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A Conditional likelihoods

A.1 Channel 7 conditional likelihood at time ¢

Let i’ C {1,..., N} index the neighboring channels upon which channel i is conditioned. The conditional

likelihood of observation ygi) under AR model k given the other observations yﬁil) at time t is

p (s0150. 580, A = k2 2 {aik A) = N (073700, 57) (1)
for
= s 2
A.2 Channel ¢ conditional marginal likelihood over t =1,...,T

The sum-product algorithm can be used to produce the conditional likelihood of channel i’s observations

over all ¢t = 1,...,7T, marginalizing over the exponentially many state sequences ziz)T Let ¢, € RE “ be
a vector defining the forward messages for this channel at time t. Element k in this vector gives the joint

probability of the observations from the first ¢ time points and the state zt(i) =k,

Ept = (ylet _k‘}ﬁtyzgtvzlty{ak} {Az})
fkt =D (yigz) |yti (Z) =k Zt Zl:t7 {ak}7 {Al}) :
Zp (ylt 1 |Y1t 1’Zt( =k let) 1,let_1,{ak},{Al})p (Z]Ei) = k|2§i)1 = k’)p <Z’£l—)1 = k/)

& (yt)ly A0 =k, Z,, 2 {an}, {A) )ng,t v (a7 = k120 = k).

In the above, we omit the dependence on yt ) for notational simplicity.

Ifu, € RE defines the (conditional) likelihood vector of ylg ) under each of the K possible states
(following from Eq. (1)), these forward messages can be written compactly in vector notation as

& =uo0 (%(i)Tgt—l)

with _

§i=uwo %E)Z)
where we let 77" € REYXKY 1o a matrix of the positive channel state transition probabilities in (), which
is a function of £ and 1. The total conditional likelihood of the sequence of channel i observations given

the states of the other channels i’ and the event states is thus
(yl V1. Tvzg 7)’7Z1 .89, 00 {a,}, {Az}> - kaT
%
(i) = 177 (3)

A.3 Conditional event likelihood

Let z; denote the vector of N states at time ¢. Since the space of z; is exponentially large, we cannot
integrate it out to compute the marginal conditional likelihood of the data given the event state sequence



Zy1.7 (and model parameters). Instead, we consider the conditional likelihood of an observation at time ¢
given channel states z; and event state Z;:

p(Yt | ?h 2y, Zt, {ak}’ {Al}) = N(yt; Azt?t7 AZt)' (4)

We integrate over the event states Z;.7 via the sum-product algorithm to yield the conditional event likeli-
hood, given only the channel states. Let ¢, = [C1¢, - - -, (1] describe the vector of forward messages at time
t for L possible event states with elements

Gt =P (Y14 Zt = U] 21, {an }, {Ar})
=p(y:lze, Ze =, {ak}7 {Al}) :

ZP Vi |z, Zea =V A{a, {A) p (Ze = 1| Zia = V) p(Zia = 1)
l/

Gt = p(Yt |Ztvzt =1, {ak}7 {Al}) ZClt—l 'p(Zt =1 | Ly_1 = l/)~ (5)
l/

Again, we omit {’t above for notational simplicity.
If v € RE denotes the conditional likelihood vector of y, under each of the L possible event states
(following from Eq. (4)), these forward messages can be written compactly in vector notation as

Cr=vio (¢TCt71) (6)

with ¢; = vi 0 ¢g9. The matrix ¢ € RE*L gives the event state transition probabilities. The conditional
likelihood of the entire event given the channel states is thus

p(ylzT | z1.T, P, {ak}v {Al}) = ZCIT
l

Uyy.r) = 1TCT- (7)

B Details of posterior computation

B.1 Sampling individual channel variables

We sample the active features, state sequences, and transition parameters for each channel 1.

B.1.1 Channel active features, £

We briefly describe the active feature sampling scheme given in detail by Fox et al. (2009). Recall that for
our HIW-spatial BP-AR-HMM, we need to condition on neighboring channel state sequences zgl% and event

state sequences Z1.7. Sampling the feature indicators f () for channel i via the Indian buffet process (IBP)
involves considering those features shared by other channels and those unique to channel :. We denote the
set of shared features across channels not including those specific to channel i as S=* C {1,..., K} and the
set of unique features for channel i as U* C {1,...,K}/S".

