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Abstract

What are the consequences of early-career skill mismatch for individual wages
and aggregate productivity? To answer this question, I develop a general equi-
librium dynamic Roy model in which workers have imperfect information about
their multidimensional skills and accumulate task-specific human capital on the
job. Estimating the model on Portuguese administrative data, I find that early-
career mismatch driven by information frictions generates a 6.7% loss in aggregate
productivity. Wage losses from mismatch are largest early in the career, but persist
over the lifecycle because of switching costs and imperfect transferability of hu-
man capital. I then study policy counterfactuals aimed at reducing this persistent
mismatch. Reducing switching costs lowers the aggregate cost of mismatch, while
encouraging early-career experimentation increases wages later in life, at the cost
of lower wages initially. Finally, I examine how artificial intelligence affects the cost
of mismatch. I find that while AI raises aggregate output overall, it also increases
the cost of mismatch, raising the aggregate productivity loss from 6.7% to 9.5%.
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1 Introduction

Workers do not possess a single, one-dimensional skill but instead hold a portfolio of skills
whose payoffs depend on the job that employs them. These latent, multidimensional skills help
explain a wide range of labor-market outcomes, including earnings trajectories and occupa-
tional choice (Heckman et al. 2006; Adda and Dustmann 2023). However, workers—especially
early in their careers—may have imperfect information about their skills and may therefore
direct their search towards jobs that do not represent the right match given their compara-
tive advantage (Kiss et al. 2023). A large literature proposes a process of experimentation and
learning-by-doing, in which workers gradually discover where their particular skill mix is most
productive while accumulating imperfectly transferable experience (Miller 1984; James 2012;
Antonovics and Golan 2012; Papageorgiou 2014; Pastorino 2024). Over the life cycle, workers’
comparative advantage may evolve as jobs are an important source of human capital accumu-
lation: workers gain experience along different dimensions, especially when required to per-
form different types of tasks on the job (Gathmann and Schönberg 2010). Learning, imperfectly
transferable human capital, and switching costs interact to create strong path dependence that
prevents a substantial fraction of workers from ever sorting into their ideal career path.

In this paper, I develop and estimate a general equilibrium dynamic Roy model to assess and
quantify the consequences of early-career mismatch for individual labor market outcomes and
aggregate output. In the model, workers have unobserved multidimensional skills and accu-
mulate task-specific experience over time. Skills and experience are complementary inputs in
production and are jointly used to perform tasks. Although workers in each occupation per-
form all tasks, the productivity of each task and the degree of complementarity across tasks
vary across occupations. Workers begin their careers with incomplete information about their
true abilities and gradually refine their beliefs through noisy wage signals. Mismatch there-
fore arises endogenously, as workers sort across occupations based on beliefs rather than true
comparative advantage. Task-specific experience, which accumulates at different rates across
occupations, is also valued differently across jobs. Two key forces drive occupational mobil-
ity in the model: learning about unobserved multidimensional skills and the accumulation of
task-specific human capital. Together, these forces shape both the timing and the direction of
occupational transitions over the life cycle. I estimate the model with ten occupations and two
task-specific skills1, cognitive and manual. Using the estimated model, I show that the model
replicates the main mobility patterns observed in the data. In particular, it matches two well-
established facts, first documented by Groes et al. (2015): the U-shaped pattern of occupational
switching within occupations, whereby workers with low and high match quality are more
likely to move, and the directionality of those transitions, meaning that workers with low and
high match quality within the same occupation sort into systematically different destination
occupations. Learning is the key force behind this directionality and also explains why, condi-
tional on switching, the size of the reallocation in task space depends on match quality in the
origin occupation. Because workers choose occupations based on perceived comparative ad-
vantage and use wages to update beliefs about their multidimensional skills, both low and high
wage realizations reveal mismatch along different dimensions and induce reallocation toward

1Occupations are clustered based on their task content and skill requirements, mainly for identifica-
tion and interpretation. More details are provided in Section 3.
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occupations with different task content. Upward mobility is primarily associated with tran-
sitions toward more cognitive occupations, whereas downward mobility is mainly associated
with moves toward more manual occupations.

I use the model to quantify the aggregate and individual costs of early career skills mismatch.
Simulating a counterfactual stationary equilibrium where workers’ beliefs coincide with their
true skills from the start of their careers, I find that mismatch generate by information frictions
about skills causes an aggregate productivity loss of 6.7%. These aggregate costs are largely
driven by early career mismatch: on average, the wage losses are 7.5% at labor market en-
try, declining to 3.3% after twenty years as workers learn and change occupation accordingly.
While mismatch is partially resolved over the lifecycle, the interaction of learning, imperfectly
transferable human capital, and switching costs generates strong path dependence and pre-
vents the sorting of workers into their ideal career paths. Nearly all of the aggregate costs
come from improved sorting on skills rather than better experience accumulation. Under per-
fect information, 30% of workers would choose a different initial occupation and 50% would
switch at some point, with average wage gains of 17.5% for those who reallocate. The costs
are concentrated among specialists—workers with pronounced comparative advantage in one
skill dimension—who have the most to gain from correct sorting. Generalists, whose skills are
balanced, lose little from uncertainty. Across demographic groups, female workers experience
larger wage gains than males at all education levels, with low-educated women benefiting the
most.

