority work



• Feb 15, 2021: Winter Storm Uri hits Texas
• Planned for 67 GW winter peak demand per previous year
• Actual demand: 76 GW (9 GW over forecast)
• 40%+ of generation (30k MW) went offline simultaneously
• Grid came within 4 minutes 37 seconds of total collapse



Power Grids: Short-Term Load Forecasting 
 That nine-gigawatt gap—is exactly what short-term 

load forecasting is supposed to close

 If your capacity planning is based on 'last season 
peak times 1.3' and you never update the model, 
you will get surprised…

 Grids now use continuous load forecasting models 
with real-time weather data, neural networks.



Power Grids: Short-Term Load Forecasting 

Inputs: history, weather forecasts, calendar (day/holiday)

forecast of the past L values, where 𝑓𝑓 is the learned neural 
network.

Models: a neural network—often an LSTM or hybrid
Output: predicted load over the next hours or days, with an 

error distribution



Power Grids: Short-Term Load Forecasting 
•Replace L with your QPS or CPU utilization per service/region

•Replace ‘weather’ with external drivers: marketing campaigns, 
product launches, seasonality

•Even a simple model—like Prophet or an LSTM—can be your 
f() and give you better forecasts

Action: Treat load forecasting as a first-class discipline with 
continuous model updates, feedback and real-time inputs



Power Grids → Cloud: 
Key Lessons
Explicit N-1/N-2 targets

Conscious reserve margins

Predefined load shedding

Treat capacity as risk 
management, not infinite 

elasticity



Logistics: 
Moving Atoms at scale



Remember 
When Toilet 
Paper Became 
a Luxury Item?



• Traditional forecasting : What sold last March, what 
sold the March before that—and you use those 
patterns to predict what you'll need this March

• Add some seasonal adjustments, some trend 
smoothing, and you've got your forecast. It works. 
Most of the time.

• But March 2020 was not like any previous March.



Demand has exploded. 

 Households are 
using 40% more toilet 
paper than normal.

 Demand planning error 
increased to 59%

Forecasted v/s Sold



Some companies did better, 
The study found that orgs 
using demand sensing (real-
time signals – sales, search) 
experienced fewer errors….

Do you know what was the 
difference?

 Exponential Smoothing

Gives more weight to recent 
data than older data

Reduced forecast error from 
20-60% down to 4-9%.



Logistics: Exponential Smoothing

• Recent data gets more weight; older data decays 
exponentially

• Better stocking decisions when combined with 
variability metrics

Action: Use exponential smoothing for internal services’ 
capacity baselines or autoscaling target



No Chips,
No Cars







Safety stock → Buffer Capacity & Error 
Budgets

• Safety stock is extra inventory held to cover uncertainty 
in demand and lead time.

• Think of Z as 'how safe do we want to be?’ If we pick a 95% 
service level, that corresponds to a Z of about 1.64.

• 𝜎𝜎 terms are just a way to measure how much demand 
jumps around.



Scenario: Launching an API Service
Given:

• Forecast average demand: 10,000 requests/second (QPS)

• Demand variability (σ_demand): 2,000 QPS (demand jumps 
±20%)

• Provisioning lead time: 15 minutes to spin up new nodes
• Lead time variability (σ_lead): 5 minutes 

• Target service level: 99% (we want less than 1% chance of 
hitting hard capacity)



Safety Stock = Z × √(Lead_Time × σ²_demand + 
Avg_Demand² × σ²_lead)
 
Z = service factor (for 99% service level, Z ≈ 2.33) how many 
standard deviations you go above the average.

= 2.33 × √(15 min × 4,000,000 + (10,000)² × 25)
= 2.33 × √2,560,000,000
= 2.33 × 50,596
≈ 117,900 requests of buffer capacity



What Does This Mean?

• Baseline capacity for forecast: 10,000 QPS × 15 min = 
9,000,000 requests during lead time

• Safety stock (extra buffer): 117,900 requests

• Total capacity we should provision: Forecast + Safety 
Stock

 9,000,000 + 117,900 ≈ 9,117,900 requests over that 
15-minute window to survive 99% demand spikes



Safety stock → Buffer Capacity & Error 
Budgets

• Safety stock covers demand & lead-time variability

• It tells you how much extra capacity and queue 
headroom we should hold

Action: Size buffer capacity and queues on demand 
variability and your error budget



We’ve added safety stock and ran 
probabilities—but what happens 
when a vendor is down and you 
don’t have a backup?



March 11th, 2011, 2:46 PM.
A 9.0 magnitude earthquake and tsunami 
hit Japan very hard.

Toyota's global production collapsed—
down 78% the next month. They halt 26 out 
of 30 assembly lines in Japan ..



Logistics: Multi Sourcing & Prioritization
 

Core SRE Principle :

• Have redundancy, and the backup plan, and 
the backup plan for the backup plan

• Risk vs. Cost Trade-off : every layer of 
redundancy costs money….



If you're a startup:

 Limited runway, tight budgets

 Speed to market matters more than perfect 
reliability

 Acceptable to run leaner, take more risk

Trade-off: Move fast now, invest in resilience 
as you grow



If you're an established or critical platform :

 Lives, livelihoods, or critical services depend 
on uptime

 Regulatory/compliance requirements

 Millions of users, high revenue at stake

Trade-off: Invest heavily in redundancy, 
accept higher costs



Logistics: Multi Sourcing & Prioritization
 

• Single supplier can be a single point of failure

• Multi-sourcing critical items

• Prioritize customers/SKUs under load

Action: Think multi-region and multi-vendor for critical 
dependencies



Logistics: Cloud: Key 
Lessons 
Exponential Smoothing

Safety stock  buffer 
capacity

Multi-sourcing

Learn to optimize for scarcity 





 What is your real capacity?
 What is your failure model?
 What do you drop first?

…and more importantly—
is that written down?



From Industry Patterns to SRE Primitives
Forecasting (ARIMA, ML, smoothing) → traffic & capacity 

models

Overbooking → explicit overcommit and bin-packing 
rules

N-1 & safety stock → headroom, buffer capacity, and 
error budgets

Multi sourcing → placement, shaping and prioritization 



Self-Assessment 
Checklist for SRE

Action: Pick 1 or 2 
strategies that resonate 
with your scenarios and 
then apply 



Embrace data-driven 
capacity planning to 
achieve the cost aware 
right-sized cloud



Intelligent 
Constraints

Finite Capacity

Mindset Shift

Cross-Industry Insights



The best teams don’t rely 
on infinite scale— they 
design for finite reality



Thank You
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