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NSLS-Il Accelerator Overview
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STORAGE RING PARAMETERS

Ring circumference
Ring Energy
Ring Current

# Cells
Cell design type

Vertical emittance
Horizontal emittance

Time between bunches
Revolution period
RF frequency

#RF Buckets
# Bunches

Active beamlines
»  Complex scattering

*  Hard X-ray scattering & spectroscopy
+  Soft X-Ray scattering & spectroscopy

»  Structural biology
* Imaging & Microscopy
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Accelerator Reliability

Reliability is % uptime when in Scheduled Ops.

NSLS-Il yearly Reliability (%)
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» Accelerator Reliability goal defined by DOE as 90%
* NSLS-II Internal goal of 95%
* NSLS2 regularly runs between 95-97% reliability

...but 5% of 4800 hrs is still 240 hrs of downtime

* Even in a reliable machine, downtime is a tangible
burden on users.
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Where can we reasonably gain in reliability?:

 Fast Faults -

» Power dips, power supply trips, network
outages, vacuum spikes, RF trips, cryo
quenches, etc.

" Mgy e
 Slow Faults

» Temperature, pressure, flow rate, ground
current, etc.

» Trip usually initiated by Equipment Protection
systems

» Actionable when caught early enough

How early?

One 2-day maintenance & one 1-day interlocks period w weekend
studies, repeating every 3 weeks.

10 days minimum, 20 days preferred 5




Magnet Temps & Cooling water system

Issue Summary: local clogs in magnet cooling-water system sporadically cause heating issues with magnets. Seen most in

QM
>
>

magnets.

Normal temps ~35C; Klixons will dump beam between 70-80C unless overridden; Experts will abort at 80C.

Overheating can cause permanent damage to magnets —
leading long & costly replacement.

Not the first time we’ve dealt with this issue

Magnet Flushes during Maintenances/Shutdowns

# of magnet cooling-water flushes, 3-month bins
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Thermal camera image of a hot magnet.




Magnet Temps: the run-up to Predictive Programs

Monitors:
1. Plots (visual inspection)
2. Alarms
3. Calculating change over time (drift)
4. Programmatic prediction...
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Summary-alarm values of Magnet RTD temperatures. Alarms
sound in the accelerator Control Room, email experts, etc.

Plot of quadrupole magnet temperatures in several ‘bad’ spots around the
ring; rising over 10 days in January 2024.
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Development Philosophy

Machine Learning Operations

The name MLOps incorporates machine learning (ML), software
development (DEV) and operations (OPS).

Machine Learning Operation is designed to incorporate machine
learning engineering and DevOps to seek for data governance

MLOps = ML + DEV + OPS and deployment in production with reliability and scalability.
# Y Data Engineering
ML !:' DEV S ors
Experiment Develop Operate
Data Acquisition Modeling + Testin Continuous Dellver - - :
Bus[n-esqunderstandlng Cﬂnﬁﬂugus Inrtegr:tlun Data Feedback Lna; Machine Lc_eammg Dev()ps
Initial Modeling Continuous Deployment System + Model Monitoring / Data Science Engineering
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Data Structure for QM magnets

Data for all QM magnets around
the ring handled in 4 layers:

Time Methods
1. Temperature data as a list of HDF5
files Archiver

2. 30 Cells in NSLS-II storage ring.

Cell Data
(HDFS5 to py) \
3. 4 sensors/magnet * 4-5 QM/cell = Gl
tructure
20-24 PVs per cell Cell 01 = PVs Data
p
; (20 or 24)
Cell 02 PV 0l e Matrix {3%288}
. . | i / (Points: 5 mins)
4. Temp data time series (288 . - \ s W
meas/day (@ 5 minute sampling - \
. PV 03
rate) for each sensor . .
| Cell30 e
X PV 20~24
+ + s
Layer 1 — Layer 2 —_— Layer 3 —_— Layer 4
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Data Structure for QM magnets

Data FEngineering and Storage Systems

Q: What to do about asynchronous triggered data?

A: data sampled from archiver at fixed interval
(5 min by default)

Data Engineering includes:

1.) Data acquisition based on the
network paths from online sensors.

2.) Raw data written into HDFS5 files.

3.) Data transfer by reorganizing the raw
data into self-structured data in .py files
(we reorganize the sensor data into 5
minutes per point in time series)

Cell 30 Data

Cell 01 HDFS

Cell 02 HDFS

Cell 03 HDF5S

Cell 30 HDF5S

Py

Machine Learning Systems
(ML Systems)
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Data Structure for QM magnets

Machine Learning Systems (ML systems)

The input temperature data is retrieved from the archiver R
appliance, organized, processed, and the outputs are written

to files and PVs. DuaCleanine g  Leming  “~wap  Predicion

—

DataCleaning P Leaming P Prediction
There are three components in the ML systems that are G
parallelized:
(1) Data Cleaning
(2) Model/Learning
(3) Prediction

DaaCleaning P Leaming  ~wwp  Prediction

Data Cleaning Prediction
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Output

B

1 rosulis data py

Output

02 results doapy

Output

Cell 03 resuits duta py

»

Output

Cell 30 results data.py
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Data Structure

1. Data Cleaning

©

Filtering out outliers from sensor faults using
isolation forest algorithm (over Euclid norms)

Temperature \
A L]
[ ]

regression model without outliers.

