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#1: Is it new?

This paper w/ why =1 and y; = k + why:
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b>-b

where u(c) is CRRA w/ IES o > 0
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where u(c) is CRRA w/ IES o > 0 where u(c) is log (o0 — 1)

Both predict a “mobility Euler equation” that holds even if borrowing constrained (b = —b):
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Bu’(c3)  p'(€¥)

2/9



#1: Is it new?

5l
Yo
‘ Yoly,. $U(2))
e B | }
1 Yo(2) 1
s 1 1
: 2 ‘ PRI Tk
B Unconstrained Constrained M Unconstrained ] Constrained
(a) Allocation of skills to cities (b) Allocation of initial income to cities
for a given a, constrained sort into lower £ of constrained in /, lowest y; has highest a

3/9



#1: Is it new?

Yoly,. 8Y2))

I |
1 Yo(2)
. : ‘ z 5 iz : Z
B Unconstrained Constrained M Unconstrained ] Constrained
(a) Allocation of skills to cities (b) Allocation of initial income to cities
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this paper’s main prediction: of constrained w/ y1, highest a sorts to lowest £ iff o < 1
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Consider CRRA w/ IES o > 0 and y2 > 0

Use mobility Euler equation of constrained agent to characterize 9¢*(y1,y2,0a)/0a. ..

W (y1 +b—p(£))p' (") = u'(y2 + £*a — Rb)a
MC of £ MB of ¢

... but notice that MCy is independent of a — just need to consider MBy:

or*
Oa

1
>0 <— ysz+(1U)Z*a>O

Now sorting pattern depends on rel. size of non-labor income (e.g., welfare programs)
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Huggett, Ventura, and Yaron (2011) in space*
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constrained agents can use both £ and s to smooth consumption

mobility Euler equation + learning Euler equation, even if constrained:

whi ™ (y1,y2,a) = ap’ (€ (y1,y2,a))€" (y1,Y2,a)

if prices are convex (what B&R-H show), then s™(y1,y2, a) is strictly 7 in £*(y1,y2,a)

should also consider sorting by 21 — when can h; PAM but a NAM simultaneously?

e ...in the extended AKM + quantitative model

Y = (Pe(i,j)0:) — 1 s, Yh = o ) aisgih;

age exponent §; captures endogenous response of s (y1,y2, a)
a; is partly capturing heterogeneity in 7. ..
... but De la Roca and Puga (2017) already did this @D
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Is it exogenous? | don't think so...

both w(£:) and 1 (£:) are treated as exogenous parameters

but standard static agglomeration forces endogenize w(£:). ..

...and Crews (2024) introduced "vibrancy” H, to endogenize v (€;):
Ah = s*hPH, ™"

e ongoing work: “Skills, sorting, and optimal dynamic spatial policy”
e consider planning problem in QSM w/ life-cycle wage growth + borrowing constraints
e decentralize constrained efficient allocation with combination of. ..

1. “body tax” for an agent’s contribution to net congestion

2. “brain subsidy” for an agent's contribution to dynamic spillovers
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A nice quantitative model of location as an asset w/ great panel data from Spain

[y

sharpen distinction vs. Bilal and Rossi-Hansberg (2021) w/ general sorting condition
2. marshal stronger evidence for sorting of constrained high-a agents to low-£ locations

3. clarify implications of non-standard empirical specification for learning technology
4

. discuss endogeneity of w(£:) and ¥ (£¢) in policy counterfactuals
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sharpen distinction vs. Bilal and Rossi-Hansberg (2021) w/ general sorting condition
2. marshal stronger evidence for sorting of constrained high-a agents to low-£ locations

3. clarify implications of non-standard empirical specification for learning technology
4

. discuss endogeneity of w(£:) and ¥ (£¢) in policy counterfactuals

Thanks!
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Appendix




Households maximize lifetime utility with a discount factor given by 8 < 1. For sim-
plicity, we specify the period utility function as u(c) = log c but virtually all our results go
through for any concave utility function that satisfies Inada conditions. The problem of a
household is then to choose consumption in each period, purchases of the risk-free bond,
and location in period 1, to solve

V (¥, y1,5) = max loge, + Bloge
€(5C1,a,2

s.t. o+ a+q(z) =y, )
a=2zs+y +Ra,

a>a.



just interact worker FE w/ city-specific slope

ium,
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