Shared features The posterior for each shared feature k € S~* for channel 7 is given by
p (‘fk('l) | yg“T’ y(llﬂ)” zglﬂ)“v Zy.r, Fi k’ n(i)a {ak}v {Al}’ a) x
p (A 1F ) p (v Iy 2 Zar 80,0 {auh, {A) . (8)

The IBP implies that that p (f,gl) |F7ik,o¢> = m,:i/N, where m,;i denotes the number of other channels
that use feature k. The likelihood term in Eq. (8) follows from Eq. (3). We use this posterior to formulate a



Metropolis-Hastings proposal that flips the current indicator value flgi) to its complement flgl) with probability

P 1HD),

(i) _ {f/gi)7 W.p. P(f;gi) |f;£i)) )

f 7 (7 7
* @ . 1= p(F0 ] £

where

p (7 1040 vi2. 200, Zir B ) {ag ), (A o)

p (f]il) | y:EZT’ y(llj)‘7 Zgl’])“v Zl:T; Fi,ka "7(1)7 {ak}a {Al}7 a)

Unique features We either propose a new feature or remove a unique feature for channel 7 using a birth
and death reversible jump MCMC sampler (see Fox et al. (2009) for details). We denote the number of unique

features for channel i as n; = [U*|. We define the vector of shared feature indicators as f" @ = f;,)l pegy and
that for unique feature indicators as f O — ¢ ECZ')I eyt » which together [fX © £y % | define the full feature indicator

vector £ for channel 1. Similarly, asr and n +) describe the model dynamlcs and transition parameters

associated with these unique features. We propose a new unique feature vector f | and corresponding model
dynamics a’; and transition parameters 7', (sampled from their priors in the case of feature birth) with a
proposal distribution of

p(f' a+,n+|f+7a(+),n(+))=p(f'+\f$)) ( + £, +,a$)) ( + £ f”ﬂ?@) (10)

A new unique feature is proposed with probability 0.5 and each existing unique feature is removed with
probability 0.5/n;. This proposal is accepted with probability

p (f’+7a’+,n'+ £ 7a$),n$))

(yl | y1 T, 1 T [f( 0 g Yim »77/4.7 {ax}, {Al}) Poisson (n; |a/N) p (fﬁ) \fg_)
<y1 7| y1 T’ 1 T [f(l) f(i J,n®, {ax}, {Al}) Poisson (n; | a/N) p (fl+ | fsi?)

(11)

The likelihood terms again follow from Eq. (3).

B.1.2 Channel state sequence, zi)T

We sample the state sequence ZY,)T for all the time points of channel ¢, given that channel’s feature-constrained
transition distributions (), the state parameters {ay}, the observations y%q, and the event’s other obser-

() ()

vations y;.; and current states zgl% The joint probability of the state sequence z;.7. is given by

p (=47 [l vl 212, 600 fac) (A1) =

T
( ()|y1 ,yl gl)af(Z)vn(Z)a{ak}v{Al}>H ( )|ytTay§ljz,Z§ )1»ZtT7f( )ﬂl(z {ak} {Al}) (12)
t=2

Again following the sum-product algorithm, we compute a vector 1, € RX “ of backward messages from
time point t +1 to ¢, where each element 1)y, + is proportional to the likelihood of future observations yt(QLT

given zt =k at time ¢,

Vit o<p(yt+1T|yt+1 TRy = =k Z§1+1 T 21 7, f 777( {ak} {Al})



As before, u; € R¥ “ defines the likelihood vector of yt(i) under each of the K possible states (following
from Eq. (1)), so the backward message recursion can be written efficiently as

P, o T (Wppr 01y 1)

The conditional probability of zt(i) is given by
\T
p (o 19y 200 Zir, 8,9, 00, {au}, {AL}) = Mul (<’~’i2> ) owe %) .y
t—1

B.1.3 Channel transition parameters, n*

Following the correction described by Hughes et al. (2012), the posterior for the transition variable 77( k) is

given by
(D)l +vet+65 kme—1 n'Y)
()" 2 e'lik
pOrfy | 240 £17) o =2 —, (14)

