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Generalized Dynamic Models

e Dynamic Models e Generalized Dynamic Linear Models e Sequential Analysis

— West, Harrison, and Migon (1985) introduced the Generalized Dy-

Yilpe ~ p(ps, @), t=1,...,T. (1a)  namic Linear Models: —Let Dy = {y1, ..., Y:} be the information at time £.
g(ﬂt) — Ft(lPl)/Bt (1b) ]/t|77t,§b ~ eXp[qb{]/ﬂ?t _ ﬂ(’?t)}]b(]/t,(l?), t=1,...,T. —In Dynamic Normal Linear Models:
0; = G(y,)0;_1 + wy, w; ~ N(0, W;) (1c) (2a)
N¢|Di—1 ~ CP(ry,5¢) (2b) -
/ v i
where p(Hy, ¢) belongs to the exponential family, u; = E|y;|, ¢ () = F6, (2¢) (et 1‘Dt 1)E ol (Gt‘Dt 1) a(et‘Dt)
denotes other parameters in p(-), and 1, and ¥, are the parameters 0: = Gi6;—1 +wi, w;~ [0, W] (2d)

60| Dy ~ |myg, Co|

where D; denotes the information at £, m; e C; are the first and

second moments of 0;, given D;.

n (2), F; and G; are known, and, given 7;, i; and 0; are indepen-

dent.

—West et al. (1985) proposed a system of recursions that uses the
conjugate feature of the model to approximate sequentially, the pos-
terior distributions of 8;: Conjugate Updating.

in F; and G;.0; are the state parameters and are related through

time via (1c), the system equation. —In Dynamic Generalized Linear Models:

e Inference on 0

. (0¢—1|Dy—1)=° (Bt\Dt 1) (0¢| Dy)

I
(’7t|Dt 1) =P (1| Dy)

—MCMC: Sampling from the posterior of 8; can be complicated.

Gamerman (1998),

— Metropolis-Hastings: Geweke and Tanizaki

(2001), etc.

Conjugate Updating Backward Sampling (CUBS)

e MCMC+CUBS

e CUBS approximation

Example: Dynamic Gamma Model

—Let D; be the information at . Let ® = 1.Set t =1

(¥, )

1. Initialization: set initial values 67, l[J(O) and 1 = 1;

— The full conditional distribution of 8 = (01,...,07) is: > Sample " ssing GUBS. 2. Compute 11; and ,Ct : |
T—1 (a) Compute the prior moments of 8; and g(7;), using the model:
p(0|Y,®) «x p(07|D1, D) P(Gtwtﬂl Dy, Cbl (a) Compute the moments of p(60;| Dy, l[J(i_l)), m) e CW).
t=1 " Smoothing density with the Conjugate Updating; 0:|D;-1 ~ |ai, Ry] : a; = Gymy—1, Ry = GC;—1G; + W,
« p(0r|D1, D) T p(0:11 | 6;, Dy, D) E(Gt | D;, ®) (b)Sample 0" with the Backward Sampling (Frihwirth-Schnater, §(ne)|Di—1 ~ [f1 gt - ft Fia,  q: = FR,F,
=1 Filtoring density 1994). (b) Compute the moments of the conjugate prior for ¢ (77;):

i. Sample 07 from Normal(mgri), Cgfi))

— The moments of the filtering distributions are approximated by:

i. Sample 07,t =T —1,...,1, from p(6;|0}, 1, p\~V) VEFE’W;I]B —1} — lolg(;rt _17)’(& +1) = fi
. ar 1| = 7Y (st + —
p(6: | Dy, @) o p(6 | D1, @)p(Y: | 8:, D) (c) Set 0') = 6" with probability p; and 8') = ) with SUIITEZ = = 7 e "
n /P(et | 1, Di—1, @) p(7e | Dy, ) (Yt | 16, D) diys probability 1 — py, where p; = min(1, A) and A is (c) Compute the posterior moments of g(77;):
Conjugate analysis the acceptance rate of the Metropolis-Hastings:
> /P(Bt | 17t, Di—1, @) p(n¢ | Dy, ey = [my, Ci] ( \ Elg(1:)|Dt| = log(r: + ¢ye) —v(si +¢+1) = f
Linear Bayes A —m w(ﬂ*) o 7'((9*) Var[g(m)\Dt] — ")//(St -+ gb -+ 1) — q;k
m; — E[Gt ‘ Dt/q)] = miny 1, w(B) ) w(B ) — 6](9*), _ |
. \ ) (d) Compute the posterior moments of 8y, 6;|D; ~ |m;, C;|:
— E_E{et ‘ t, Dt—l} | Dt/q)}  q
PN 3. Sample ') using, in general, a Metropolis-Hastings step : g t Fe(fe — fi R
— V[E{Ht | 171, Dy—1} | Dt,CD] ple | 19 P 95 SIEP e 4
+ E [V{Ht | Nt D; 1} | Dy, CID] 4. Sample qb(l) using, in general, a Metropolis-Hastings step; 3.Sett =t+1andreturnto2ift < T;
4. Sample 01 from N (mr, Cr);
5. Update: Set 71 = 7 + 1 and return to 2 until convergence. 5.Sett = T — 1, sample 0; from p(0; | 0;.1, D;,0) = N(mS, C;);

