,r SUSTAINABILITY

LAB

i b

CLIMATE CHANGE Al - VIRTUAL SUMMER SCHOOL 2026

Al for Buildings

Machine learning across the building lifecycle: sense, model,
decide, verily

Nipun Batra - Sustainability Lab, IIT Gandhinagar
Module: Al for Buildings & Cities - Part 1



PART 1

Why buildings?

A third of global energy — and it's already metered
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THE STAKES

Buildings use about a third of global energy

SHARE OF GLOBAL FINAL ENERGY BUILDINGS' ENERGY-RELATED CO.,
cuidings (I o
ncustry (R s

Indirect — electricity & heat
18%

Direct — on-site fuel

8%

Other 6% Embodied — construction
7%

Buildings = 34% once construction materials are included =~ one-third of energy-related CO,

IEA, data year 2022

TAKEAWAY

Buildings are about 30% of global final energy and roughly one-third of energy-related CO, once construction is included.™
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https://www.iea.org/energy-system/buildings

WHY NOW

Cooling is the fastest-growing use of energy in buildings

Surface air temperature anomaly for June 2025

Data: ERAS. Reference period: 1991-2020. Credit: C3S/ECMWF
7 11°C

Rt - N ) & A air-conditioners by 2050 — the stock grows ~3.5xFl

. , o
. +14%
-2 Spain's daily demand; prices rose 108% in France and 175% in
4 Germany during the 2025 heatwave
-6

(0
n ~20%
- THEEGROPEAN e G’P?’fﬂ!ﬁlﬂrﬁ @ ' S ECMWF of EU homes have AC (vs ~90% in the US) — demand will climb

fast
June 2025 — western Europe's warmest June on record. Credit: C3S/ECMWF™

POLL
What's the single biggest electricity user in your home — AC/heating, water heater, fridge, or something else?
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https://climate.copernicus.eu/surface-air-temperature-june-2025
https://www.iea.org/reports/the-future-of-cooling
https://ember-energy.org/app/uploads/2025/07/Ember-Report-Heat-and-Power-Impacts-of-the-2025-heatwave-in-Europe.pdf

ANSWERING THE QUESTION

It depends on climate — and on what you count

19% 62.5% ~40% 40-60%

US - air conditioning share of EU - space heating share of India - fans, coolers, and AC share Singapore - AC share of total
household electricity' household final energy'® of surveyed household electricity™ building energy™®
TAKEAWAY

Read the denominator before the percentage. Climate, fuels, appliances, and construction change the dominant load — and
make geographic transfer a first-class ML problem.
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https://www.eia.gov/energyexplained/use-of-energy/electricity-use-in-homes.php
https://ec.europa.eu/eurostat/web/products-eurostat-news/w/ddn-20250625-2
https://beeindia.gov.in/WriteReadData/L45218/2878513814676762.pdf
https://www.nccs.gov.sg/singapores-climate-action/mitigation-efforts/buildings/

THE MISSING MAP

Four phases of a building — four different decisions

. | < I 2 A P Y 1 |
Design - choose Build - check Operate - adapt Retrofit - verify
Massing, envelope, materials, systems Progress, quality, metadata, sequences Weather, people, prices, faults Diagnose, prioritize, measure change
TAKEAWAY

Before operation, people and performance are assumptions. During operation they become evidence; retrofit should use that
evidence to change the building.
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THE PLAN

The workflow: sense » model » decide » verify

Sense Model Decide Verify

What is happening? What happens next? Which action meets the constraints? Did it work — and for whom?
TAKEAWAY

We will run this loop through four applications. One question throughout: can the result survive the next building, the real grid,
and the people inside?
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APPLICATION 1 - STAR: SENSE

Energy disaggregation

One cheap meler in — itemized, actionable feedback out
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THE INTUITION BEFORE THE ALGORITHM

Your supermarket bill explains why itemization matters

1 - TOTAL ONLY 2 - ITEMIZED
| |

SUPERMARKET WHAT MADE THE TOTAL?
VEGETARIAN GROCERIES Basmati rice 480
Toor dal %260
Paneer %360

Weekly shop 2,140
—p  Cud %120
Vegetables %250
?2 1 4 Fruit + bread %320
) 0 Packaged juice %230
You know how much. Leafy greens %120
You do not know what to change.

TOTAL 2,140

TAKEAWAY

3 - POSSIBLE ACTION

WHICH ITEMS COULD BE LOWER?

Packaged juice -230
optional this week

Curd -%120
already in the fridge

Leafy greens -120
buy less; some was wasted

POSSIBLE SAVING 470

ltemization does not force a choice; it makes one possible.

A total tells you how much; an itemized bill tells you where a decision is possible. NILM asks whether one whole-home

electricity signal can become the equivalent of an itemized energy bill.
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WHY APPLIANCE-LEVEL ENERGY

What per-appliance data unlocks

Why itemize a home's energy? Per-appliance data unlocks what the total bill can't

o Itemized feedback Fault & waste
households cut 5-15% a failing fridge, a stuck AC

per-appliance

energy

EI Targeting 4 Flexibility

who gets a retrofit / rebate which loads can shift

TAKEAWAY
Itemized feedback nudges households to cut 5-15%, and the same breakdown powers fault detection, retrofit targeting, and
demand-response eligibility. This is why so much of buildings-ML chases the appliance-level signal.[® '
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https://doi.org/10.1016/j.enpol.2012.08.062
https://www.eci.ox.ac.uk/research/energy/downloads/smart-metering-report.pdf

THE DATA LAYER -

What you can measure — and what it costs

REVEAL 1 OF 4

One instrumented zone exposes many BMS points

environment - people - equipment - energy

il
\\_// occupancy / motion

Temperature
+ relative humidity

Power meter
j\/— zone / circuit energy

=+

\

Air quality
ventilation demand

Illuminance
lux / daylight / glare

4+ vaives damper position |- - -~~~

TAKEAWAY

BUILDING
MANAGEMENT SYSTEM

ZONE 4.12

24.1°C

PIR occupancy ON
co, 742 ppm
lluminance 418 lux
Zone power 3.7 kKW

Damper 38%

RICH SIGNAL

Every point has

a type, location,

unit, and relationship.

Instrumented
building

power + temp + CO, +
occupancy

control, comfort, fault
diagnosis

highest effort

Start at the bottom: rich sensing can answer almost anything, but it is expensive to install, label, and maintain across many

buildings.
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THE DATA LAYER - REVEAL 2 OF 4

What you can measure — and what it costs

Sub-metering circuit / appliance ground truth, audits higher cost
Instrumented power + temp + CO, + control, comfort, fault
building occupancy diagnosis

TAKEAWAY
Sub-meters give the answer directly. They are ideal ground truth — and exactly what becomes difficult to afford and maintain
at scale.

12
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THE DATA LAYER - REVEAL 3 OF 4

What you can measure — and what it costs

b |

-

Smart meter

Sub-metering

One aggregate waveform - millions of buildings

Instrumented
building

TAKEAWAY

seconds—minutes -
aggregate

circuit / appliance

power + temp + CO, +
occupancy

NILM, forecasting, DR wide reach

ground truth, audits

control, comfort, fault
diagnosis

A smart meter is the interesting middle: cheap and widespread, but it measures only the sum. NILM tries to infer the richer

appliance signal from it.
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THE DATA LAYER - REVEAL 4 OF 4

What you can measure — and what it costs

ELECTRICITY BILL
Energy 318 kWh
Billing period 30 days
Appliances ?
TOTAL ¥2.460
Nearly universal - too coarse for appliance
action
TAKEAWAY

Utility bill

Smart meter

Sub-metering

Instrumented
building

monthly - whole building

seconds—-minutes -
aggregate

circuit / appliance

power + temp + CO, +
occupancy

billing, benchmarking nearly free

NILM, forecasting, DR

ground truth, audits

control, comfort, fault
diagnosis

The field exists because reach and resolution move in opposite directions. Buildings-ML often infers an expensive signal from a

cheaper one.

