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Abstract ware implementation. Drift chambers used in muon detec-
tion systems, for example, are typically constructed with

We discuu drift chamber tracking with a commercial ann- only two to four layers of sense wires. The chambers, al-
log VLSI neural network chip. Volt,es proportional to though covering large areas, tie far from the interaction
the drift times in a 4-1ayer drift chamber were presented region and so typically have lower occupancy rates than
to the Intel ETANN chip. The network was trained to tracking chambers close to _he interaction region. Since
provide the intercept and slope of straight tracks travers- the chambers are usually outside the m_etic field and
ing the chamber. The outputs were recorded and later since they also only a few tens of centimeters thick, tracks
compared off line to conventional track fits. Two types of crossing a muon chamber can be treated ss straight lines.

• network architectures were studied. Applications of neural Using sense wire signals from a section of _nch a muon
network tracking to high energy physics detector triggers chamber, it is possible to use feed-forward neural networks
is discussed, with two layers of neurons to find tr_ck p_smeters. Such

feed-forwexd neural networks are now available in VLSI. A

fast muon trigger system could be built by combining the
1 Introduction sign_u from many simple hardware networks, where esx.h

network i_ assigned to a _:tion of the dete:tor.
With the very high event rates projected for experiments Here we present results of a study of a VLSI neural net.
at the SSC and LHC, it is important to investigate new up- work for finding tr_ck_ in a muon drift chamber. A preTi-
pro_hes to on line pa_tern recos_tion. The use of neural ous paper discmused _racking in a 3-1ay_r muon chamber[3].
networks for pattern recognition in high energy physics de- Here we give results for tracking in a 4_layer drift chsm-
t_tors hns b_n sn area of very active _ (s_ review ber. We show results for a couple of different neural net-
in ref. I)_ Charged particle tr_cking with neural networks, work architectures and discuu posdble implementation in
in particular, hu been studied extensively. A major goal trigger.
of these studies is to determine wheth_ neural networks,
which have highly parallel struc_un_, could provide res/

time pattern .-evoKnition for triggerh_ Kif thzy we_ imple.. '_ Intel ETANN Chip
taunted in hardware. At high energy collider experiments

an interaction can produce a great number of tracks. In The Intel Electrically Trained Analog Neural Network
: the central tracking devices, c]oee to the interaction point, (ETANN) has been desczibed previously [4, g]. The chip

the large number of track and backlund signal_ m_ke has 64 neuroms or threshold amplifiers with sigmoidal re-
the _rsx.k finding networks quite complicated, especially if spouse. Effectively, howeTer, there are 128 neurons since

li there is track c_Irvature due to a magnetic field. Recurrent the same 64 neurons _re _ for bo_h the m/ddle sad out-

| type network architect_es have been the mo_t succesd'ul put layers° A signal (analog voltage 0.0v to 3.5v) entering
for track finding in large central detecto_ events[2]. How- one of the 64 inputs is presented to a synapse. The out-
ever, tracking with recurrent neural networks (all neurons put of the synapse is a differential current proportiomd to
interconnected and weights recalculated for each event) has the multiplication of the input signal and a stored weight
only been carried out with off line dat_ and with dm- value. The current sum of the dot product of 64 inputs and
ulated networks. Hardware implementation of such net- 64 elements of a row of the input synapse array is presented
works, while not impossible, appears very difficult, to the neuron corresponding to that row. In addition there

For some types of tracking chambers it is possible to are 16 internal fixed (bias)voltages connected to each neu-
apply simpler networks that are more amenable to hard- ton. So each neuron sees a total sum of 80 voltage.synapse

•cu=_n_ ,,ddm_t t_e_ Foru I_, Xffiror,,n eos0e products. There are 80x64=5120 synapses in the ft_t layer
tFeffi_fll_bis operated by the Unlve_ties _ A.ssoclstlaa array plus 5120 synapses in the second layer array.

under c_ntrgct with the Depm'tme_ of En_tID,. The synapse design is similar to a Gilbert multiplier cir-

1 Submitted to IEEE Tran_action_ on Nuclear Science, Special Issue for 1992 Nuc. Sci. Symposium



cult. Here the difference in threshold voltages (Vt) of two
floating gates provides the weight vs/ue:

I.,_, _ (v_,, - v..1,) × (v_ - w2)
The weights values are limited to approximately ±2.5 and

have about 6 bit precision. Charge c_a be made to tun- cata0de pa0s
nel onto the floating gates with large voltage pulses. The /

years. There are non-llnearities in the voltage-weight mul- 2.3 kV

tiplications, especial]y near the maximum weight and input a ) 5.8cm o 43 kV
voltage va/ues[5]. However, these can be compensated for
to some extent by the network iran.ing.

The neuron response, for a input reference voltage _ ,,_
(Y,,=li) of 1.6v, is approximated by a ligmoidal function: 10.15cre

/

3.0_ i

h(=_)= 1.0+_p(-=_) + 0.I_ I o ]/-"-_-N;•
where zj is I _L.,_.._..y,_

=j = G =_.(v.- 1.6o)+ _ =_.(_ - 1.6.) . , ....

