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Abstract

It is possible to use feedforward predictive control for transverse position 
and irajectory-angle jitter correction. The control procedure is straightforward, but 
creation of the predictive filter is not as obvious. The two processes tested were 
the least mean squares (LMS) and Kalman filter methods. The controller 
parameters calculated offline are downloaded to a real-time analog correction 
system between macropulses. These techniques worked well for both interpulse 
(pulse-to-pulse) correction and intrapulse (within a pulse) correction with the 
Kalman filter method being the clear winner. A simulation based on interpulse data 
taken at the Stanford Linear Collider showed an improvement factor of almost 
three in the average rms jitter over standard feedback techniques for the Kalman 
filter. An improvement factor of over three was found for the Kalman filter on 
intrapulse data taken at the Los Alamos Meson Physics Facility. The feedforward 
systems also improved the correction bandwidth.

INTRODUCTION

In the design of many pulsed linear particle beam accelerators, it is 
necessary to control transverse angle and position. Simple feedback systems have 
been used for years, but it is now desired to design a new type of feedforward 
controller. This system will increase the accuracy and bandwidth of correction over 
that of currently used feedback systems. The feedforward controller is trained 
offline using an iterative learning process. The feedforward control concept is 
similar to that in (1), but iterative techniques are used here as opposed to the 
autocorrelation and covariance methods used in (1).

Figure 1 shows the standard setup for a feedforward transverse jitter 
control system. Note that one pickup #1 and two kickers are needed to correct 
beam position jitter, while two pickup #l's and one kicker are needed to correct 
beam trajectory-angle jitter.

It is assumed that the beam is fast enough to beat the correction signal 
(through the fast loop) to the kicker. The fast loop will be completely analog for 
maximum speed. H will take the form of an analog transversal filter with digitally
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adjustable gains. Such devices are commercially available. Figure 2 shows a typical 
transversal filter.

pickup #1 kicker pickup^f^^^eam

Fast loop *Dii>
Slow loop

Processor

Figure 1. Feedforward Transverse Jitter Control System

The slow loop will use digitized inputs and process the values for H in an 
offline computer. The updated values for H will be downloaded to the filter 
between macropulses. These values will be chosen so that the output of the 
transversal filter, <p, will best predict the beam position at the kicker at some point 
in the future. The feasibility of this scheme depends on the degree of determinism 
(as opposed to stochasticity) of the beam jitter data.

Figure 2. Transversal Prediction Filter (v=l)



It will be shown that for at least two sets of data (from actual accelerators) 
there exist enough deterministic frequency components to both increase the 
accuracy of correction and extend the bandwidth of correction over that of a 
standard negative feedback correction system. The first is based on interpulse data 
(pulse-to-pulse jitter) obtained from the Stanford Linear Collider (SLC) at the 
Stanford Linear Accelerator Center (SLAC) in Palo Alto, California. The second is 
based on intrapulse data (jitter within a macropulse) taken at the Los Alamos 
Meson Physics Facility (LAMPF) at Los Alamos National Laboratory (LANL).

PREDICTION THEORY AND METHODS

The most general form of a linear filter is found in Eq. 1 
M N

yn = X akxn-k+ S bjyn-i O)
k = 0  j = l

where x„ is the filter input and yn is the filter output. The general prediction
equation can be found by using M=0 in Eq. 1

N
9n-v,v=a0X „ + ]E b jyn_j (2)

j=v

where cp,  ̂v is the prediction for yn based on values of y up to and including y„_v. 
The variable v is the number of points into the future into which the prediction is 
being made. Figure 2 shows a prediction filter with a value of v=l (prediction one 
point into the future). The a ^  term is the error between the prediction and the 
actual value and is not used as part of the prediction.

Referring to Fig. 1, the values of y are taken from pickup #1. It is assumed 
that any jitter incurred between pickup #1 and the kicker is completely 
deterministic and can be removed without error by information gained at pickup 
#2. Thus, since the beam lattice is known in this region and any extra jitter is 
known, any predicted value of y at pickup #1 can be translated to a value for 
correction at the kicker. Thus it is only necessary to develop a method for 
determining the bj's in Eq. 2 in order to perform predictive correction.