Al for Buildings - Climate Change Al Summer School 2026
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REAL DEPLOYMENTS

What real homes do to your sensors

LESSONS FROM REAL DEPLOYMENTS

o Maintenance outweighs installation — sensors fail,
labels rot, occupants changel™

o Effort grows super-linearly with homes, nodes, and
months in the field™

o Assumptions travel badly — what breaks when you
deploy outside the lab's grid? (next slide)

(c) Three Generations of Doorway Sensors (d) Motion Sensor

Home sensors — Hnat et al., Hitchhiker's Guide, SenSys 2011

TAKEAWAY

Deployment papers are as useful as algorithm papers, and far rarer — every model inherits these messes.

15
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https://doi.org/10.1145/2070942.2070966
https://doi.org/10.1145/2070942.2070966
https://doi.org/10.1145/2070942.2070966

REAL-WORLD EVIDENCE - BUILDSYS 2013

Delhi taught us: measure voltage, not just current

260 Voltage ws Time 124 Voltage vs Time
250
[
240 L,
i o (B AT
540 r vy N
w220 a"'r W
Eao L
gﬂl}l’.’l 'F L
. . . . i
73 days, 33 sensors, one Delhi home — smart meter, per-circuit CTs, appliance ::",‘f
[12]
plugs YWo oz o 06 08 10 12 14 16 I8 20 #F 00 T 5y 04 o6 08 10 12 14 16 1§ #0 22 00
hre Frs hre Biss Bes his Fes hie Bies Bes his Fes s hre his bes hes bis Bes his B hes his bes his
me e

Fig. 5 - Batra et al., BuildSys 2013 - doi:10.1145/2528282.2528293

TAKEAWAY

The grid itself moves: Delhi supply swung ~180-250 V in a day (US comparison: pinned near 120 V). CT-based meters that record

only current assume fixed voltage — here that assumption breaks, so measure V and I, and normalize for voltage before any
NILM.['

16
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https://doi.org/10.1145/2528282.2528293
https://doi.org/10.1145/2528282.2528293

WHY NOT JUST METER EVERYTHING

You can't put a sensor on every appliance

Two ways to know what each appliance uses:

Meter every appliance Use the whole-home meter
a plug sensor per device — cost adds up already on ~1 B+ homes
install labour in every home no new hardware, no install

sensors fail, labels rot (deployment reality) nothing extra to maintain

X X X X
v < <«

intrusive — hardware in every socket but you only see the sum

NILM: infer per-appliance power from the aggregate — no new sensors

TAKEAWAY
Metering everything is accurate but doesn't scale; the meter you already have sees only the sum. Non-intrusive load monitoring
(NILM) recovers the parts from that sum — our first deep dive.

17
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THE PROBLEM

One aggregate signal is all you measure...

\

GIVEN FIND SUBJECT TO
aggregate meter y(t) per-appliance power x;(t) no per-appliance sensors
4000 -
Aggregate mains

3000

2000 -

power (W)

1000 -

200 -

2000 -

2000 -

0~ { { { { T T i
00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00

TAKEAWAY

At the meter you get one whole-home trace — the sum of everything on. The appliance panels below are ghosted because you
never measure them directly.

EXERCISE - 60 SECONDS

Disaggregate by eye: where does the washing machine run? How many fridge cycles can you count? Which spikes are the kettle?

18
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THE ANSWER — WHAT NILM RECOVERS

...pull each appliance back out of the sum

4000 ~

Aggregate mains
3000 -

2000 -

power (W)

1000 -

2000 - Washing machine

Dishwasher

2000 - “
0~

T T T T T T T
00:00 03:00 06:00 09:00 12:00 156:00 18:00 21:00

Real data - UK-DALE house 1

TAKEAWAY

Same signal, appliances revealed — with no new sensors. Posed by Hart in the late 1980s as blind source separation with
structure.[™!

Al for Buildings - Climate Change Al Summer School 2026
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https://doi.org/10.1109/5.192069

WHY IT'S HARD

Appliance signatures differ by load type

" Fridge - UK-DALE house 1

2500 Washing machine - UK-DALE house 1 3000 4 Heating elements — high-power bursts
150 -
125 2000 4 2500 -
00 2 £ 2000 -
§ § 1500 - g
1500 -
g 75- 2 2
1000 -
507 1000 -
25- 5001 500 -
0 T T T 1 A— ! T i 0 v N T T ! ) T v T 0 T i i ! i ! ! T
06:00 06:30 07:00 07:30 08:00 08:30 09:00 09:30 10:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00 20:45 21:00 21:15 21:30 21:45 22:00 22:15 22:30
time time

Fridge - periodic

Compressor cycles ~80-120 W; always-on, easy to
spot.

Washer - multi-stage Heating elements - spiky

Heat - agitate - spin; long, variable, many sub-

Dishwasher & kettle pulses look alike — the
states.

classic confusion.

[ Think: a kettle, a fridge, and a phone charger — which is hardest for NILM to recover, and why?

20
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THE ANSWER

Small, variable loads are the hard ones

Hardest to recover: small, variable electronic loads — they barely move the meter

A

Kettle easy Fridge easy Phone charger hard
~2000 W - sharp step ~120 W - periodic ~5 W - variable (SMPS)

switched-mode supplies draw non-linear, varying current — no clean fixed step to latch onto

TAKEAWAY

The charger is hardest: its few watts can sit below meter resolution or disappear under background variation and overlapping

loads. The kettle is large and sharp; the fridge is periodic. At low frequency, amplitude and identifiability matter more than
architectural sophistication.

21
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A DESIGN CHOICE

How fast you sample changes the problem

How fast you sample decides what you can even see — and what it's good for

15-minute 1Hz (per-second) 1 kHz+ (high-freq)
good for: billing - aggregate load

good for: NILM - demand response good for: device ID - power quality

same window, three rates — coarse smears the kettle away, fine reveals its turn-on transient

TAKEAWAY

Coarse 15-minute data is useful for billing but smears short events away; around 1 Hz is a common low-frequency research

setting; kHz+ exposes transients and harmonics — at a storage and privacy cost. The useful rate depends on the appliance,
meter, feature, and endpoint.

22
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HISTORICAL - 1980S-90S

First idea: detect the ON/OFF edges

detect ON/OFF edges (AP), then attribute each step to an appliance

2000

g VS
g 1500
3
% 1000 +1900W [
g
% 500 +1000 W
; F+H120Ww— [ L
0 20 40 60 80 100
time
Appliances switch in steady AP steps. Hart's method: Breaks down when appliances overlap or vary continuously
detect edges, cluster them by size, and match each ON to a (dimmers, motors, inverters) — and the state-matching is
later OFF.I" combinatorial.