. __ o r, o ,,,r--]Here VAis either the input voltage to the f_st layer or the
output voltage of the middle layer neurons presented to
the second layer. The wjl is the weight for the connection
between receivin 6 unit j _nd =ending unit k. Of the 16 _ external
intern_l biases (Vb _- 4.0_), sewe_ Lte available for the user jumver
(the other 9 are reserved for the i_itial_a_ion of the chip /, 7
by the development system described below.) The gain G
can be v_ed with an external control voltage and wM here
setat roughly1.0oA specialbinarymode withfastturn
on fromO.Ovto5.Oyisalsoavmlsblebut isnotsuitableas

a sigmoidforbax:k-propagationtrsiningand wM notused ¢) /
here.

After signslJ are presented at the input=, the first layer ,"

neucon output= will reach final [eve_ within about 3/_. /
The first layer outputs are then av_t_.ble on the output

pins (e.g. forbsck-propagationcalc_ons). Secondlayer _.-- [//_processingiscontrolledby sever_ext_nal clocksignals. I(
Fint theneuronoutputsa_m_mpled and heldand thein-

puts are disconnected from the fl_t _ynaps¢ _rr_y. Then __ to clTVC(not useclin test)

the first level sc_mpled outputs _ze presented to the second ! [
synapse array whichin turn connectsto the _ne neurons =_ TVO 1= from trigger
previously used for the first l_,yer. The _econd layer pro-. start stoo
ceasing takes up to _/_ for m total of about 8p_ fo_ 64
inputs, 6_ neuron first layer, and 64 ne_n second layer.

A pc-_ development =ystem fog the ETANN is
_vailable[6]. The system allows one to do such things as

initiate the chip, read weights or write weight= to the Figure 1: (a) Crou-_.-ction of a DO muon chamber ddR
chip, emulate the chip (e.g. with back-propagation tr_J_ner) cell. (b) Track through a 4-layer chsmbe_. Drift distances,
and do chip-in-the-loop training (CIL). Normally one first with left-right ambiguities, sre shown. The right edge cells
trsim, with the emulator (here we used the DlrnaMind sre flush. DMhed lines =hew normal cell width. (c) Pet-
program[7]) and then, when the emulation performance is spective view of a cell pair showing seam wire connection
satisfacto_, download the emulation weights to the chip. at one end, drift time and signal transit time electronic_
Some further CIL trs£ning is necesam7 since the em_ds- st other.
tion is not perfect. The synapses allow a limited number
of weight change= before becoming degraded so doing the
emulation reduces the number of weight changes required.





10 outputs is proportioned to the slope. The fined =urn is
then less dependent on small variations in the individu_

outputs (mos_ activation= ate either driven adl the way on
or edl the way of{.) A sumn_ng amplifier could provide a

Input = 2 x (4 TVCVoltages) + 4 Pad Latches fined sin_e proportioned volt_e.
Output - t0 2.0cm bins from -0cre to +20cm For each network type, _e_ of 20000 track psttern_ were

+ 10 0.lSrad bins from -0.Brad to 0.Brad 8enerated by a Monte Carlo program that sent tracks

°c_' [ III,!!! ,_, zocm-_.s_,a 0.er,d across the 8 ceils at random angJe=and intercepts (butTARGETS; : " : ! ! ! ! ! ! ['_'q' : ] requJri_ 8 at le_,t one cell kit in each layer.) A given pat-
tem ¢onmsted of both the =imuJsted TVC =mc[ psd latch

OUTPUTS: vslue_ and the target outputs. A back-propagation pro-

gram on & workstation was run on these file= for several
Output Units: millioniteration=. The resultingwci_t fileswere then

trmmferred to the PC emulation program, which r_n more

Hidden Units: slowly than the workstation program but did lt more ge-

Input Units: curate mm ulstion of the chip. The emulation did sevend

.... ,_the emulation weishts were downloaded to the chip and a
Chamber Signals: wcs e_.Do few thousandCIT.iterationswerecarriedout.

5 Pesults
Figure4: Two layerfeedforwatdn_ networkwiththe

propo_iona_ output technique for giving s/ope Lhd inter- Figure 6 shows four cosmic ray tracks in the DO prototype
chamber. The fit track and the neural netwcck t_sck sre

cept of tracks fromds_ chamber siKned=.
compsred. The network wu the distributed output net of
flgmre 3. The sctivations of the 32 intercept neurons end

intercept neuron acts u a 0.625cm bin for the intercept 32 dope neurons s_e z]_ shown, =dons with the fit v=dues
range between 0.0cre xnd 20cm for the cromin8 point in indicted by -f- symbol. In flgtuce=6w-c the bump po_itionJ
the m wire pl_e of the second _ye_ from the top (fig- nu_w.h we]/wi_h the fit parameter=. In figure 5d the_e w_

uze I). The s/ope neuron= repot 50_ bin= between _ sumbiguity wud the net Save & sm_Uet output _t the
-0.8rsd and +0.Brad, where the slope is give u the en- fit v_ue thmx &t the ambiguous track pszs=neter. For the

gle from vertical The track in_rc_-pt and dope are then 3-layer network d_cmmed in _d_. 3 the_ _mbiguou_
given 8= the cent_ of Gaum_i_n bump= acrom 3-4 neurons, occur in 5-10% oi"the events. The exam lay_ hem reduces
In practic_ the _ output i_ foun_ mad _n avera4_ the xmhiguons ca_s to less th_n 0._% of the cosmic ray
over±2 herons _round _he _ i= c_cn_ted, track_.