-~ regression model including outliers.
A
Time
Outlier Detection (Linear regression case)
Brookhaven . . .
National Lah?raww Slide content provided by Feng Bai

Adjusting sensitivity to account for jitter “created by”
sensor resolution
(0.125 C for our 1-wire sensors)

Temperature
4

Sensor
Resolution

regression model accounting for sensor resolution.

regression model without considering sensor resolution.

Time

>

Sensor resolution (Linear regression case)
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Methods
2. Modeling & Regression 5. Prediction

We use timp-se;ries data per PV make temperature prediction The newly trained ML models are used to model future behavior and
in the pipelines. We tried several regression methods and predict temperatures at points in future.

deep learning methods for online predictions.

1.) Linear Regression;

2.) Quadratic Regression; DATA ek o
a B
3.) Nonlinear Exponential Regression; N
— i ———@
4.) LSTM. et ,
aich e Customer Retention TRAINING Predictions/Parameters
- Iﬁ:i‘:‘\::‘ Dimensionality * ey Tl Classification Diagnostics NEW TRAINED kT = M
alista Raducdon n DATA MOD‘E'f'___,.--"" PREDICTION . Days to40 C
. T 3 days
Recor : Advertising Popularity HHH /#:Ej M T7 days
= Un:uper_wsed Supervised Pradiasion \_) o T 14 days
SN Eesihing i - T30days
Clustering . Linear Fit:
Machine e PREpIeTon - Slope
: Pl_mt':o‘: Forecasting
Cuntomer . Eaumaing . Least sq error
Segmen Learnlng e Quadratic Fit:
C Square coeff
. Linear coeff
. Least sq error
Reinforcement LSﬂ
Learning . <shape parameters>
. <error parameter(s)>
=" Brookhaven
Lf National Labaratory Slide content provided by Feng Bai 13




(Tested but Unused Prediction Models)

Piecewise Linear Model

Dataset of temperature for every day:

D = {(t, Ty, .., @ty T}
N =12 24 = 288

D: daily dataset;
N: # of daily data inputs (5 mins);
n: number of days;

The regression done every day with N
data inputs;

The piecewise linear models can capture
the daily parameter 6, (slopes)

Linear Models, Lasso/ Ridge

l.Lasso geg

.1
: =T — +
2. Ridge rapelgthllT XO[[+A||6]l,

min (17— X0]+A|]]

Temperature
=l
//
—_——
Day1 Day2 Day3 Day4 Day5 Day6 Day7 Dayn

-\>_> Strong Regularization
L1 Norm

_

h
h
— Smooth Regularization —6%
-\’ L2 Norm

Overlap Piecewise Linear Model

Dataset of temperature for every day:

D = {(t, Ty, ., @ty Ty}
N =12 24 = 288

D: daily dataset;
N: # of daily data inputs (5 mins);
n: number of days;

The regression done every 12hs with N
data inputs (including the dash lines);

The piecewise linear models can capture

the daily parameter 8,, ; (slopes)

A

A

N

Temperature

Day1 Day2 Day3 Day4 Day5 Day6 Day7 Day n

Strong Regularization can feature the small parameters with the L1 norm distance to 0. However, Smooth Regularization just feature the characteristics of parameters gradually.
X: data inputs (daily time series temps), 8: output parameter

National Lahoratory
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(Tested but Unused Prediction Models)

Machine ILearning Methods: LSTM

The data structures in the LSTM are shown in distributed pipelines per
PV, per cell.

The data in the training are displayed in tensor networks with the given
period to form the “time window”.

The Length of Training Period (21days)

3 days length

7 days length

2 days length

14 days length

o~ '
Lf E;E,ghgﬂgﬂ Slide content provided by Feng Bai

KPV1<

) i

PV2 -<

PV20

Cell 30

> Tensor

J\

> Tensor

Tensor
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Results of Fitting

« Shown: results of Linear/least-squares and Lasso models over a 10-day span.
* In production: training and prediction periods are independent.