23
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https://doi.org/10.1109/5.192069

HISTORICAL - 2010-2012

Then: each appliance as a hidden state machine

hidden appliance states

1 OO0
O—O—0
O——0

aggregate @

t t+1

&

f
\

Model each appliance as a hidden Markov model; the meter observes their sum. A factorial HMM is principled, but needs a
model per appliance and makes inference combinatorial.['¥
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MODERN - 2015-2018

Deep learning: map the mains window to one appliance

aggregate window (L) — one appliance at the centre

S § N EiER

L samples conv flatten y - power at centre

conv conv 50

30 40

TAKEAWAY
Neural NILM reframed it as regression: a CNN maps a window of aggregate power to an appliance's power at the centre
(seq2point).'* "¢l |t learns signatures end-to-end — no hand-built edge rules.

Al for Buildings - Climate Change Al Summer School 2026
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https://doi.org/10.1145/2821650.2821672
https://doi.org/10.1609/aaai.v32i1.11873

MODERN - TODAY

Now: sequence models, attention, and pretraining

aggregate sequence — appliance sequence

____________________________________

[ Add & Norm ]

aggregate [ Feed-Forward appliance

QR o -8 [0

[ Add & Norm

____________________________________

TAKEAWAY
Attention maps sequence = sequence and captures long context; the frontier is pretraining across many homes, then
transferring to an unseen one — NILM's version of a foundation model.l"

26
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https://doi.org/10.3390/en14092390

COMPARING METHODS

Which method wins depends on the metric

e
NILM OOD-first Leaderboard
MAE (|) F1 Score (1)
Rank Model ™ T2 T3 ™ T2 T3 Params FLOPs
same home new home new dataset same home new home new dataset (M) (@)
1 Model A 241 32.6 41.8 0.842 0.759 0.621 15.8 321
2 Model B 22.7 34.8 48.7 0.830 0.731 0.572 28.3 55.4
3 Model C 23.9 36.2 49.5 0.821 0.722 0.560 9.7 18.9
4 Model D 25.8 38.9 53.6 0.797 0.689 0.512 426 81.3
5 Model E 271 41.0 56.8 0.781 0.653 0.489 6.3 12.7
6 Model F 26.4 423 59.7 0.768 0.628 0.456 18.2 29.6
] Famy. cross dtastgonratizan AT A AR Y =
f
TAKEAWAY

Rank by MAE or by F1 and you get different winners; score on the same home (T1) vs a new dataset (T3) and they flip again —
and the biggest model is rarely the most efficient. Always ask which metric, which house, seen or unseen.® Models
anonymized — NILMBench, our benchmark (in submission, 2026)

Al for Buildings - Climate Change Al Summer School 2026


https://doi.org/10.1002/widm.1265

BENCHMARKING IS PART OF THE SCIENCE

NILMTK made methods comparable and reproducible

Before NILMTK every paper used its own data, metrics, and preprocessing

Datasets s Preprocess Algorithms { ¥ Metrics

- >
REDD - UK-DALE - iAWE align - resample - fill CO - FHMM - seq2point F1 - MAE - energy error

1
one reproducible, open-source APl — so results finally compare

TAKEAWAY
A shared data model, preprocessing pipeline, algorithms, and metrics turned one-off demos into comparable experiments.
The broader lesson: benchmarking infrastructure is itself a research contribution.

[19, 20]

28
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https://doi.org/10.1145/2602044.2602051
https://doi.org/10.1145/3360322.3360844

HONEST SCORECARD

Accuracy is not the same as impact

1200 A 1200 A
—— Ground Truth —— Grounyd Truth
1000 4 NILMFormer 1000 4 Seq2Seq
800 A ~ 800 4
z g
5 0001 5 600
3 3
A, 400 4 A, 400 4
200 A 200 A
0 1 0

Both models post low MAE yet miss almost every microwave event — NILMBench, our
benchmark (in submission, 2026)

Al for Buildings - Climate Change Al Summer School 2026

TAKEAWAY

A low average error can still miss the events that
matter. On 240 homes, feedback accuracy stayed
low even when disaggregation error was low — "if
you can measure it, you may not necessarily
improve it."[*"
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https://doi.org/10.1145/2821650.2821660

WHERE THE VALUE ACTUALLY IS

The payofT is a specific action, not a number

Disaggregation pays off as specific, actionable feedback — not a generic number

Baseline too high - repair / replace -26%
usage (cycling)
Excess defrost - service the unit -25%
baseline
Heavy usage - habits & settings -23%

decompose one fridge trace - baseline - defrost - usage (4% error) detects homes that need feedback with ~84% accuracy

TAKEAWAY
Split a fridge into baseline, defrost, and usage and you can tell a home exactly what to fix — worth 23-26% of fridge energy.[*"
This is Application 1's endpoint: sense % model = a specific action a human can take. Judge NILM on that job, not on MSE alone.

30
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https://doi.org/10.1145/2821650.2821660

THE PRIVACY COST OF SENSING

A smart meter reveals your whole day

Re-created from Molina-Markham et al., Private Memoirs of a Smart Meter, BuildSys 2010

—
o
!

wake - shower - dinner - laundry -
breakfast TV / computer

oo
]

evening shower
water heater

power (kW)
(o))

12a 3 6 9 12p 3 6 9 12a
time of day

TAKEAWAY
The same signals that cut energy expose when you wake, eat, and leave. Privacy is a design constraint, and the reason
disaggregation raises real concerns.[??

Al for Buildings - Climate Change Al Summer School 2026
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https://doi.org/10.1145/1878431.1878446

VERIFY - WHAT STILL BREAKS

Three things that still break NILM in the wild

Identity Overlap Transfer
Two fridges can look alike electrically; a class label Small, variable electronics disappear under one UK = Delhi changes voltage, appliances, habits, and
does not identify the failing unit. another and the background load. building stock.

TAKEAWAY

A benchmark should test the next device, next home, and next region — not merely another window from the same meter.

32
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SAME LOOP - APPLICATION 1

Disaggregation, end to end

Energy disaggregation — the same loop, end to end

SENSE MODEL DECIDE VERIFY
one smart meter, > seg2point CNN - > itemised feedback - NILMBench: does it
already installed per-appliance power faults - flexible loads survive a new home?

swap the application, keep the loop — this is the transferable skill of the field

TAKEAWAY
One meter becomes an appliance estimate, then a targeted action, then a measured outcome. This sense % model < decide =
verify loop is the template for the rest of the talk.

33
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APPLICATION 2 - STAR: MODEL

Shifting demand to cleaner hours

Forecast the constraint, move flexible load, protect the service

MODEL

Al for Buildings - Climate Change Al Summer School 2026



THE APPLICATION FIRST

Why the grid cares about one hour of your day

A day of city-scale demand — the whole grid is built for one evening hour

demand .
evening peak

capacity the grid must build = the peak

average demand

12a 6a 12p 6p 12a

plants, wires, and transformers are all sized for the red line — even if it's touched for only a few hours a year

TAKEAWAY
Generation, wires, and transformers are sized around peak demand, not only average use. Lowering or shifting that peak can
defer capacity and reduce cost. The carbon effect depends on which generators respond at the new hour.[**24

Al for Buildings - Climate Change Al Summer School 2026
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https://doi.org/10.1109/TII.2011.2158841
https://doi.org/10.1016/j.apenergy.2021.117040

WHY THOSE HOURS HURT

Peak demand is costly; its carbon is grid-specific

Capacity Marginal resource The bill
A short peak can size years of generation, wires, and The next kWh may come from gas, hydro, imports, Demand charges price the highest kW, not only total
transformers. storage, or curtailed renewables. kwWh.

TAKEAWAY

A kWh at 6 pm is not equivalent to one at 2 pm: price, congestion, and marginal emissions can all differ./**

36
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https://doi.org/10.1016/j.apenergy.2021.117040

THE OPPORTUNITY - STEP 1

Shift energy, lower peak

Tonight's curve — the peak is fixed appointments (dinner, AC, EVs arriving home)

the expensive hours

12a 6a 12p 6p 12a

the energy has to be served — but does it have to be served AT these hours?