Q)
Zk}’ | f,ii)zl T]jk/

where nyk) denotes the number of times channel ¢ transitions from state j to state k. We can sample from
this posterior via two auxiliary variables,

ﬁ;l) ~ Dir(r)/c + Kc€j + nj)
CJ@ ~ Gamma(K~. + K, 1)
_ @) =(0)
=C;'n;". (15)
B.2 Channel state dynamic parameters

Recall that our prior on the autoregressive coefficients a; is a multivariate normal with zero mean and
covariance X,

p(ag|Xo) = N(ay; 0,%0)

1 _
log p(ag|Xo) x fiafzo lay,. (16)

From Eq. (4) the conditional event likelihood given the channel states z1.7 and the event states Zy.r is

p(yl:T |Z1:T;Z1:T7{ak}7{Al}) N(Yt;AZt?aAZt)

':]ﬂ

o~
Il

1

T
log p(y 1.7 | 217, Zir, {an}, {A) o< =5 D (v, — A Y) AL} (v, — Az, Y0). (17)

t=1

w\»—A

The product of these prior and likelihood terms is the joint distribution over a; and y;.7,

T

1 o 1 I -
log p(ak, y1.7 | 211, Z1.1, {@k bk, {A1}) o —§a520 lay, — 3 Dy — ALY ) ALy, — AL YY) (18)

t=1

We take a brief tangent to prove a useful identity,



Lemma B.1. Let the column vector x € R™ and the symmetric matric A € S™*™ be defined as

|y | B C
x—[z] and A_[C’TD]’

wherey € RP, z € R?, Be SP*P, D € ST, C € RP*Y and m = p+q. Then
xTAx = y"By + 2" Dz + 2y” Cz. (19)
Proof.

a8 52

By + Cz
SR

=y'By+y'Cz+2"CTy + 2" Dz
=y "By +2"Dz +2y"Cz
O

Note that this identity also holds for any permutation p applied to the rows of x and the rows and
columns of A. We now can manipulate the likelihood term of Eq. (18) into a form that separates aj; from

aj 2. Suppose that k' denoteb the indices of the N channels where zt(i) =kand k= = {1,...,N}/k*"
denotes those for whom z; (@) # k. Furthermore, we use the superscrlpt indexing on these two sets of indices
to select the corresponding portions of the y, vector and the A,,, YT, and A Zl matrices. We start by
decomposing the likelihood term into three parts,

(ye — Azt?t)TAZ (ye — Azt?t) =
okt ok _ ~ (kT kT
R e S Y N
~ (kT kT T _ - - k™ .k~
2 <y§k+) — ATy, )) A, D (ygk ) ARy, )> +
- S -k~ - -k o (kT k)
R Il € R R (R B CY
which we then insert into our previous expression (Eq. (18)) for the joint distribution of a; and y;.p,
L rg-1
logp(aka YiT | Z1.T, Zl:T7 {ak/}k/?ﬁk’ {Al}) X _iak' EO Ak —
1 i) g ) BRI  aet g I
22{( AlTRY ) A [y Ay +

et N\ T B B .
2 (yEkJr) _A;1:+,k+)yik X )) Agtl(kﬂk )(ygk )—A;{j X )Yik Xk )> .

T
- v~ (kT kT (k= k- - k™ .k~
<y§k ) ARy, )) A )(yE“ ) ARy, ’)}



Conditioning on y,.; allows us to absorb the third term of the sum into the proportionality, and after
~ (kT ,kT
replacing A;lf’kﬂY( e with a more explicit expression, we have

1 _
log p(a |y 1.7 2175 Z1.1s {@n brerzn, {A1}) o fia;‘CZO la,—

1 (k*) (k+ (K |k+\) r g —l(k+ k+) (k+) ~(k+ _(k ‘kJr‘) T
52 | “|ye ap | Ay Ye T |V | |y a | +
t=1
T
GBI P SCH) g “1kt k) (L (xT) (k= k)oK K)
2{y: — | ¥ | 1y, ak Azt Y _Azt . , (22)

which we can further expand to yield

1 _
logp(ak | yl:T Z.T, Zl:T7 {ak/}k/?ék? {Al}) S8 7532:20 1ak’7
+) + 1t + (k) ( ) + )t (k) ( ) T
Kk ALK K Kk + —1(kt k +
5 ) o ) (5 e (5 )
&N -1kt k) (k) e
Q(Yt ) AZt 7 { EERP - l] Ak -