The advan_ of the _ output _echod shown Fis_s_e= 6s,-b show cEatributions of the inst and

in flKu_e 3 is that the a_ over the outputs msdm_ the slope _dues from the fit _ud L-ore the chip. The zeq_
values le_ sensitive to the _tter in =insle nemmns. Ahm, ' ment of _i_ in-=41 four la_ en_ the v==i_tion= L-om
ss discussed lat_, room ths_ one bump cu indicate moze uniform flzt distzibutions. Figu_ 6c-d show dist_ibution_

than one pomible _ wha tt_ze sre smbisuities, ff of the d_rence_ between fit trer.k _nd NN track pamm-
combined with othe= informa_m, _y_ from s_othe_ detec- etmm for the dis_ibuted netvo_k =zchitecttue. The _/8"

tor, havre8 sddition_l _sformstm,, can be useful in some mu of the Gauuien fits give resolutions of 0.TSmm for the
applicstio_[10]. The d_sad_ of _ch & n_t _dude integer and 12m_'ad for the -lope when compete _o fit
the larse number of output neurons n_cl_ci and the need tr_cks with cki-Klexre of le_ thou oneo For Ml tracks the

r¢=dutions _ure0.gg_m znd l_'s_l, respectively.for s 2hd circuit to cs_ulst_ the a_.
One could have a two outp=ts _hitectu_ where one The pzoportion_[ network show in figure 4 w_ x]_o ira-

neuron hss en sctiv_tion proportion_ to the intezcept nnd plemented in an ETA.NN chip. The I0 outputs for the
the othe_ neuron hu _ctivstion proportioned to the =lope. intercept and the 10 output= for the slope were added off

However, jitt_, due both to electronic variability and to Linerather than sdded by s summing amplifier. Figur_ Ta-
imperfection= in the train/rig of the network, _n/ts the b =how ey,ampl_= of cosmic ray t_scks found _y the off"
preci_on of such a net. To _ke z_vantsSe of the dmplicit7 l;ne fit _nd compsa_l to the network output. The sum
of proport/onsl outputs but to limit the eft.ect of neuron of the intercept and =lope outputs sre illustrated below
jitter, we tried the s=_hitecture shown in lllpste 4 (inspiced esch even_ pattern. The network v=dues sure represented
by _L 11). Here theme are 10 outputs for the _tetcept by the lensth of ho_isont=d bs_ and sr= com_ to the
sm/ I0 for the =lope. The stun of the fu_t I0 outputs fit vedues. Figure 7b shows the response to =usambiguous

is proportion to the inten:ept _i the sum of the second cue. The network split the difference between the two

iii,
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Fisure 5: (s,b,c) Cosmic rs)"events in 4-1syer chamber showing the track fit and the corre-
spondin8 neursl network track. Below each track picture is shown the correspondin8 va/urnof
the outpu_ distributions of the 32 intercept neurons end the 32 slope neurons. Also shown sre
fit values with + siip_z. (d) A case where the neural network chose s diEerent track thsn the
best fit.
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Figure 6: Distributions of (a)intercepts and (b) slopes for both fit _md distributed neura/
network. Distributions oi 4ifferences in *_taad nepa/net (c) intercepts sad (d) slopes, with
a_ussisn fits.
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Figure 7: (a)-(b) Two cosmic ray events with the fit track and the proportions/net (see fig.4)
track. Below each track picture sre shown horizontal bazs proportions/ to sum oi"each set of
10 outputs for intercept a.ud slope, + signs represents fit vaJues. Distributions oi' di_'erences in
fit and neural net are shown for (c) intercepts and (d) slopes, with fits to Gauss/sns.



pomible tracks. Figure 7c-d show distributions of differ- References
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to a station of muon chamber. Where the occupancy rate is [9] C. Brown et sd., Nucl Inel _ Me_h. _ (1989) 331.
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network for many w/z_. The output_ of networks _om [10] C. S. Lindsey and B. Denby, Nucl. Inst. & Math.,
the three ©hunbers of the central muon chamber would _ (1991) 217.
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,dmvle te_i_tor_ ,LI_ in ref_ 14. Such ne_ would be lr_ SysUsm_ fo_High Enersy and Nucle_ Physics, La

cheaper and simpler ths_mthe ETA.NN espy if needed Lo=de Iea M&u_c_, Frm_ce in J_uua_ 1992.

in isrg_ numbers. AI_, the ETANN may be too slow [13] H. H_A_ty, D_c_e_e Component Hardware Nt_for _ome applle_fions whete_ these nets could perform in
N_ for Drift Chamsber Tm_ Finder, submitted tomuch leu ths_ a miczoee¢ond. As s prototyping tool one
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