[ Idealized first: dinner still gets cooked and EVs still get charged. What can change is when flexible energy is used.

Al for Buildings - Climate Change Al Summer School 2026
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THE OPPORTUNITY - STEP 2

Shift energy, lower peak

The moves: push energy out of the peak, pull it into cheap solar hours

-
- -
~o

4
shift: into m#day solar

*

shave: pre-cool earlier,
run batteries, delay EVs

12a 6a 12p

none of these change how much energy the building uses — only when

TAKEAWAY

Three levers: shift flexible demand, shed non-essential demand, or store energy. Pre-cooling and batteries introduce losses, so

total energy can stay similar — or rise slightly — even while the peak falls.

Al for Buildings - Climate Change Al Summer School 2026
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THE OPPORTUNITY - STEP 3

Shift energy, lower peak

The result: same total energy, peak gone

12a 6a 12p 6p 12a

=== before - gfter — same energy, lower peak, cheaper & cleaner

TAKEAWAY
Peak and bill can fall. Carbon falls only if demand moves to hours with lower marginal emissions. Every claim therefore needs
two checks: a forecast before the event and a counterfactual after it.**]

39
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https://doi.org/10.1016/j.apenergy.2021.117040

THE ML PROBLEM

To act hours ahead, you must see hours ahead

GIVEN FIND USED FOR
weather - calendar - past load the load over the next hour to the next week pre-cooling - load shifting - planning

One forecast, many horizons — each feeds a different decision, each is less certain

now
1
1
load i next hour next day next week +
| uncertainty grows with horizon
1 - - 4
1 P o ’
i ' S e
1 4
1 ’ So ’
! ’ S //
1 V4 ~
1 V2 SS S 4
1 7 ~ 4
’ AN 4
RS ’ ~ 4
1 ~ N ’ ~ 7’
1 ~—=" Sea-”
1
1
real-time control pre-cool - shift loads planning - procurement

TAKEAWAY

Pre-cooling needs the next-day curve; real-time control the next hour; procurement the next season — and error compounds

with distance. This forecast is the input to everything that follows.

Al for Buildings - Climate Change Al Summer School 2026
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THE LONG-STANDING BASELINES

Regression and ARIMA, then gradient boosting

AN TR
A A & 2 =

T L —

Weather regression ARIMA / SARIMA Gradient boosting
Temperature + calendar - an interpretable load Continue autocorrelation and daily/weekly rhythm. Combine engineered features with many small
response. decision trees.

TAKEAWAY

Start with the baseline that matches the structure: weather, seasonality, then interactions. Gradient boosting won ASHRAE GEP
Il (~3,600 teams); deep learning is not automatically better.[s 2¢l
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https://doi.org/10.1016/j.rser.2017.04.095
https://doi.org/10.1080/23744731.2020.1795514

REALITY CHECK - E-ENERGY 2014

The honest benchmark: persistence is hard to beat

Sliding Window Strategy
ARIMA  BATS  NNET  PERSIST TBATS

i =

-Eday's

Lk b b

Umndmwsue

MAPE

Fig. 1 - Veit et al., e-Energy 2014 - doi:10.1145/2602044.2602082

TAKEAWAY
At single-household level, ARIMA, exponential
smoothing, and neural nets "rarely beat

corresponding persistence forecasts" — repeating

the last observation sits in the same error range.
[27]

And in a real office building, an occupancy sensor nudged forecast MAPE only 1.24% - 1.22% — while simply re-forecasting
every hour cut RMSE 73%. Update frequency beat both the sensor and the model class.?®!
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NOW: PRETRAIN, THEN TRANSFER

Pretrain on 9ooK simulated buildings

The same pretraining idea as ChatGPT — but load curves replace text

ChatGPT billions of web pages reads them ALL, learns the answers a question

—

patterns of language it has never seen

the corpus

900K simulated buildings reads them ALL, learns the forecasts a building

BuildingsBench — —

the corpus it has never seen

patterns of demand

same strategy, different data — pretraining supplies a prior; transfer still has to be tested on real buildings

TAKEAWAY
The ChatGPT analogy is pretraining, not equivalence. BuildingsBench learns a broad prior from 900K simulated buildings, then
evaluates transfer on 1,900+ real buildings. The test is whether that prior helps a new building with little local history.[?*]
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THE FLEXIBLE LOADS

Storage, EVs, and thermostats — a virtual power plant

ﬁ g

= (e

Battery EV fleet Thermal loads
Charge off-peak; discharge at peak.% Share feeder capacity; meet every departure.*" Shift AC, water heating, and refrigeration within service
limits.l*2
TAKEAWAY

Coordinate many small assets and the grid sees one dispatchable, constraint-aware resource — a virtual power plant.[*¥

44
Al for Buildings - Climate Change Al Summer School 2026


https://doi.org/10.1145/2208828.2208857
https://doi.org/10.1145/2487166.2487178
https://doi.org/10.1145/2674061.2674082
https://www.energy.gov/cmei/articles/does-national-roadmap-grid-interactive-efficient-buildings

APPLICATION 3 - STAR: DECIDE

Comliort-aware building control

Occupants in the loop — sale targets out, measured oulcomes back

DECIDE
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WHAT COMFORT ACTUALLY IS

The thermostat war: everyone knows this room

One meeting room, one thermostat — four different experiences

24 °C
( )
thermostat
(1Y)
\6/
7N \\
O O
) )
7 . O . . O
“I'm melting — sun's on my desk” N "it's stuffy in here” N
“feels fine to me” “I'm freezing — vent's overhead”
\. J

the thermostat reads ONE number; four bodies, four micro-climates, four verdicts

sun on your desk, a vent overhead, what you're wearing, what you just did — none of it is on the thermostat

POLL

Hands up: who has fought over an office thermostat — or worn a jacket indoors in summer?

TAKEAWAY
The thermostat reads one number; the room contains four micro-climates and four bodies. Comfort is not a temperature — so
what is it?
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PUTTING NUMBERS ON COMFORT

PMYV predicts the group's average vote — not each person

SIX INPUTS FOR ONE SHARED CONDITION FOUR PEOPLE CAN STILL DISAGREE
AIR TEMPERATURE SURFACES ( \
24 °C 25 °C FANGER HEAT BALANCE . Person A ‘ Person B
sun on desk feels fine
NV +2 warm { N 0 neutral

HUMIDITY AIR SPEED
50% 0.12 m/s . .

predicted mean vote Person C Person D
CLOTHING ACTIVITY PMV — +0_3 ‘ room feels stuffy ‘ under the vent
0.7 clo 1.2 met K slightly warm, on average j [ \ +1 warm [ \ -2 cool

Room averages + an assumed “typical” person
PMV predicts the group mean; it does not identify who is uncomfortable.

TAKEAWAY
PMV = Predicted Mean Vote. Fanger's heat-balance model combines air and radiant temperature, air speed, humidity, clothing,
and activity. Here it predicts the group average is +0.3: slightly warm — while the four people still disagree.* 3*I

Control implication: use PMV to set a reasonable starting band; use occupant feedback and local adjustment as stronger
evidence for the person in front of you.
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COMFORT IS PARTLY LEARNED FROM THE CLIMATE

On a hot week, 27°C can still feel comfortable

NATURALLY VENTILATED BUILDINGS

|
MILD WEEK people adapt HOT WEEK

20°C outside > \ ? - 30°C outside

. clothes - windows .
comfortable indoors around ) comfortable indoors around
expectations

2 4 o C COMFORTABLE 2 7 o C STILL COMFORTABLE

The acceptable indoor band moves with recent outdoor weather; it is not one fixed set-point.