T
k) A —1(kT k™ k™ -k )SE&TKT)
ST {HE A (v O )
t=1

(et (k ) 1 (kt k- - — ey ~(k7 k)
( [ Dy |t"‘+])AZS“‘ "”(yi“’A;‘: xy! )} (23)

Absorbing more terms unrelated to a; into the proportionality, we have

1 _
log p(a | y1.7.21.7, Z1.7, {@w bk, {A1}) o< —iazEO la,—

T
1 K (kL) 1t Kt (ot (kL)
22{( [ ~( )| | |k+]>AZ3( )<[ )| | tlk+:| ak>_
N a1 ach) [[etery,  <Eh]”
2(yt ) Ay, yi |y ag | o —

T
~(kF (k) 1kt k- - kKT k)
S L= ([0 ) a0 (v At ) e

t=1

which after some rearranging gives

logp(ak | y1.7,21:7, Z1.1, {ak/}k’;ﬁka {A}) x

T
G0 \k+| A1 ae) [ooh)y e Ker)
Xo +Z | Z Y ""|Yt ap+

t=1

T
Z k ) k.01 _ _ ek ke
{ [ k+)| \k+\ ] AZtl(k‘*',k‘*') (y§k+)) n [ (kT )| 3, Ikt ] AZt1(k+,k )(yﬁk )—AQ: k )Yik k ))}

(25)



Before completing the square, we will find it useful to introduce a bit more notation to simplify the expression,

ah [y ) e ~ )y
0 _ {ygkl)lmyt m] and €)= yk) ALK )YE )’ (26)

yielding

log p(ak | y1.7.21:7, Z1.7s {@k b, {A1}) o

T

1 _ (kt _ _ +

~5af {201 + 3 YA Dy )} ap+
t=1

T
k

T
— (kT _1(kt+ kT + C1(kt k— -
a {ZYE B >)}. (27)

t=1

We desire an expression in the form —3 (a — p;,) T2} ! (a, — ) for unknown g1, and ;' so that it conforms

to the multivariate normal density with mean g, and precision E,;l. We already have our E,;l value from
the quadratic term above,

T
— (kT _ +
Sl =gt 4 S VAR T, (28)
t=1

which allows us to solve the cross-term for p:

T

1 _ (k1) —1(kt k1) (kt 1kt k™) (x~

_5(_2#52% 1ak) = af (Z Y, (Azt( )yi(f ) + AZt( )eg )+)>
t=1

T

_ (kT —1(kT k") (kT —1(kt k™) (k™

St = DOV (A a0 (29)
t=1

(30)

We can pull the final required f% ufE,;l ;. term from the proportionality and thus complete the square.
Thus, we have the form of the posterior for ag,

2
:N(ak;ukuzk)u (31)

1 _
p@ak | y1.7,217, Z1.7, { @k b2k, {A1}) o< exp (-(ak — ) 5 (g — M))

where
1 1 d SkT) \ —1(kt kN ST (k")
S =gt )Y Ay
t=1

T
_ — (Kt R + 1kt k- -
St = DOV (A AL D), (32)

t=1

B.3 Event variables

We first sample the event state sequence Zp.7 and then its state transition parameters ¢.



B.3.1 Event state sequence, 7.1
The mechanics of sampling the event state sequence Z.p directly parallel those of sampling the individual

channel state sequences zY)T The joint probability of the event state sequence is given by

p(ZI:T | Yir:21.T, ¢)7 {ak}7 {Al}) =

p(Zl |y1a z1, @, {ak}v {Al}) Zp(Zt |yt:T7Zt:T7 Zi-1, @, {ak}’ {Al}) (33)

T
t=2

We again follow the sum-product algorithm, using a vector 1, € RY of backward messages from time point
t + 1 to ¢t with each element proportional to the likelihood of future observations y,, .7 given Z; =1,