" : Overlapped- " : Overlapped- - d
Cellog-PV14 Piecewise Plocenics Cell20-PV12 Piecewise Plecemics Cell09-PV14 Piecewise Cverapped Cell20-PV12 Piecewise Dvertapped

s L& ) / N "’M n = PR = " 73 & M = v/‘&

5/5

n«» PP PP o i i s TTIIET : o : s

Cell01-PV18 Piecewise Overlapped- Cell19-PV10 Piecewise Overlapped- Cell01-PV18 Piecewise Overtapped- Cell19-PV10 Piecewise Overlapped-
Piecewise Piecewise Piecewise Piecewise

lM lM

| v | s . .
3 : . 7 ’ “ 73 1 773

o o g G G o G g G G o3P g g G o g g gt o o3P i o o o o o o g o G g o o gt g g g g o g it TP o o o o o o o P o | P o o o o o o o o o ot o o o o o o o
- - . - % . | Rty
5/5 " | e | comgro 5/5 | et || Dbt i 5/5 " N " et 5/5
: - o e " o g o o - ] e o o o g o g G o o g g o ot g o o g g T o ol o o o ol g P o o o g o o o o gl o o o

37 * = 37 . o | = 37
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* Not able to deal with abnormalities in training set
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Predictions & Displays

Predictions/Parameters

Both models:

« Daysto40C

e Tin 3 days
e Tin 7 days
e Tin 14 days
e Tin 30 days
Linear Fit:

. Slope

. Least sq error
LSTM:

* <shape parameters>
*  <error parameter(s)>

Input Parameters

QM Dipole Temp LIVE Monitor

02/01/2024 15:31:19

Prediction Timescales——

Meas. Period 5 5 minutes Test Period Coeff [1 1 Tl 3days 3
Meas. Length 14 14 days Lamda Reg 1 1 T2 7days 7
Prediction Length [30 30 days ML Method: 1 3: Least Squares T3 14days ,T
#Data in period [58 48 T4 30days IW
Threshold Temp  [50 50 deg C Waming Temp |60 60 deg C
01 02 03 04 05 06 08 09 10 11 12 13 14 15
homi © - - 40.0 ‘ 371 | 39.6 |- [ 38.2 | 38.9 | 39.8 | 38.2 ‘ 38.1 I 37.8 j 39.9 | 385 |
ope
e o e [ e | e | oo N e | > [ < I

T 7 days(c) | SO SN

| O | 501 ]

[383 ][ 300 ||| 300 ][ 387 | NN [ 384 ]

16 17

18
Temp (C)
Slope

19

metr D xo e | |
51| oo

T 7 doys(c) | S SO N ST

20 21 [ 22 23
s |l o[B80

Using linear fit prediction right now.

Still testing learning-model fitting and prediction.
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Live ML QM 1-wire stats

55 56 57 58 | 59 60 61 62 63 64
Temp (ST |INS000 |I25IM (MZOSN [ 3s.c | |MS6SN (MS50M 350 ]
Slope | SO | 0,061 | |NEZSON | 0.003  |[44.750 || 39.463 | |NEGS0AM
%/day
daysto50 C [ 0.0 |[328452.0/[ 0.0 ][5874040.q [F256:0] 734207 | 0.0 | 100 1
T 3days ————m—— 350 ]
7days |IISTAN |ES000 (2S00 (2G| ss.s | (MSeEN 350 ]
14days  |ESENN |ISONMN (IZSIENN (MRS 551 350 1
30days (SN |INSOIONN |INGSIENN (MNEOIEN [ 0. 350 ]
Lsq Error | OG0 IGITON |IOIES (o0 MoK | o0.106 |
65 66 67 73 74
Temp  (IISSEEN [20.0 | |ISHSEN (SEEN ———— 3701
Slope  [[66.972 | | NN | WSW726n (ST (16201
%/day
days tos0 C |[222107] |[49,0"] |NENS0N [NESEE0N [ o.0 1_|| 00 \|| 00 797.0 ]
T 3days |INSSENN NGOG |MSEEN (MSESE (370 ]
7 days ——————— A
14 days ——————
30days [ 37.1 | | NS |SEN (SAEN [SaEm (375 ]
LsqError [0:07671 [ 0.187 | [T0:05471 [0.119 ] [0:054 "] |6:055 ] |MGIGET |

icello3 Sensor 33 QH1G6C03B-3




Use by Experts

Presently, EE & Mechanical groups are watching hot magnets.

Slope, temp predictions, and ‘time to threshold’ PVs are directing and replacing the same calculations being
done by hand or in Excel, with much less time committed.
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Conclusions & Next Steps

Strengths and limitations

> Slope is a VERY helpful early warning.

» Linear prediction catches magnets warming
from ‘normal baseline’.

» Changing time windows & thresholds can help
adapt to situations.

» Python; able to add features

» Fitting models deal poorly with fast changes
(repairs, clogs);

» Even with perfect modeling, ‘sudden temp
jumps’ in modeling time-window will result in

bad predictions :>

» LSTM learning model needs more data (both
length & type) to be worth using
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Next steps & Future applications

Next Steps
» Expand ML model to use years of history, & other magnet/water readbacks

» Decide if all QM temp datasets can be treated (& trained) interchangeably
» Consider multivariable Transformer vs LSTM
» Can we make a model to deal with sudden temp rise/drop separately?

Applied to QM Magnets
» Need to expand scope to make learning model worthwhile:

» If ML is wanted, train using GPU cluster (for parallel processing)
» Make the display easier for experts to use/scan:

Future Systems
» Power supply ground currents
» Possible use in RF and/or Cryo
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