TAKEAWAY

In naturally ventilated buildings, people change clothing, use windows and fans, and shift expectations. The acceptable indoor

band rises with recent outdoor temperature; it is not one fixed set-point — and not a claim that every air-conditioned office
should be 27°C.B¢
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SET THE SCENE - ONE ROOM, ONE AFTERNOON

At 14:00, one room becomes a control problem

What is coming?

17:00: hotter weather, bright sun, high electricity price, eight-
person meeting.

What is fragmented?

HVAC, blinds, and lighting each have their own sensors and local
controller.

What must be coordinated?

Comfort, 300-500 lux without glare, low peak kW, and safe
equipment limits.

INPUTS OUTPUTS EVERY 15 MIN
room state - occupancy - weather - price/carbon - daylight HVAC temperature target - blind position - light level

TAKEAWAY
The control problem: choose coordinated targets that keep people comfortable and the room usable while reducing energy,
cost, or carbon. The forecast matters because it lets the building act before the peak.
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THREE VERTICAL SYSTEMS - ONE COUPLED ROOM

HVAC, blinds, and lights cannot optimize independently

HVAC

More solar heat - more cooling.

Al for Buildings - Climate Change Al Summer School 2026
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THREE VERTICAL SYSTEMS - ONE COUPLED ROOM

HVAC, blinds, and lights cannot optimize independently

HVAC Blind
More solar heat - more cooling. Close for glare -» lose daylight.

Al for Buildings - Climate Change Al Summer School 2026
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THREE VERTICAL SYSTEMS - ONE COUPLED ROOM

HVAC, blinds, and lights cannot optimize independently

HVAC Blind Lights

More solar heat » more cooling. Close for glare » lose daylight. Brighten to replace daylight - add heat.
TAKEAWAY

The blind closes, lights brighten, and HVAC removes the lights' heat. Each vertical system meets its own target; the room
wastes energy. Coordination is useful precisely because one action changes several outcomes.
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DEPLOYMENT PROBLEM - BMS BABEL

One sensor, three names — so every application becomes bespoke

The same sensor — a zone temperature — in three vendors' languages

Vendor A
¥ SODA1R465__ART \
() {F
> Vendor B -
zone temp sensor RM-4.465 ZN-T your fault-detector

Room 465, Floor 4 trained on Vendor A's names
A VendorC /

AI.017233_04

a large building has 1,500—-2,500 sensor points; labels are typed by installers, per project
an app written for one building silently breaks on the next — this is why building software doesn't scale

TAKEAWAY
Open three building-management systems and the same idea can appear as three opaque point names. The names are project-

specific, inconsistently enforced, and sometimes hidden behind proprietary APls. The analytics is reusable; the integration is
not. Motivation adapted from the Brick Schema webinar at 05:03.1*7
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DEPLOYMENT BRIDGE - SHARED MEANING

Brick separates a point's meaning from its local name

1 - EACH SITE SPEAKS ITS OWN LANGUAGE 2 - MAP ONCE PER BUILDING 3 - WRITE THE APPLICATION ONCE

Cl Building A A D N YA ONE SEMANTIC RULE
vendor-friendly labels

Zone temp > 26°C

ZN4.65_TMP

feeds AND feeding AHU
brick:AHU brick:HVAC_Zone .
ﬂ Building B hasPoint hasPoint — alert operator
Run status Zone temp
installer-coded labels

ON / OFF °C

AI_017233 D0_0041 ) . .
types + relationships replace label guessing
Map buildings locally. Write analytics and controls against shared meaning.
(
TAKEAWAY
Brick maps each site's local labels to shared types and relationships. The coordinator asks for “the zone temperature and blind
actuator serving this room” — not a vendor tag. Control chooses targets; metadata tells software where to read and write
them.?"]
\
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FROM FORECAST TO PHYSICAL ACTION

Every controller does the same job: choose safe targets

1 - OBSERVE 2 - CHOOSE 3 - SET TARGETS 4 - MOVE + MEASURE
What is happening? - ~ Targets for local loops Equipment + outcome
@ room temperature TG valve - damper - fan

zone set-point - 24 °C blind motor - dimmer
&) occupancy
—> Supervisory —> BLIND ->

MEASURED OUTCOME
@ weather forecast controller angle - 45° closed

comfort stays in band

i rule or learned polic
© sun + daylight poiey LIGHT enough light, less glare
\_ ) level - 350 lux i

© price / grid signal energy shifts / falls

TAKEAWAY

The Al does not directly drive a valve. It chooses the next safe targets; existing local loops track them, and sensors report
whether comfort, light, and energy improved.
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MODEL CHOICE - HOW MUCH PHYSICS DO YOU KEEP?

White, grey, or black box: three ways to predict the same room

Three ways to model the same building — how much physics do you keep?

WHITE BOX GREY BOX BLACK BOX
full physics simulation a small circuit, fit to data any function the data supports
/\ . O O O
— [~ c O
every wall, window & schedule modelled 2 physical numbers, fit from data o O o

no structure assumed — data decides

EnergyPlus / Modelica learn R and C from a week of logs gradient boosting / neural nets

needs: blueprints + calibration needs: a little data + the analogy needs: lots of data, no physics

<

more physics knowledge

>

more data

TAKEAWAY

These are models of the building, not controller types. A model-based optimizer can use detailed physics, a fitted thermal

circuit, or a learned predictor; it needs a useful forecast of consequences, not perfect physics. Grey boxes are often the
practical compromise.F# 31
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DECISION LOGIC - ENCODE IT OR LEARN IT

Rules write the strategy; RL learns one from experience

RULES

A human writes the strategy

REINFORCEMENT LEARNING

Experience writes the strategy

INPUTS NOW

IF / THEN TARGETS TRAINING - SEPARATE FROM DEPLOYMENT
occupied? IF occupied HVAC simulator / logs —> reward —»( update policy ]
room temp AND peak soon blind
price signal THEN pre-cool 1°C lights

SAME INPUTS LEARNED POLICY TARGETS
GOOD WHEN state + forecast state — targets HVAC - blind

+ constraints

- lights

the logic is known, stable, and easy to bound

BREAKS WHEN many interactions create too many rules ONLY CREDIBLE WITH safe training - hard bounds - fallback - monitoring

TAKEAWAY

Start with rules. Consider RL only when coupled decisions repeat often, a credible simulator or offline dataset exists, and hard
bounds, fallback control, and monitoring remain outside the learned policy.#% 41
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APPLICATION 4 - DESIGN TIME

Searching the low-carbon design space

Every simulation is a point; the surrogate helps find the frontier

MODEL DECIDE
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DECISION 1 - CHOOSE THE CARBON BUDGET

Same building, three ways to spend its carbon budget

Hold constant

Floor area, use, safety, and service life

Change
Structure, facade, shading, and HVAC

Compare

Upfront carbon + operating carbon over the
chosen horizon

TAKEAWAY
The decision is not “timber good, concrete bad.” Product declarations, sourcing, durability, climate, and the future grid can
change the ranking. Compare whole-life options while design choices are still reversible.*?
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DESIGN SEARCH - MAP THE TRADE-OFFS