Uit X p(Yirr.r | Zerrr, Ze = 1, {ar}, {A}), (34)

which we compactly represent in vector notation,

hy X P(Vip1 0 ¢t+1)7 (35)

with v; € R” now representing the conditional event likelihoods under the L possible event states (following
from Eq. (4)).
B.3.2 Event transition parameters, ¢

The event state transition parameters ¢ = [¢|---|¢,]T parallel 7 for individual channels. The main
difference, however, is that we assume all possible event states are available to each event, whereas individual
channels are constrained by the beta process to only use particular states. The Dirichlet posterior for ¢
simply involves transition counts n; € R* from event state [ to all L states,

¢, ~ Dir(aeB + ejke + ny)
B~ Dir(ye/L+ma,...,7/L+ m.L). (36)

The auxiliary variable ;s is defined by

_ {mll', L#1
myy =

my —w;, =1

my = Z 0
T

aeﬁl + Hel( = l/)
0. ~B , =1,...,ny
er(aeﬁl—l—l(l:l’)—l—r " i

. . Pe
w; ~ Binomial | myy, —— | . 37
: < ! pe+Bz(1—pe)) 37)

B.4 Event state covariance parameters
B.4.1 Event state covariances, 4,

In the most straightforward formulation of the Gaussian graphical model (Dawid & Lauritzen, 1993), a set
of variables and their conditional independencies—described by the vertices V' and edges F, respectively—is
decomposed into an ordered series of prime components (Pi, Ps,...,Pg) of the graph G = (V, E). Each
prime component F; is connected by a set of separating variables S;, where S; = P; U P; for some j < i.
While interesting techniques for inferring the vertices to produce both decomposable and nondecomposible
graph structures exist (Jones et al., 2005; Wang et al., 2011), in this work we assume that the vertex structure



is known. Specifically, we define the conditional independencies based on the spatial adjacencies of the iEEG
channels, with a few exceptions to make the graphical model fully decomposable.
The sufficient statistics associated with the event states stem from the event innovations at time t,

€=y, — A, Y, (38)
For each event state [, we have

bp="bo+[{t|Z, =1}[ and D;= Do+ Z €€l (39)
t] Zo=l

which we then use to sample from the hyper-inverse Wishart posterior for that state,
A ~ HIW¢g(by, Dy). (40)

Details on how to efficiently sample from a HIW distribution are provided in (Carvalho et al., 2007).

B.5 Hyperparameters

We sample the various hyperparameters of the model as well. For completeness, we include the posteriors
for each below, which follow those described in more detail in Fox et al. (2011, Supplementary Materials)
and Fox et al. (2009).

B.5.1 Sticky HDP-HMM hyperparameters, Y., Q¢, kcy Pe

Instead of sampling «. and k. independently, we instead introduce an additional parameter p. = ke /(e + Ke)
and sample (ae + k) and p, instead, which is simpler than sampling «. and k. independently. Recall that
we are working with a truncated approximation to the DP that involves L discrete atoms.

(e + Ke) We place a Gamma(a, b) prior on (. + k) and use the auxiliary variables {r;}/, and {s;}},
to sample from the posterior,

L L
plae + ke | {ri} ey, {si} ey, ma., . .. ,myg) o< Gamma <a +m. — Z si,b— Zlog(rﬂ) ; (41)
=1 =1

where m.. = ZlLl/:l myp is the sum over auxiliary variables my; defined in Eq. (37), and the auxiliary
variables {r;}%, and {s;}£, are sampled as

r; ~ Beta(la + £+ 1,n.)
s; ~ Ber(n;./(n;. + a + k)).

pe We place a Beta(c,d) prior on p, and use the auxiliary variables {wl.}le to sample from the posterior,

p(pe | {wr.}) x Beta <Z wy. +e,m.. — Zwl. + d) , (42)
] 1

where for w5 ~ Ber(p) over s = 1,...,my, the posterior for w;. is

p(wy. | my, Br, pe) o< Bin(my, pe + Bi(1 — pe)) (43)

10



~e We place a Gamma(a, b) prior 7. and again use auxiliary variables v and ¢ to sample from the posterior,
Ye ~ Gamma (a +L—qb—log v) , (44)
where, recalling again Eq. (37), the auxiliary variables are sampled as
v ~ Beta(y+ 1,m..)
q ~ Ber(m../(y +m..))
L=> 1(m.>0)
1=1

_ L _
and m.. = Zl,l’:l myy .