6.Sett =t —T1andreturnto5ift > 1;

Monte Carlo Study
e A Simulation Study ¢ Results e . — T
1215TET| TR T ﬁ?ﬁﬁ | EFEETET
We generated data from a first order dynamic Poisson model.: QMHH+ ' “H* L “E+ - o
Yt ™~ POBSO”(At)/ b= 1’ Tt I (33') Table 1: Root mean square error (RMS), acceptance rate and time (in seconds) for T = 50 N I : B L HT 26: } g* g
log(A:) = 6 (3b) o L L oI - i
. RMSY RMSQ Acceptance rate Time(sec) L1V VoV VI L0 1 vVoVIE VI L0 VvV VI L0V VoV VI
= ~ W
Qt Gt_l ™ We W N(O' ) (SC) Scheme mean sd mean sd mean sd (s o) f— 145 ¢ — 205 oW
0o ~ N (mg, Cp). (3d) | 1.2525 0.1095 0.2366 0.0361 42.6297 — 280.3062 @ = b= © F= )
Il 1.2766 0.1169 0.2342 0.0263 33.5253 7.1575 214.9814 | S
" 19599 0.1107 0.2492 0.0513 97.2529 12987 629.0840 Figure 2: Box plots of the (log)inefficiencies of 6;,t = 5,145,195 and W, for T = 300.
—Prior: IG(1e — 03,1e — 03), for W and N(0, 1e 4 03), for 6. IV 1.2443 0.1148 0.2583 0.0200 98.1449 0.6814 120.7988
V. 1.3155 0.1322 0.2376 0.0345 51.4230 4.5316 89.0456 e Final Remarks
—We used (3), with 8 = 0.50 and W = 0.01, to generate 300 VI 1.2403 0.1137 0.2611 0.0280 37.7968 6.3019 248.2544 W cwed 1h o of D G e L Mod
. . . . | — We reviewed the seminal work o namic GGeneralized Linear Mod-
artificial time series of different sizes, T = (50, 100, 300)_ VIl 1.2365 0.1109 0.2596 0.0303 44.6136 5.8161 219.6554 y | .
els of West et al. (1985) and showed that their proposed algorithm
e Comparing 7 different sampling schemes can be used with satisfactory results, to construct a proposal den-
= T =T E—— S sity in a Metropolis-Hastings step to sample in block, all the state
: : : <] + = T = < = - = <{ _E T S5 “l b LT T T T _
l. Conjugate Updatlng and Backward Sampllng (CUBS)Z Multimove sampling. N ?TE*E? T TET?? R TE ! ?+ o E 5 *EEE parameters of a dynam|c model.
ll. Conjugate Updating - Single move: The proposal is a Normal density with mean $ H E* | iNH i - ' VE B VE 5 BE+ - ’ — We performed an extensive comparison between our proposal and
and variance based on the smoothed moments of the Conjugate Updating at time {. - i ; Eﬂf * H ST _i M + T other preViOUS|y established and noted that CUBS is much Simpler
. . e L i S to implement and the results are quite satisfactory.
"I From Gamerman (1998) - S”‘]gle mOVe, Samp“ng from the System L0 v VoV VI v VoV VI v VoV VI L0 v vV VI p q y h
. — rren i fr rchis th lication of th m
disturbances: The proposal is obtained from an adjusted normal dynamic linear model but (@ t =05 (b) t =25 (c) t =45 (d) W One of our current topics of research is the application of the scheme

. . . proposed to make inference in k-parameters distributions.
re-parametrizated in terms of the system disturbances.

Figure 1: Box plots of the (log)inefficiencies of 6;, t = 5,25,45 and W, for T = 50.

IV. From Gamerman (1998) - Single move, sampling from the state pa-

rameters: Proposal obtained from an adjusted normal dynamic linear model.
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