Each simulation turns one design into one comparable point

ONE DOT IN THE DESIGN SPACE

ONE CANDIDATE DESIGN
THREE COMPARABLE METRICS

| |:| |:| | SLOW PHYSICS RUN operational energy
PN S i
wall insulation 120 mm —> : : ’ embodied carbon

= J
2 b~
window ratio 35% el 310 s |
OO g ' o
shade depth 0.8 m EnergyPlus / Modelica comfort/daylight penalty L - - P  J
7% 4 :
HVAC efficiency COP 4.2 : r
1 ‘Oo(\
&
. &®
operational energy — o

TAKEAWAY
There is rarely one best building. The Pareto set is the small group worth discussing: improving one objective from any
highlighted design would worsen at least one other objective.[*3 44
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DESIGN SEARCH - SURROGATE STEP 1 OF 2

Spend the slow simulation budget on 30 diverse designs

STEP 1 - BUY 30 HIGH-VALUE LABELS WITH PHYSICS

A - COVER THE DESIGN SPACE B - RUN THE SLOW SIMULATOR C - KEEP INPUTS + VERIFIED OUTPUTS
Do not simulate 30 near-identical buildings. Each run produces the trusted answer. This small table is the surrogate's training set.
o) o (@) design energy carbon penalty
o o —> —> #01 42 310 7%
o — —
o (0] —_— —_— #02 51 244 5%
lo) O
... #30 38 405 4%

minutes — hours

30 diverse candidates — 30 expensive, trustworthy examples

The simulator is the labeler. Spend its limited budget on coverage, not repetition.

TAKEAWAY

The simulator is the expensive labeler. Sample for coverage: combinations of envelope, glazing, shading, and HVAC that span

the choices you might actually make.[** 44
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DESIGN SEARCH - SURROGATE STEP 2 OF 2

Learn the map, screen 10,000 candidates, verily five

STEP 2 - LEARN THE MAP, SCREEN THOUSANDS, THEN VERIFY FIVE

A - FIT AFAST SURROGATE B - PREDICT 10,000 CANDIDATES C - VERIFY THE FIVE FINALISTS
Learn design variables — three metrics. Keep only the non-dominated frontier. The surrogate proposes; physics confirms.
G o o | | o|[o|o| o @
O MLP #1 #2 #3 #4 #5
boosted
O C tree 5 final physics runs
milliseconds per prediction seconds, not thousands of simulations before a real design decision

The speed-up is useful only if the final shortlist returns to the trusted simulator.

TAKEAWAY
For scalar metrics, start with an MLP, Gaussian process, or boosted tree. A neural operator is more natural for field = field
predictions. The surrogate proposes; physics verifies the final five.[** #4]
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THE THROUGHLINE

Better predictions matter only when they
change a building decision

NILM Forecasting Control Design

aggregate signal > appliance action future constraint > timed schedule room state - safe system targets slow simulations - verified shortlist

sense > model > decide > verify
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Thank you

Questions, collaborations, and student projects welcome

nipun.batra@iitgn.ac.in - sustainability-lab.github.io
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APPENDIX

Backup slides

Extra depth, kept for Q&A
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BACKUP - FORMAL CONTROL OBJECTIVE

A compact objective makes the trade-offs explicit

t+H
min J = [wEer + ,wTD;c_hermal s wVD;rlsual} + wp max PT
T

T=t

Decisions Outcomes

HVAC set-point, airflow, blind angle, and light level Energy/cost/carbon, thermal and visual
discomfort, and peak demand.

Inputs
Zone state, occupancy, weather, solar, tariff, and

carbon forecasts. within equipment limits.

TAKEAWAY
Weights expose value judgments; hard constraints protect IAQ, equipment, and minimum comfort. The main talk uses the same

structure without the notation.
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BACKUP - PHYSICS BEHIND THE FORECAST

A building is a leaky, sun-lit box with memory

Where the heat comes from, where it goes — this IS the physics

S\ ' 4 . .
_O_ solar gain through windows
4 0 S\
heat leaks out through the envelope

slower with insulation - resistance R

T T

HVAC adds or removes heat

the only lever you control O
( y y ) A {"}
Y »' people & appliances give off heat Q@7 =--___

draughts & ventilation (infiltration)

thick walls & floors store heat - thermal mass C (the building remembers)

outdoors T_out — everything is driven by the indoor—outdoor temperature difference

TAKEAWAY
Sun enters, heat leaks through the envelope, draughts cross gaps, people and appliances add heat, HVAC pushes back, and the
structure stores heat. That stored heat is why pre-cooling can move demand through time.
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BACKUP - LOCAL FEEDBACK

A supervisory rule chooses the target; PI/PID tracks it

# supervisor: choose the zone target

T_sp = 24.0 if occupied else 28.0
P

# installed local loop: move the cooling valve Responds to error now.

error = T_room - T_sp

integral += error * dt Pl - common in HVAC

derivative = (error - previous_error) / dt Also removes persistent offset.

PID

Also reacts to the slope; derivative can amplify noise.[*"!

cooling = clip(Kp * error
+ Ki % integral
+ Kd * derivative, 0.0, 1.0)

TAKEAWAY
The local loop reacts in seconds. It does not know that a price peak is coming; the slower supervisor changes its target in
advance.
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BACKUP - WORKED CONTROL ARITHMETIC

Three plausible actions — three different answers

A -HOLD 24 °C B - SWITCH OFF C - PRE-COOL, COAST

TOTAL ENERGY 15 kWh TOTAL ENERGY 7 KkWh TOTAL ENERGY 16 kWh
BILL X186 BILL 42 BILL 3132
EVENT PEAK 5.0 kW EVENT PEAK 0 kW EVENT PEAK 2.5 kW
DISCOMFORT 0 min DISCOMFORT 75 min DISCOMFORT 0 min

Comfortable, but peak-heavy. Cheapest because people pay. 1 kWh more, shifted earlier.

lllustrative arithmetic - tariff 6 before 17:00, ¥18 during the event

TAKEAWAY

No action wins every column. Switching off minimizes energy and cost but violates comfort. Pre-cooling uses 1 kWh more than
the ordinary schedule, yet halves event peak and lowers the bill because energy moved earlier. The example is illustrative.

69
Al for Buildings - Climate Change Al Summer School 2026



BACKUP - MPC MECHANICS

MPC is a disposable plan plus permanent feedback

0 MEASURE 9 PREDICT e CHOOSE ° ACT ONCE

temperature - occupancy —> model + forecasts minimize the objective —> send the first 15-minute
equipment - power simulate candidate actions respect every constraint set-point — discard the rest
the state now possible futures best feasible plan one committed action

K 15 MIN LATER - MEASURE AGAIN - RE-PLAN J

Window opens? Occupancy changes? The next loop changes the plan.