B.5.2 BP-AR-HMM hyperparameters, 7., k.

We use Metropolis-Hastings steps to propose a new value «.. from gamma distributions with fixed variance

o2 and accept with probability min(r(y. | 7.), 1),

p({m D} |7, 5, F)p(ve |72 )03 e/ o3, )p(Ve | e, 03,)
PUTO} Ve, 5, F)p(ve |92 /02 ve /02 )p(Ve [ Ye, 02,)
(2) / BT v —v—a ,
p ™ C7H7 v ,yC v—r
o (i)} pen o ,) v—v—a °XP (*b(“Vé =) ))’
p({ﬂ' } |’7cv’ivF) F(V )76

where v = 72/ , vV = 7é2/‘73u and we have a Gamma(a,b) prior on .. Recall that the transition

(Ve | ve)

(45)

parameters 7" are independent over 4, and thus their Dirichlet likelihoods multiply. The proposal and
acceptance ratio for k. is similar.

B.5.3 BP hyperparameter, o,

We place a Gamma(a, b) prior on «., which implies a gamma posterior of the form

N
p(a. | F,a,b) o<Gamma(a—|—K+,b+Z(1/i)), (46)

where K denotes the number of unique channel states that are activated in at least one of the channels.

C Simulation experiment

Data We simulated data from six time series in a 2x3 arrangement, with vertices connecting all adjacent
nodes (i.e., two cliques of 4 nodes each). We generated 2000 scalar observations using an first-order AR
process with five channel states—AR coefficients linearly spaced between —0.9 and 0.9—and three event
states with covariances shown in the bottom left of Fig. 1. Channel and event state transition matrices were
set to 0.99 and 0.9, respectively, for a self-transition and uniform between the other states. We generated
channel feature indicators using a a. = 10.

Results We ran the MCMC sampler for 6000 iterations, taking 500 samples after 1000-iteration burn-in
and 10-sample thinning. Fig. 1 shows the generated data and its true states along with the inferred states
and event state covariances for one of the posterior samples. The event state matching is almost perfect, and
the channel state matching is quite good, though we see that the sampler added an additional (yellow) state
in the middle of the first time series when it should have assigned that section to the cyan state. The scale
and structure of the estimated event state covariances match the true covariances quite well. Furthermore,
Table 1 shows how the posterior estimates of the channel state AR coeflicients also center well around the
true values.

11



simulated channel
data and states

event
states

true event
state covariance

estimated event
state covariance

Figure 1: (top left) The six simulated channel time series overlaid on the five true channel states, denoted
by different colors; the three true event states are shown in grayscale in the bar below. (top right) The true
and estimated channel (color) and event (grayscale) states shown below for comparison after 6000 MCMC
iterations. The true (bottom left) and estimated (bottom right) event state innovation covariances.

channel state true a; post. a mean post. a; 95% interval

1 ~0.900 ~0.906 [-0.917, -0.896]
2 -0.450 -0.456 [-0.474, -0.436]
3 0 -0.009 [-0.038, 0.020]
4 0.450 0.445 [0.425, 0.466]
5 0.900 0.902 [0.890, 0.913]

Table 1: The true and estimated values for the channel state coefficients in the simulated dataset.

D Model parameters used

The model parameters used in the simulation experiment and the EEG experiments are given in Tables 2
and 3.

