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Construction is a weather-sensitive process

Typical construction schedule: overlapping activities, task-specific weather windows, and dependencies

START DATE

ACTIVITY WEATHER WINDOW w1 w2 w3 wa w5 w6 w7 ws
Earthworks ( dry ground - no heavy rain )
Concrete ( T > 0°C - low rain )
Steelwork ( wind < 30 kt )
Roofing ( dry - low wind )
Exterior painting ( dry - T>5°C )
Paving ( dry - T>5°C )
Shift the start date - the entire network meets a different part of the weather calendar.
Bl scheduled activity C) weather requirement —p dependency
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Why estimate project duration after delays?

Deadline risk
Missed completion dates can
trigger contractual penalties.

Start-date choice
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Most construction-ML papers stop at standard regression

2009 Pewdum et al. 2014 Wauters & Vanhoucke
Forecasting final budget and duration of highway Support vector machine regression for project
construction projects control forecasting
POINT OUTPUT e duration / budget POINT OUTPUT e regression forecast
2020 Yaseen et al. 2021 Egwim et al.
Prediction of risk delay in construction projects using Applied artificial intelligence for predicting
a hybrid Al model construction projects delay
POINT OUTPUT e predicted delay risk POINT OUTPUT e predicted delay
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Same mean, very different decisions

same expected duration
1

- | ower-variance forecast
- Higher-variance forecast

contractual deadline

Predictive density

12% chance of missing deadline

240 260 280 300 320 340 360
Project duration (days)
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First, supervised learning

ccccc

What would you like to work on?

Autonomous driving Al drug discovery
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Supervised Learning

Given measurements (X1, Y1),...,(Xn, Ya), learn a model to
predict Y; based on X;

construct g to obtain good predictions

g(xn—i—l) ~ Yn—l—lr A g(xn—l—m) ~ Yn—i—m
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Which one is the dog?

However, even the best models
make mistakes.
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How to Estimate Conditional Densities?

f(ylz)
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Usual Models
Y| |x NN(BTa?;OQ)
Y |2~ N(ulz), o))

n i1 K (e — Xll) K, (y — Y3)

flylz) = S Ky (le — X))
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Abstract

We present the first measurement of circumgalactic dust reddening from the Vera C. Rubin Observatory, using
only 4.6 deg® of ComCam Data Preview 1—roughly 0.03% of the final LSST footprint. Using photometric
redshifts, we stack background-galaxy colors around foreground-galaxy positions and detect a chromatic
reddening profile from r, = 10 kpc to 1 Mpc. Interpreting average E(g — z) with a Milky Way extinction curve,
we find Ay = (1.3 & 0.4) x 107 '(r; /20 kpe)~"#+%4 within 120 kpc. The amplitude and radial dependence agree
with earlier Sloan Digital Sky Survey, KiDS, and Dark Energy Survey results desplte the ~1000x smaller survey
area and a foreground sample extending 3-6 mag fainter and 1-2dex lower in stellar mass. The innermost
1015 kpc bin reaches Ay = 0.3 mag, comparable to high-latitude extinction through the Milky Way disk near the
solar circle; the steep power-law slope implies a dust distribution that does not simply trace the halo-gas prohle
Splitting by rest-frame g — r shows stronger extinction around red foreground galaxies (rest-frame g — r > 0.5),
although the blue subeample is too noisy to establish a significant color dependence. This red sample, with medlan
halo mass 5 x 10"’ M, shows substantially more reddemncI within 50 kpc than previously measured around more
massive luminous red g galaxies and implies a dust-to- stellar mass ratio of ~2%, nearly saturating the dust
budget allowed by stellar metal yields. These pathfinder data demonstrate LSST’s promise for high-precision
galaxy—dust measurements across galaxy mass, environment, and redshift.
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Tabular Foundation Models
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Phatometric Redshift Prediction in S-PLUS

DRAFT VERSION AUGUST 12. 2026
Typeset using ITEX twocolumn style in AASTeX7.0.1

Importance-weighted CDE loss (a = 0.36, ESS target 3
-0.21
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(a) Weighted CDE loss (a >~ 0.36).
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(b) Weighted RMSE (o ~ 0.36).
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Conditional Densities vs Quantile Regression

CONDITIONAL DENSITY QUANTILE REGRESSION
Full predictive distribution Selected quantiles only
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How to Estimate Conditional Densities

on the construction problem?