TAKEAWAY
MPC predicts candidate trajectories, chooses the cheapest feasible plan, applies only its first action, then measures and re-
plans. Feedback repairs the plan when a window opens or the forecast is wrong.l**1
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BACKUP - RL MECHANICS

RL learns the same state » target » outcome interface

action a;
{:} set-points, flows >
RL agent state s; + reward r, Building

learns a control policy thermal dynamics + weather

<
temps, occupancy - —energy —comfort cost

why real buildings are hard

safety sample efficiency sim-to-real gap non-stationarity

TRAINING
repeat safely in simulator or offline data - improve long-run reward

DEPLOYMENT
live state = learned policy - safe set-points; local loops execute them

TAKEAWAY
The state, actions, reward, baselines, and safe training environment define the problem before the learning algorithm. Never
learn by unsafe trial-and-error on occupants or equipment.*!
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BACKUP - FORECAST % SCHEDULE

Predict the 5—9 pm peak at noon; act belore it arrives

N
Noon forecast - feasible actions before, during, and after the peak
predicted peak 5-9 pm
== =" T~ -~ 1
forecast e ‘“;*._
pre-cool the building _ thermal mass carries you through
let temp drift +1.5 °C E | comfort band, not a fixed point
discharge the battery _ buy back at midnight
EVs wait to charge h ...and charge overnight, full by morning _
12p 2p 4p 6p 8p 10p 12a
TAKEAWAY

The forecast saves nothing by itself. It makes a sequence feasible: pre-cool before the peak, relax temperature and discharge a
battery during it, then charge EVs after it.
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BACKUP - MEASURED EV FLEXIBILITY

At the same 60 kW limit, scheduling serves every day

60 kW 22% 100%

the same Caltech charging-capacity limit in both of days feasible if every EV charges immediately of days feasible when charging is scheduled

cases

TAKEAWAY
The practical value of flexibility is hosting more EVs on existing wiring. These results use 30,000+ real workplace sessions and

respect each driver's energy need and departure time.[*€l
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BACKUP - FORECAST THE GRID

Demand forecast says when; carbon forecast says when 1o act

Forecast Choose Act
Estimate grid carbon intensity over the next 96 Find the cleanest feasible window. Move EV, thermal, battery, or compute load.
hours.

TAKEAWAY

A shift can reduce price or peak yet increase emissions. CarbonCast achieved 4.8-13.9% MAPE across six US/EU grids at 96
hours.[*]
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BACKUP - MEASUREMENT AND VERIFICATION

Forecasting creates the missing “no-retrofit” meter

Measurement & verification as causal inference

energy use

|
[
|
|
|
I
|
|
|
= + what the model says WOULD have happened
- What the meter actually shows

|
|
1 1 ! 1
-12 -6 0 +6 +12
weeks since intervention
TAKEAWAY

Decision enabled: verify ROl before scaling. Meter actual use, predict the no-retrofit counterfactual under comparable weather
and occupancy, and call the gap realized savings.!*®!
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BACKUP - DR SETTLEMENT

DR payment = estimated baseline — metered load

100 KW 80 kW 20 KW

estimated no-event baseline metered event load reduction used for settlement

TAKEAWAY
If the true no-event load was 90 kW, only 10 kW was real: a 10 kW baseline error doubled the payment. Baseline design is
market design.[*!
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WHEN DEEP LEARNING HELPS

Deep sequence models: history in, a distribution out

Deep sequence models: a window of history in, a probabilistic curve out

past window multi-step forecast

load

T ~— ~—— sequence encoder

weather
~— T~ — —> LSTM - TCN - seq2seq >
calendar attention [ transformer
\/\/\

point estimate + prediction interval

TAKEAWAY
LSTMs, temporal convolutions, and attention pay off when you have many correlated series and long history, or need calibrated
intervals rather than a point estimate. They are data-hungry, so they rarely win on a single sparse building.?®!
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THE PEAK AGAIN — NOW IN CARBON

A kKWh at 6pm is not a KkWh at 2pm

GIVEN FIND SUBJECT TO
hourly price / carbon signal  when to shift flexible load  comfort + verifiable savings

Real data - UK grid - 21 Jun 2024 - carbonintensity.org.uk

evening ramp —
150 - solar gone, demand high

75 1 shift flexible load

grid carbon intensity (gCO,/kWh)

50 ~
251 cleanest
0 (midday solar)
12a 6a 12p 6p 12a

TAKEAWAY

You know these moves from the peak playbook — here they are priced in carbon, on real grid data: midday solar is ~2.6x
cleaner than the evening ramp. Same playbook, second currency.l*?

POLL

Your utility pays you to nudge your AC 1 °C during peaks — enroll, enroll only with an override button, or no?
\
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HOW YOU DRIVE IT

From a switch, to prices, to a live market

The signal that drives flexibility got richer — from a switch to a live market

DIRECT LOAD CONTROL TIME-OF-USE [ CPP REAL-TIME PRICING TRANSACTIVE MARKET
y I, /\/\/\/ >
utility switches your AC off scheduled price tiers hourly / 5-min price devices bid, price clears
coarse - mandatory day-ahead - static dynamic - you optimize continuous - autonomous

richer signal - more autonomy for the building, less top-down control

TAKEAWAY
Each step to the right hands the building more autonomy — and asks more of its ML: a schedule needs nothing, a live market
needs forecasting, bidding, and control.[?* %%
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THE COORDINATION PROBLEM

Coordinating a fleet without melting comfort

One aggregator, thousands of loads — ML dispatches flexibility within hard limits

grid needs
price - carbon - frequency

v

{:} Aggregator | VPP
forecast flexibility - dispatch

=) . & =

AC EV battery water heater office

constraints: each occupant's comfort - feeder / transformer limits - fairness across customers

TAKEAWAY

A population of thermostatically controlled loads behaves like grid-scale storage — set-point-control it for load-following and

regulation.® The ML job: forecast each load's flexibility, then dispatch it to a grid signal while respecting comfort, feeder limits,
and fairness — via device-level RL or multi-agent control.[5% 53l
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MODERN - BUILDSYS 2020

Nine buildings learn to flatten a district

450 | gLz Summer 450 TAKEAWAY
MARL-1 ) =400
%:22 MARLISA ' %350 MARLISA: nine building agents, each sharing only
Z300 5300 its predicted next-step consumption with the
g 250 g 250 next agent, learn within a simulated year to
z 2200 . .
:‘:ZE % 150 flatten the district curve — 35% less ramping,
Fin| ==t % 100 15% lower daily peaks than a hand-tuned rule-
! MNet load no-storage 3
2 50 * 2w based controller (which just shifts the peak to
' g 10 15 20 ‘ night).[54]
\

Fig. 7 (summer) - Vazquez-Canteli et al., BuildSys 2020 - doi:10.1145/3408308.3427604
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REAL-WORLD EVIDENCE - E-ENERGY 2013

SPOT: control comfort itself, not temperature

12 -~ 1.2 &
&= 10 - -1 %
é% 8 - 0.8 é ' TAKEAWAY
82 6 06 S Senses all six PMV inputs live and holds a
g % a4 . 0.4 g personalized comfort level (SPOT's “PPV”), not a
28 , 02 B temperature — relaxing the target by 0.25 comfort
bles” O 000 , & units saves ~1.5 kWh of a ~6 kwh/day total.l*"!
-1.25 -1 075 05 -025 0O 025 05 075 1 ‘

PPV

Fig. 10 - Gao & Keshav, e-Energy 2013 - do0i:10.1145/2487166.2487193

[ Comfort becomes a control variable with a price — the quantified version of "every degree counts.”
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THE PROBLEM

One sensor, three names — your app breaks

The same sensor — a zone temperature — in three vendors' languages

Vendor A
¥ SODA1R465__ART \
(o) L
> Vendor B
RM-4.465 ZN-T your fault-detector

zone temp sensor

Room 465, Floor 4 trained on Vendor A's names
A VendorC /

AI.017233_04

a large building has 1,500—-2,500 sensor points; labels are typed by installers, per project
an app written for one building silently breaks on the next — this is why building software doesn't scale

TAKEAWAY
Point labels are typed by installers, per project, per vendor. Tested on three real buildings, the best existing schema could
express only 54% of the tags vendors actually use.[®
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METADATA - THE FIX

Brick: describe relationships, not vendor names

The fix: describe the building as a graph of types and relationships (Brick)

Zone Tem isPointOf > HVAC Zone ¢ isFedBy AHU-2 hasPoint On/Off
P - — S /
Sensor Room 465 Status

THE SAME RULE, WRITTEN ONCE AGAINST THE GRAPH

for every Zone: temp = its point of type Zone_Temperature
status = the status point of the AHU feeding it (follow isFedBy)
IF temp > 26 °C AND status = OFF > alert

v no building-specific names — types and relationships only, so it runs on any Brick building

Mortar then lets you run exactly such queries across 100+ real instrumented buildings

TAKEAWAY

Brick replaces names with types and relationships — the rule asks for “the AHU feeding this zone,” so it can run across Brick-
described buildings.[*™! Mortar hosts 100+ such buildings for testing.[*"
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REAL-WORLD EVIDENCE -

BUILDSYS 2010

The most-cited BuildSys result is an occupancy sensor

Percentage Savings on Cooling

Fig.