E Seizure offset parsing

Fig. 2 shows the event state parsing at the offset of the same seizure whose onset is shown in Fig. 3 of the
main paper. Though the channel states are intuitive for this offset, we have shown only the event states to
illustrate how well the model is capable of distinguishing subtle transitions in the event dynamics like that
from the first half to the second half of the offset. In this parsing of the transition, we see how the seizure
moves from strong correlations in the spikings of a few channels to a more widespread correlation structure
and synchronized discharge pattern. The automatic identification of brief intervals of synchronized spiking
makes it easy for a clinician to calculate changes in the inter-spike interval, a quantity of clinical importance.
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parameter description value
N number of time series per event 6
r AR model order 1
my a; N prior mean 0
Yo ay N prior covariance 0.1 1141
L truncated number of event states 20
bo A; HIW prior degrees of freedom N+3
Dy A; HIW prior scale (bp — N —1)-(0.05- Inyxn + 0.05)
(e + Ke)o Qe + ke Gamma prior (1,1)
Yeo v Gamma prior (1,1)
Pe0 pe Gamma prior (1,1)
Yeo Y. Gamma prior (1,1)
Keo k. Gamma prior (1000, 1)
Yp Y. Metropolis-Hastings proposal variance 1
Kp ke Metropolis-Hastings proposal variance 100
0o o, Gamma prior (1,1)

Table 2: Parameters used in simulation experiment

F Assessing the utility of the beta process

We explored the benefit of the BP-AR-HMM (both spatial and non-spatial) relative to variants of these
models that are finite Bayesian AR-HMMSs without the feature-based modeling provided by the beta process.
(Note: the finite AR-HMM examined here can be equated with a truncated sticky hierarchical Dirichlet
process HMM, as in Fox et al. (2011). In Fig. 3, we see the improved heldout predictive log-likelihood of
the BP-based models, though the incorporation of the associated feature sampling comes at a significant
computational cost.

References

Carvalho, C. M., Massam, H., and West, M. Simulation of hyper-inverse Wishart distributions in graphical
models. Biometrika, 94(3):647-659, August 2007.

Dawid, A. P. and Lauritzen, S. L. Hyper Markov laws in the statistical analysis of decomposable graphical
models. The Annals of Statistics, 21(3):1272-1317, 1993.

Fox, E. B., Sudderth, E. B, Jordan, M. 1., and Willsky, A. S. Sharing features among dynamical systems
with beta processes. Advances in Neural Information Processing Systems, 22, 2009.

Fox, E. B., Sudderth, E. B., Jordan, M. 1., and Willsky, A. S. A sticky HDP-HMM with application to
speaker diarization. The Annals of Applied Statistics, 5(2A):1020-1056, 2011.

Hughes, M., Fox, E., and Sudderth, E. Effective Split-Merge Monte Carlo Methods for Nonparametric
Models of Sequential Data. In Advances in Neural Information Processing Systems, 2012.

Jones, B., Carvalho, C., Dobra, A., Hans, C., Carter, C., and West, M. Experiments in Stochastic Compu-
tation for High-Dimensional Graphical Models. Statistical Science, 20(4):388-400, November 2005.

Wang, H., Reeson, C., and Carvalho, C.M. Dynamic financial index models: Modeling conditional depen-
dencies via graphs. Bayesian Analysis, 2011.

13



parameter description value

N number of time series per event 16 and 6
T AR model order 5
mg a; N prior mean 0
Yo ay N prior covariance Cov({yt(l)}Wi)
L truncated number of event states 30
bo A; (H)IW prior degrees of freedom N +3
Dy A; (H)IW prior scale (bo =N —=1)-Cov({y;r1 — ¥ }ve)
(e + Ke)o e + ke Gamma prior (1,1)
Yeo ~v. Gamma prior (1,1)
De0 pe Gamma prior (1,1)
Yeo ~v. Gamma prior (1,1)
Ko k. Gamma prior (1000, 1)
Yp Y. Metropolis-Hastings proposal variance 1
Kp ke Metropolis-Hastings proposal variance 100
Qo o, Gamma prior (1,1)

Table 3: Parameters used in epileptic seizures and bursts experiments. When applicable, the same parameters
were used for the standard BP-AR-HMM as in the correlated BP-AR-HMMSs. The analysis of two two seizures
involved 16 iEEG channels, and the analysis of the 15 bursts and single seizure involved 6 iEEG channels.
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Figure 2: A representative sample showing the event state parsing (copied across all EEG channels) of a
seizure by the HIW-spatial BP-AR-HMM model.
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Figure 3: The heldout event log-likelihood of a single MCMC chain over the first 2000 iterations for four
models with two HIW-spatial models and two invovling beta process feature sampling (BP-).
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