Referring to Fig. 2 and Eq. 2, the output tp, can be expressed as

*Pn-v,v ~  ^ u b jn y n_ j .  
j=v

The second subscript on the b's denotes updated versions of the weights.
In vector notation,

= [bvn  b (v fl)n  b(v+-2)n b N n] (4 )

and
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Equation 3 becomes



<P„-v.v = VnT B „ = B l Y „ .
The desired output corresponding to cpn.v.v is d„. Define an error 

en=dn-9n.v.v. Using Eq. 6,
e n = d n -Y‘B = d „ - B ‘Yn

(6)

(7)Ln " n  n n*

Square Eq. 7 to get the instantaneous squared error,
en = d2„ +BlY„YjBn -  2d„Y„TB„ (8)

Assume that £„, dn, and Yn are stationary to order two. Also assume for 
now that B„ is held fixed. Take the expected value of £n2,

E[eJ] = E[dji] +B j e[y„yJ] B„ -  2 E[d„Yj] B„. (9)
In general yD and dn are not independent. It is convenient to define an input 

correlation matrix Rn=E[YnY„T], and a vector Pn=E[dnYnT]. E[] is the expectation 
operator. Use these definitions in Eq. 9 to define the mean-square error (MSE) as
5.

MSE = £,= E[eJ] = E[dJ] +B„RnBn -  2P„B„. (10)
The MSE defines a function in the filter weights, B„, for a given Y„ and d„. 

If Yn and dB are stationary to order two or higher, the MSE is a quadratic function 
in B„. Thus £, will be a multidimensional paraboloid in B„. The minimum point of 
this paraboloid or “bowl” is the optimal or Wiener solution for B„. This is denoted 
by B„*.

LMS Algorithm and Kalman Filter

It is now desired to determine B„ as closely as possible to Bn*. The LMS 
algorithm (least mean square) will be used to accomplish this task. It is a form of a 
steepest descent method. The filter weights are adjusted in the direction of the 
gradient of E.=E[ek2]. This corresponds to

b »h = b „ + m( - v J  (11)
where Vn is the gradient of y, and fi is a parameter that controls the rate and 
stability of adaptation. The speed at which the optimal solution is approached 
depends on |i. The larger the value used, the quicker the routine converges to a 
solution. Unfortunately, if this value is too large, a correct solution may never be 
reached. Obviously this must be chosen with care.

There are many ways of determining Vn. The LMS algorithm uses e„2 itself 
as an estimate for ^  rather than attempting some sort of short-time average. Now

V„ =
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B b y n 3 b y n 3 b v n

• zz • =  2 e n :

3 $ 8 e n

d ^ N n . . 3 b N n _
- d ^ N n .

0 2 )



Using Eq. 7,

(13)

Now Eq. 12 becomes
(U)

Plugging this into Eq. 11,
Bn+i = Bn + 2nenYn. (15)

This is the LMS algorithm in vector form. Since the algorithm uses 
imperfect gradient estimates it does not follow the true line of steepest descent. Its 
advantage comes in its ease of implementation. For more details on the LMS 
algorithm and selection of the proper value of |i, see (2) and (3).

The Kalman filter improves on the LMS algorithm by making full use of all 
information available to it, whereas the LMS algorithm does not. The Kalman filter 
uses a set of difference equations to obtain a solution recursively. It uses a state- 
space approach to formulate a solution. It is trained and used in the same manner 
as the LMS algorithm in the previous section. Due to the complexity of the 
algorithm, and the space required to cover its operation even minimally, it will not 
be covered in this paper. The reader is referred to (2) and (4) for details.

Two sets of data were used to show the superiority of the iterative 
(specifically the Kalman filter) over previously used negative feedback systems. In 
both cases, a standard closed single-loop negative feedback system was used. The 
Nyquist stability criterion was applied to ensure stability. The details of the 
feedback system will not be given. (2,5)

The first data set is comprised of interpulse data and was collected at the 
SLC. The data consists of various sequences of 220 consecutive macropulses with 
a 60-Hz repetition rate. Each macropulse was passed through an analog low-pass 
filter before digitization in order to get its average value. The first 100 of the data 
points were used as a training set for the iterative filters (LMS and Kalman). The 
LMS algorithm was allowed one iterative step between pulses. This was possible 
due to the length of time between the pulses and the simplicity of the LMS 
algorithm. Due to its complexity, the Kalman filter was not allowed to retrain. The 
data was taken at three beam position monitors (BPMs) at different locations in 
the beamline. The locations correspond to different particle energies. The energies 
are 1.3 GeV, 17 GeV, and 42 GeV. For each energy, x and y position data was 
taken at six different currents. These were (in units of 109 e' particles per 
macropulse) 13, 18, 30, 36, 40, and 45. The analyzed data is given in Table 1. At 
higher charge (36, 40, and 45), problems occurred in the standard feedback 
correction system for medium and high energies (17 and 42 GeV) in the x-plane. 
Slight problems occurred in the y-plane at medium energy and higher charges.

