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Implementation

True values:

Parameters

RC

11 30 31 L) 613

11.726

2,457 0.0937 0.4475 0.4459 0.0127 MSE

0.975

0.980

0.985

0.990

0.995

MPEC/AMPL
MPEC/MATLAB

NFXP/MATLAB

MPEC/AMPL
MPEC/MATLAB

NEXP/MATLAB

MPEC/AMPL
MPEC/MATLAB

NFXP/MATLAB

MPEC/AMPL
MPEC/MATLAB

NFXP/MATLAB

MPEC/AMPL
MPEC/MATLAB

NFXP/MATLAB

Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.

Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.

Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.

Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.
Mean
Std. dev.

12.212
(1.613)
12.212
(1.613)
12.213
(1.617)

12.134
(1.570)
12.134
(1.570)
12.139
(1.571)

12.013
(1.371)
12.013
(1.371)
12.021
(1.368)

11.830
(1.305)
11.830
(1.305)
11.830
(1.305)

11.819
(1.308)
11.819
(1.308)
11.819
(1.308)

2607 00943 04473 04454 0.0127 3.111
(0.500) (0.0036) (0.0057) (0.0060) (0.0015) -
2607 00943 04473 04454 0.0127 3.111
(0.500) (0.0036) (0.0057) (0.0060) (0.0015) -
2606 0.0943 04473 04445 0.0127 3.123
(0.500) (0.0036) (0.0057) (0.0060) (0.0015) —

2578 00943 04473 04455 0.0127 2.857
(0.458) (0.0037) (0.0057) (0.0060) (0.0015) -
2578 00943 04473 04455 0.0127 2857
(0.458) (0.0037) (0.0057) (0.0060) (0.0015) —
2579 0.0943 04473 04455 0.0127 2.866
(0.459) (0.0037) (0.0057) (0.0060) (0.0015) -

2541 0.0943 04473 04455 0.0127 2.140
(0.413) (0.0037) (0.0057) (0.0060) (0.0015) -
2541 0.0943 04473 04455 00127 2.140
(0.413) (0.0037) (0.0057) (0.0060) (0.0015) -
2544 00943 04473 04455 0.0127 2136
(0.411) (0.0037) (0.0057) (0.0060) (0.0015) -

2486 00943 04473 04455 0.0127 1.880
(0.407) (0.0036) (0.0057) (0.0060) (0.0015) —
2486 00943 04473 04455 0.0127 1.880
(0.407) (0.0036) (0.0057) (0.0060) (0.0015) -
2486 0.0943 04473 04455 0.0127 1.880
(0.407) (0.0036) (0.0057) (0.0060) (0.0015) —

2492 00942 04473 04455 0.0127 1.892
(0.414) (0.0036) (0.0057) (0.0060) (0.0015) -
2492 0.0942 04473 04455 0.0127 1.892
(0.414) (0.0036) (0.0057) (0.0060) (0.0015) —
2492 00942 04473 04455 0.0127 1.892
(0.414) (0.0036) (0.0057) (0.0060) (0.0015) -

4For each B, there are 250 replications. Standard deviations are reported in parentheses. MSE is calculated by
summing over all structural parameters.
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Runs Converged CPUTime  #of Major  # of Func.  # of Contraction

B Implementation (out of 1250 runs) (in sec.) Iter. Eval. Mapping Iter.
0.975 MPEC/AMPL 1240 0.13 12.8 17.6 -
MPEC/MATLAB 1247 7.90 53.0 62.0 -
NFXP 008 24.60 55.9 189.4 134,748
0.980 MPEC/AMPL 1236 0.15 14.5 21.8 -
MPEC/MATLAB 1241 8.10 57.4 70.6 -
NEFXP 1000 27.90 55.0 183.8 162,505
0.985 MPEC/AMPL 1235 0.13 13.2 19.7 -
MPEC/MATLAB 1250 7.50 55.0 62.3 -
NFXP 052 43.20 61.7 2213 265,827
0.990 MPEC/AMPL 1161 0.19 18.3 42.2 -
MPEC/MATLAB 1248 7.50 56.5 65.8 -
NEXP 035 70.10 66.9 253.8 452,347
0.995 MPEC/AMPL 0965 0.14 13.4 21.3 -
MPEC/MATLAB 1246 7.90 59.6 70.7 -
NFXP 050 111.60 58.8 214.7 748,487

4For each B, we use five starting points for each of the 250 replications. CPU time, number of major iterations,
number of function evaluations and number of contraction mapping iterations are the averages for each run.
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Aguirregabiria and Mira(2002)
TABLE 1
MONTE CARLO EXPERIMENT

Experiment design

Model: Bus engine replacement model (Rust)
Parameters: f, = 10.47; 6, = 0.58; B =0.9999
State space: 201 cells

Number observations: 1000

Number replications: 1000

Initial probabilities: Kernel estimates

Monte Carlo distribution of MLE
(In parenthesis, percentages over the true value of the parameter)

by 6

2.08 (19.9%) 0.17 (29.0%)

Median Absolute Error: 1.56 (14.9%) 0.13 (22.7%)
Std. dev. estimator: 2.24 (21.4%) 0.16 (26.9%)

Policy iterations (avg.): 6.2

Mean Absolute Error:

Monte Carlo distribution of PI estimators (relative to MLE)
(All entries are 100* (K-PI statistic-MLE statistic)/MLE statistic)

Estimators
Parameter Statistics 1-PI 2-P1 3-PI
6, Mean AE 4.7% 1.6% 0.3%
Median AE 14.2% 0.2% —-0.3%
Std. dev. 6.8% 1.2% 0.3%
0, Mean AE 18.7% 1.5% 0.2%
Median AE 25.1% 0.7% 0.6%
Std. dev. 11.0% 1.3% 0.2%

HEEEEINTGA—ENADDIGE
(&, NPLIFOfEZ=ELY

-MPECE! [INFPXEEMTH AN,
NPL [ i#/r Z 1iff.

Nesteﬂd Pseudo Likelihood Algorithm (NPL):

Let 6y be an estimate of ;. Start with an initial guess for the conditional
choice probabilities, P € [0, 1]/, At iteration K > 1, apply the following steps:

Step 1: Obtain a new pseudo-likelihood estimate of a, ¥, as

X_ n ) i
(11) a _arglll&xgln‘lf(mgl)(l’ )(a;lx)

where ¥, (P)(alx) is the element (a, x) of ¥,(P).
Step 2: Update P using the ‘arg max’ from step 2, i.e.
(12) P¥ = 'P(ax‘,;f,(P"“)‘

Iterate in K until convergence in P (and «) is reached.
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TR c 0);‘:(’.2 (Tuning Effect)

BEIRE (B, Pair Set g)
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