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Motivation

DCMs in the era of big data

® Developing DCMs is time-consuming.
® Ever-larger datasets:

® “Wider" data— more variables;
® “Taller” data— more observations.

® Two distinct problems: specification and estimation.
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Motivation

DCMs in the era of big data

® Developing DCMs is time-consuming.
® Ever-larger datasets:

® “Wider" data— more variables;
® “Taller” data— more observations.

® Two distinct problems: specification and estimation.

Speeding up model estimation

® QOptimization methods scale poorly with dataset size.

® Solution: consider fewer observations!
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Intuition

Maximum likelihood estimation (MLE)

® Let N ={(xp,in):n=1,...,N} bea
choice dataset.

® |og likelihood function:

N
‘C(e) = Z log P(in | Xn, 0)

e Computational time is linear in .
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Previous work

Intuition
Maximum likelihood estimation (MLE) Factoring-out redundancy
o Let N ={(xn,in):n=1,...,N} bea ® Suppose that some observations in A/
choice dataset. are identical.

® |og likelihood function: ® For G < N unique observations:

N G

L(6) = log P(in| x; 0). L(6) = N, log P(ig | xg: 0).

n=1 g=1

e Computational time is linear in . ® Evaluation takes z% less time!
V. y
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o Let N ={(xn,in):n=1,...,N} bea ® Suppose that some observations in A/
choice dataset. are identical.

® |og likelihood function: ® For G < N unique observations:

N G

L(6) = log P(in| x; 0). L(6) = N, log P(ig | xg: 0).

n=1 g=1

e Computational time is linear in . ® Evaluation takes z% less time!
V. y

= Extend factorization to “nearly identical”’ observations!
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Resampling estimation of DCMS (ortelii et ar, 20241

Toy dataset

® 2 alternatives.
® 2 expl. variables.
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@ Normalization.
@ "Bucketing” (width w)
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Previous work

Resampling estimation of DCMS (ortelii et ar, 20241

Toy dataset

® 2 alternatives.
® 2 expl. variables.

Procedure

I .

@ Normalization.

@ "Bucketing” (width w)
© Sampling.

@ Weighting.

@ Rescaling.

Weighted log likelihood

I A\

G
5(9) = Z Ny log P(ig|xg; 0)

g=1

V.
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_ Tstregorslpoitmsfor MLE
Adaptive resampling

Main idea
® Embed resampling within the model estimation process.
® Generate weighted batches for stochastic optimization.

® Start small and increase batch size dynamically.

w=1
«® Co
— o 0
P
[ ]
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Basic trust-region (BTR)

Trust region By
® Define By = {6 € R" | [|0 — 0k < di} around iterate 6.
® Within By, use a model function m(0) as a local approximation of £(8).
® Find a step s, that maximizes my(6x+sk) in Bk.
® Adjust di after each step.
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Basic trust-region (BTR)

Trust region By
® Define By = {6 € R" | [|0 — 0k < di} around iterate 6.
e Within By, use a model function my(6) as a local approximation of £(6).
® Find a step s, that maximizes my(6x+sk) in Bk.
® Adjust di after each step.

Model function m(6)
® Quadratic formulation.
® mi(0k) = L(6k)
o mi(Ok+sk) = L(0k) + (VL(Ok), sk) + 2 (s, V2L(Ok)sk)
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Basic trust-region (BTR)

N. Ortelli, M. de Lapparent, M. Bierl

find s, ||sk|| < dk so as to maximize
mi(O+sk) = L(0k) + (VL(OK), sk} + 5 (sk, V2L(O)sk)

{

Pk
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Conditional trust-region (CTR)

Main idea
® £(0), VL(#) and V2L(H) are computationally expensive.
* Replace them with approximations £(8), VL(#) and V2£(8)!

N. Ortelli, M. de Lapparent, M. Bierlaire A conditional trust-region algorithm for the estimation of DCMs 15" workshop on DCMs, 6-8 June 2024 12 /20



Conditional trust-region (CTR)

Main idea
® £(0), VL(#) and V2L(H) are computationally expensive.
* Replace them with approximations £(8), VL(#) and V2£(8)!

Procedure

e Start with a (very) small sample.
® After a failed iteration:

° If E:(é)k) and L£(0) agree, decrease trust-region radius di1.
® If £(0«) and L(6k) disagree, decrease w41 to increase sample size;
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Basic trust-region (BTR)

find s, ||sk|| < dk so as to maximize
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Trust-region algorithms for MLE

Conditional trust-region (CTR)

mic(Ok+sk) = Li(0k) +

find s, ||sk|| < dk so as to maximize
(VL(0k)s sk) + 5 (s, V2Li(0k)sk)

{
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Experimental design

LPMC data [Hillel et al.,, 2018]
® Mode choice.
® 4 alternatives: walk, cycle, drive, public transport.

® 81k observations.
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Experimental design

Models
® 10 expl. variables. ® 26 expl. variables. ® 31 expl. variables.
® 13 parameters. ® 53 parameters. ® 100 parameters.
® 10 expl. variables. ® 26 expl. variables. ® 31 expl. variables.
® 14 parameters. ® 54 parameters. ® 101 parameters.
v v
[ CossM |
® 10 expl. variables. ® 26 expl. variables. ® 31 expl. variables.
® 15 parameters. ® 55 parameters. ) ® 102 parameters.
v
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Preliminary results
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Experiments

Preliminary results

Logit-S Logit-M Logit-L
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Conclusion

Summary

® Stochastic trust-region method for DCMs.

® Substantial savings for relatively complex model formulations.

® Importance of starting small.
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Conclusion

Summary

® Stochastic trust-region method for DCMs.

® Substantial savings for relatively complex model formulations.

® Importance of starting small.

Future work
® Test more complex model formulations.
® Approximate the Hessian using BFGS.

® Extend to Monte Carlo simulation.
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