RESULTS



Table 1 - Jitter Reduction Values for SLC Interpulse Data
Data
Set

Name

Energy
(GeV)

Charge 
(109 e 
/pulse)

Standard 
Feedback 
Rorig (dB)

LMS 
Method 

Rfeed (dB)

Kalman 
Method 

Rfeed (dB)
xl 1.2 13 -18.94 -10.79428 -11.45157
x2 1.2 45 -17.36 -9.34704 -10.62972
x3 42 13 -14.88 -5.50787 -4.47929
x4 42 45 4.39 -4.81796 -5.98826
yi 1.2 13 -20.43 -16.95955 -18.57240
y2 1.2 45 -20.47 -19.07728 -19.61238
y3 42 13 -16.01 3.35405 -8.67695
y4 42 45 -16.73 -7.65893 -7.69607
x5 17 40 2.98 -5.11643 -6.95194
x6 17 30 -4.09 -6.99720 -7.29789
x7 17 45 3.40 -3.72507 -5.36792
x8 42 30 -9.60 -5.57590 -5.50660
x9 42 40 5.04 -4.42966 -6.18646
y5 17 45 -1.82 -4.68803 -6.15240

..........y6......... 17 40 -3.95 -5.95581 -8.60337

The values for Rong (standard feedback system only) are the rms jitter 
reduction amounts over those with no correction applied. The values for Rfeed 
(iterative methods) are the rms jitter reduction amounts over those for the standard 
feedback system in column four. Therefore, Rfeed is improvement beyond that given 
by the standard feedback system. Also note that the larger negative the value, the 
better the correction. The average jitter reduction value for the LMS method over 
the standard feedback is -7.4 dB and for the Kalman method is -9.4 dB. This 
corresponds to an improvement factor of 2.95 over the standard feedback system.

Table 2 - Jitter Reduction Values for LAMPF Intrapulse Data
Data
Set

Name

Standard 
Feedback 
Rorie (dB)

LMS 
Method 

Rfeed (dB)

Kalman 
Method 

Rfeed (dB)
x2 -12.2689 -0.81506 -10.4571
x3 -12.6459 -1.33137 -8.49451
x4 -13.5622 -1.65347 -9.17455
x5 -12.0185 -0.72877 -10.2226
y2 -16.2005 -3.21156 -11.1358
y3 -16.1898 -2.86748 -10.7281
y4 -17.5858 -2.15140 -8.97009

______ y5________ -17.4924 -1.84464 -8.91657



The second data set is comprised of intrapulse data and was obtained from 
LAMPF. The beam consisted of P' particles (polarized H' particles) at 733 MeV. 
The sampling time was 0.4 |isec. Each macropulse was 1000 points long. Before 
sampling, the data was pre-filtered using a 600 kHz, 9th-order Cliebychev low- 
pass filter. The beam was running at a 36-Hz repetition rate, but because of 
equipment limitations, macropulses were gathered at 90-second intervals. Table 2 
shows the analyzed data. Macropulse x 1 was used as a training pulse for predicting 
jitter within macropulses x2, x3, x4, and x5 for both the LMS and Kalman 
methods. The y-plane worked similarly. As in Table 1, the definitions of Rong and 
Rfeed are the same. The average jitter reduction value for the LMS method over the 
standard feedback is -1.8 dB and for the Kalman method is -9.7 dB. This 
corresponds to an improvement factor of 3.05 over the standard feedback system.

CONCLUSION

For both the interpulse and intrapulse data the iterative methods far 
exceeded the standard feedback system. In some cases, the predictive methods 
worked considerably better indicating a high level of deterministic frequency 
components in the data. An analysis of the correction bandwidth for the 
feedforward systems showed a vast improvement over that of the standard 
feedback system. For the LAMPF intrapulse data, the average correction 
bandwidth for the feedback system was around 10 kHz compared to 600 kHz for 
the Kalman filter method. In the SLC interpulse case, the bandwidths of the 
standard feedback and iterative systems were comparable, but the iterative systems 
had increased stability at higher frequencies.
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