Rafael Izbicki (UFSCar)
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Modeling task workability probabilities by location and day

UK MIDAS e+ 1985-2020 68 stations retained

Station network Task-specific no-work rules

Condition E C F S (o)
Tmin = 0°C X
Tmean = 0°C X X X
Tmax = 40°C X X
Rain = 1 mm X
Rain = 10 mm X X X
Rain = 30 mm X X X
Gust = 30 kt X X X X

E earthworks C concrete F formwork S steelwork O outdoor painting P pavements

schematic spatial coverage

Weather thresholds - H4,y,i € {0,1}: workable / not workable

X X X X
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Estimating workable-day probabilities:

Binary history

n H(t) € {0,1}

Was task t workable at location £, year y, day-of-year i?

Ly,i
¥
Smooth across space, season and years
Loy

egt) =Ly Wy, i'y = Wioc Wdoy Wyear

z Wy, iry

Lty

Wioc < 1/d(Lo, £) Wyear ="~ 4 Wdoy: moving window around day i
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Typical construction schedule: overlapping activities, task-specific weather windows, and dependencies

START DATE

ACTIVITY WEATHER WINDOW w1 w2 w3 wa w5 w6 w7 ws
Earthworks ( dry ground - no heavy rain )
Concrete ( T>0°C- low rain )
Steelwork ( wind < 30 kt )
Roofing ( dry - low wind )
Exterior painting ( dry - T>5°C )
Paving ( dry - T>5°C )
Shift the start date - the entire network meets a different part of the weather calendar.
Ml scheduled activity O weather requirement — dependency
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Estimating workable-day probabilities:

Binary history

Hz(t;/ i e {0, 1} Was task t workable at location £, year y, day-of-year i?

v
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Metrics for probabilistic forecasts

Ldens(f; Y, :L’) - /f(y ‘ :L‘)Q dy la(Y, qo(T)) = (O‘ —1{y < Qa(fv)}) 0% 5 /lw €a Y, qo(z
: X (y — ga(x)) !
—2f(Y | z)

w
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Weather risk is task-specific and seasonal
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From Uncertainty to Decisions
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How to give a single point prediction?

same expected duration

1
| A\WWBr/Arianca faracact Va2 N

Published as a conference paper at ICLR 2024

CONFORMAL RISK CONTROL

Anastasios N. Angelopoulos', Stephen Bates?, Adam Fisch?, Lihua Lei?, Tal Schuster?

'UC Berkeley 2MIT 3Stanford *Google Research

! C~ vea e Lane
| : '
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CRC for construction decisions

OUTPUT: RISK-CONTROLLED CONTRACTUAL

DURATION R
d € argminE[d(X)] subject to  E[c{Y,d(X)}]| < «
deD
D={Q\: )€ A}
OVERRUN PROBABILITY OVERRUN SEVERITY
c(Y,d) =1{Y > d} oY,d)=g((Y =d)y), 0<g<l gt

Rafael Izbicki (UFSCar)




Rectified Conformal Risk Control

Same global target:  =0.10
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False-negative risk
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What can break?

— 2017
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— 2019
— 2020
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2018 was a different UK weather regime

UK summer weather, 2017-2020
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Source: Met Office summer climate summaries; anomalies relative to 1981-2010
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[ake-home message

e Predict distributions when decisions depend on more than the mean
e Separate sharpness from reliability: uncertainty needs calibration

e Propagate uncertainty to the downstream decision
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Machine Learning
Beyond Point Predictions:

Uncertainty Quantification

Rafael Izbicki (UFSCar)

rafaelizbicki.com/UQ4ML

33



rafaelizbicki.com/ame/
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