6
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- Agarwal et al., BuildSys 2010 -
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doi:10.1145/1878431.1878433

TAKEAWAY

A summer of daily savings from occupancy-driven
setback in UCSD's CSE building model: 10-15%
every single day. At >400 kW of HVAC load, 15% =
480 kWh per 8-hour day.®®

Occupancy-sensing thermostats in homes: ~28%
HVAC savings from ~$25 of sensors.[5% ¢
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THE STARTING POINT

For decades: schedules, thermostats, PID

Conventional control: react to the error between measured and target temperature

U _—
Controller HVAC + building

thermostat / PID / schedule thermal dynamics + weather

———1P> room
temp

[set-point 22°C

measured temperature (feedback)

Acts only on the current error — no weather forecast, no look-ahead, no price signal.

TAKEAWAY
Simple, robust, and in almost every building. But it reacts to the current error only — it cannot pre-cool for a forecast
heatwave or shift load off a price peak. Adding occupancy sensing to a fixed schedule was the first data-driven win.!5%
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MODERN 1 - LEARN THE MODEL

Learn the dynamics, then plan

Learn the model MPC needs from data, instead of hand-calibrating physics

building logs learned dynamics o~ MPC optimizer

temps - weather
occuppancy . energy > RC net - neural state-space —> receding horizon
physics-constrained (PCNN) plan - apply step 1

1

months of data

operating data retrains the model — the plant is never perfectly known

TAKEAWAY

milliseconds. Both attack the calibration cost that keeps MPC from scaling.[38 6% 62 €3]

Al for Buildings - Climate Change Al Summer School 2026

_>

building

Replace hand-built physics with a model learned from logs — an RC network, or a physics-constrained neural net that stays
stable and interpretable — then run MPC on top. A cheaper variant trains a network to imitate a slow MPC and run in
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WHICH BOX FOR WHICH JOB?

Match the model to the job — or mix them

White = design time Grey = control

Black = forecasting
The building doesn't exist yet, so only physics can MPC re-solves every 15 minutes; a 2-parameter With years of meter history, let the data speak —
answer — but it's slow and needs calibration circuit is fast, stable, and interpretable.l*® as in the forecasting arc we just saw.

once built.[*¥

TAKEAWAY

And the frontier mixes them: put the physics inside the network — physics-informed ML (PIML), physics-constrained nets
(PCNN) > ~15% lower error, longer horizons, less data — and it can't predict the physically impossible.ls" 62
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BENCHMARKS

Benchmarks for building control

Power grid
Demand

Heat pumps
Electric heaters

Chilled and DHW
water storage

Batteries m
What CityLearn simulates: a grid-interactive building (PV, storage, heat pumps)®!

TAKEAWAY

CityLearn

Gym env for multi-building demand response;
annual challenge. 5%

BOPTEST

Modelica emulators + KPI suite; MPC vs RL.[¢%!

Sinergym

EnergyPlus wrapped as a Gym environment.[€]

As NILMTK did for disaggregation, shared environments let controllers be compared on equal terms.

Al for Buildings - Climate Change Al Summer School 2026
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REAL-WORLD EVIDENCE - BUILDSYS 2019

Gnu-RL: competent on day one, no simulator needed

=
T
=

ot
H

Occupancy
Schedule

States
Zone Temp.( " F)
=y

Fig. 8 (zone temperature, weeks 153) - Chen et al., BuildSys 2019 - doi:10.1145/3360322.3360849

-y
=

TAKEAWAY

The policy is a differentiable MPC — pre-trained by imitating the existing controller's logs, then improved online with PPO. In a
real CMU conference room it cut cooling demand 16.7% in three weeks while tracking the set-point far better (RMSE 1.02 °F vs
2.4 °F) — no simulator was ever built.[*”]
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BACKUP - OPERATIONS

Fault detection, end to end

Fault detection — the same loop, end to end

SENSE MODEL DECIDE VERIFY
BMS telemetry the learn each system's anomaly - diagnosis repair confirmed —
o > ) i > o » . .
building already logs normal -> prioritized work order savings persist at scale

swap the application, keep the loop — this is the transferable skill of the field

TAKEAWAY
Fourth pass — no new sensors, no control authority, and still the biggest verified savings pool in commercial buildings. The loop
is the constant; the application is the variable.
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STANDING ON SHOULDERS

Landmark work the field is built on

NILMTK SmartCharge
open NILM benchmarking 4 home storage cuts the bill
Batra+ '14 Mishra, Shenoy+ '12
Synergy occupancy Brick
% the most-cited BuildSys paper {:} a unified building metadata schema
Agarwal, Gupta+ '10 Balaji, Srivastava+ '16
Neural NILM Private Memoirs
deep nets for disaggregation ((0)) what a smart meter reveals
Kelly & Knottenbelt '15 Molina-Markham, Shenoy+ '10
Smart Thermostat sMAP - BOSS - Mortar
,9\ occupancy-driven HVAC, ~28% saved portable building software
Lu, Whitehouse+ '10 Culler, Fierro+ '10-'18
Gnu-RL REDD - UK-DALE - ACN - BDG2
:—§ RL that controls a real room, day one E the datasets the field runs on
Chen, Bergés+ '19 2011-2020
TAKEAWAY

Open datasets, benchmarks, and systems — largely from BuildSys and e-Energy.
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IF YOU READ FIVE THINGS

Surveys worth reading

o The field in one paper — Tackling Climate Change with ML, Buildings & Cities!®®; end-to-end ML-for-buildings

survey!®!

o Control — RL reviews!® 7 why RL isn't deployed yet!*!l, the MPC tutorial-review!?®
o NILM — deep-learning review!', evaluation pitfalls*®
o Data scarcity — transfer learning for smart buildings!™

o Operations — Al for fault detection!™

Hands-on: CCAI tutorial notebooks — CityLearn, BOPTEST, load forecasting, smart-meter analytics —
github.com/climatechange-ai-tutorials
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SUMMARY VIEW

Which problems matter most

N
O Sense O Model O Optimize Q operate O megignsize = res€rBehtreiation - one researcher's view
BET ON IT DEPLOY NOW
Embodiruction
Denjand response
Fa on
&« - ol b :
5 jo
@®
o
£
I Found odels o y
© Load gting
£
© Persfort
€
P
]
T Eco hack
©
Q
c
EARLY FRONTIER MATURE - MODEST
deployment maturity — research - piloted - operational >
TAKEAWAY

Fault detection, control, and demand response can be deployed now and save real energy. Embodied carbon is high-potential
but less mature. Disaggregation and eco-feedback are well studied but show smaller measured savings.
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