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Data: different schemes/fills 2017/2018
Focus: Beam 1, beam mode = Preramp (3-20 minutes), Loss 6L7

Losses (normalized by intensity):
’BLMEI.06L7.B1E10 TCHSH.6L7.B1:LOSS RS09’,
’BLMTI.06L3.B1I10 TCP.6L3.B1:LOSS RS09’,
Tunes:
’LHC.BOFSU:TUNE B1 H’, ’LHC.BOFSU:TUNE B1 V’,
Currents:
’RPMBB.RR13.ROF.A81B1:I MEAS’,
’RPMBB.UA23.RQTD.A12B1:I MEAS’,
’RPMBB.UA23.RQTF.A12B1:I MEAS’,
’RPMBB.UA23.RQTF.A12B2:I MEAS’,
’RPMBB.UA23.RSD1.A12B1:I MEAS’,
’RPMBB.UA23.RSD1.A12B2:I MEAS’,
’RPMBB.UA23.RSF1.A12B1:I MEAS’,
’RPMBB.UA23.RSF1.A12B2:I MEAS’,
Time since the start of injection

Heatloads:
’S12 QBS AVG ARC.POSST’, ’S23 QBS AVG ARC.POSST’,
’S34 QBS AVG ARC.POSST’, ’S45 QBS AVG ARC.POSST’,
’S56 QBS AVG ARC.POSST’, ’S67 QBS AVG ARC.POSST’,
’S78 QBS AVG ARC.POSST’, ’S81 QBS AVG ARC.POSST’
Emittance:
’B1 emith avg’, ’B1 emitv avg’, ’B1 emith max’, ’B1 emitv max’,
’B1 emith avg weighted’,
Misc:
’LHC.BQM.B1:BUNCH LENGTH MEAN’,
’LHC.BQSH.B1:CHROMA AVG’ ’LHC.BQSV.B1:CHROMA AVG’
’LHC.STATS:B1 NUMBER BUNCHES’
Experiment type:
’fill number’, ”beammode” ’filled buckets b1’,
’LHC.STATS:LHC:INJECTION SCHEME’.
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UPD tunes correction based on trims

Trim as increments of tunes:
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Sigmoid vs Trim as diff of tunes
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Tunes before and after trim correction

2017

2018
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Current
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2017:
25ns 1868b 1866 1089 1749 128bpi 17i8b4e: 52,
25ns 1916b 1909 1042 1560 112bpi 20i8b4e: 27,
25ns 2556b 2544 2215 2332 144bpi 20inj: 32

2018:
25ns 2556b 2544 2215 2332 144bpi 20injV3: 121
25ns 2556b 2544 2215 2332 144bpi 20injV2: 44
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AR

Regression problem with the design matrix is based on stacked lagged losses and exo
vars.

yt =

p∑
i=1

αiyt−i +

p∑
k=0

q∑
j=1

βj ,kxj ,t−k .

Comparison with AR purely on losses yt =
∑p

i=1 αiyi . : model on pure losses was
always outperforming for 1 step forecast: consider long-term forecasts
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Linear models

• updated data (improved quality + time included) • updated tunes
Data used:
5 currents + tunes + times since injection
Additional generated features: increments (δyt = yt − yt−1), initial values (constant
within the fills)
Method: ARX, AR, regression on xj

yt =

p∑
i=1

αiyt−i +

p∑
k=0

q∑
j=1

βj ,kxj ,t−k .

Regression estimation:
• feature selection Lasso regression with CV λ1

• Ridge regression with CV λ2

• Propagation of the forecast H = 90 seconds
• MSE ± std(SE)
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Regression on lagged (p = q = 5 lags)

Tuning on 51 fills 25ns 1868b 1866 1089 1749 128bpi 17i8b4e (52), testing the
left-out fill

MSE± std(SE) for 90 second forecasts

ARX 0.006± 0.008 AR 0.008± 0.015 LR 0.111± 0.038

Regression result on exogeneous (no losses) looks like shifted-scaled
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Estimation of scale and shift

Introducing non-linearity: trying to estimate scale-shift directly, GAM, GP
Fitting linear coefficients for each fill and Ridge fit to the exigeneos variables:
ycorr = afillyestim + bfill

a = φ(xinit), b = ψ(xinit)

Improvement (1 and 2 experiments)

Comparable to, but still worse than AR(X) om MSE
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Prediction 2018 (165 fills) year from 2017 (111 fills)

MSE± std(SE) for 90 second forecasts

ARX 0.006± 0.013 AR 0.004± 0.010 LR 0.045± 0.027
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Interaction terms

Assume

yt =

p∑
i=1

αiyt−i +

p∑
i=1

q∑
j=1

q∑
k=j

βjxj ,i ,txi ,k,t .

Too many parameters to estimate: feature selection (Mutual Information) 1 scheme of
2017

Ekaterina (SDSC) A SDSC LATEXBeamer Theme 13 / 19



MSE±std(MSE) for 90 seconds ahead prediction

Linear ARX 0.006± 0.008 AR 0.008± 0.015 LR+scaling 0.014± 0.031
Inter ARX 0.008± 0.010 AR 0.008± 0.015 LR+scaling 0.027± 0.030
Inter+MI ARX 0.011± 0.030 AR 0.008± 0.015 LR+scaling 0.077± 0.079
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Stochastic Variational Inference for scalability (Sparse GP)

• No ar part
SVGP is to approximate the true GP posterior with a GP conditioned on a small set of
latent “inducing” values, which summarize the data

Simultaneous learning of hyperparameters:
• + minibatch Adam and NatGrad for ELBO maximization
• + automatic hyperparameters estimation
• + learning on original 8 variables (time+tunes+currents), no lags
• - large confidence intervals
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Kernel: combination of

RBF

kRBF (x , x ′) ∝ exp

(
−(x − x ′)2

2l2

)
,

White Gaussian noise:

kW (x , x ′) ∝ δx ,x ′ ,

Ornstein-Uhlenbeck:

kAR(x , x ′) ∝ exp

(
−|x − x ′|

l

)
.
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Predicting 2018 from 2017
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Generalized additive model

ḡGAM(µ) = β0 +
k∑

i=1

βi fi (xi ) +
k∑

i=1

k∑
j=1

βi ,j fi (xi , xj )

where

• fi may be a smoothing spline, or structured thin plate splines (multivariate spline),
etc,
• g is a link function (e.g. log),
• y belongs to exponential family with the mean µ
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Currently Improving
• Shift-scale model
• Feature selection
• Including ecloud and emittance surrogate model
• GAM
• zooming in on non-zero values of currents
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