I then explore policy counterfactuals that specifically target this path dependence. In a first
policy experiment, I progressively reduce switching costs by 10% to 90% and re-solve the sta-
tionary equilibrium at each level. Two complementary findings emerge. First, the aggregate
cost of mismatch—measured as the output gap between imperfect and perfect information—
declines monotonically from 6.6% to 2.3%, revealing a key complementarity between informa-
tion frictions and mobility frictions: when switching is cheap, workers can correct mismatches
through experimentation even without knowing their true comparative advantage. Second, the
direct effect on aggregate output is non-monotonic: output peaks at a 50% reduction (+2.4%)
and then declines, because very low switching costs cause workers to switch more frequently
in response to transitory taste shocks and amenities, destroying task-specific human capital.
Switching costs thus play a dual role: they lock workers into poor matches (harmful) but also
discourage unproductive churning (beneficial). In a second policy counterfactual experiment,
I assign workers at labor market entry to the occupation that maximizes early information ac-
quisition about their skills, and leave them free to choose from the second period onward. This
experimentation policy generates persistent wage and utility gains with only short-run losses:
workers quickly switch to better-matched occupations upon regaining free choice, and after ten
years the occupational distribution mirrors the baseline while workers are substantially better
matched to their true comparative advantage.

Finally, I use the model to study how artificial intelligence (AI) affects the individual and ag-
gregate costs of early-career skills mismatch. I model AI as a task-biased technological change
based on Large Language Model (LLM) exposure that shifts the task importance within occu-
pations (Eloundou et al. 2024; Freund and Mann 2025; Althoff and Reichardt 2026). Because
LLMs cannot perform physical tasks, the AI shock operates primarily through the cognitive
dimension. Comparing the baseline and post-AI stationary equilibria, I find that AI overall
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raises aggregate productivity but with heterogeneous wage effects: workers with strong man-
ual comparative advantage gain as their skills become relatively more valuable, while cogni-
tive specialists face worse outcomes as their primary skill dimension is exposed to automation.
Crucially, AI amplifies the aggregate cost of mismatch: the productivity loss from information
frictions rises from 6.7% to 9.5%, so workers under imperfect information capture only approxi-
mately 72% of the productivity gains that AI would deliver in an economy without information
frictions. The higher wage losses are concentrated early in the career, when information fric-
tions prevent workers from sorting into the occupations where their skills are most valuable
under the new task structure, and the increase is largest for low- and medium-educated men,
who have the most to gain from improved sorting when returns to manual skills rise.

2 Related Literature

This paper contributes mainly to the literature on learning, job assignment, and wage growth.
Using the terminology of Pastorino (2024), learning affects wages through two distinct mech-
anisms. The first are the direct effects of learning2, whereby wages respond to beliefs about
ability because pay is an equilibrium outcome that depends on employers’ (and/or workers’)
information. The second are the indirect effects of learning, whereby belief updating primarily
affects wages by changing job assignment—that is, as workers and firms learn about workers’
skills and comparative advantage, they reallocate workers to jobs (and, in my setting, occupa-
tions) where their skill bundle is used more productively. Pastorino (2024) argues—and finds
quantitatively—that the indirect effects of learning through assignment can be the dominant
force shaping wage growth and dispersion: while the direct belief-to-wage effects are relatively
small, learning substantially improves sorting of workers to jobs, which then drives wage dy-
namics3. Motivated by this result, and by the occupational mobility facts in Groes et al. (2015), I
focus on the assignment channel and study how learning about multidimensional unobserved
skills shapes occupational choice and wages over the life cycle.

A related structural literature studies occupational sorting when workers learn about
occupation-specific abilities. James (2012) uses a structural model similar to the one used in
this paper, and estimates it following an algorithm described in James (2011). They investigate
occupational sorting when workers learn about correlated occupation-specific abilities. Arcidi-
acono et al. (2025) studies how informational frictions impact schooling and work outcomes
using a framework that allows for correlated learning between grades and abilities in different

2Much of the employer-learning literature emphasizes the direct effects channel, among others Har-
ris and Holmström (1982), Farber and Gibbons (1996a), Altonji and Pierret (2001), Lange (2007a), and
Gibbons and Katz (1991). A closely related strand develops frameworks that incorporate both wage-
setting effects and assignment dynamics, among others the integrated theories of wage and promotion
dynamics inside firms in Gibbons and Waldman (1999b) and subsequent extensions (e.g. Gibbons and
Waldman (2006), and the synthesis in Gibbons and Waldman (1999a)), as well as sectoral/occupational
sorting frameworks in which learning affects wages both directly and through mobility/assignment
(e.g., Gibbons et al. (2005a)).

3More recently, de Paula et al. (2025) build on Pastorino (2024) and propose a rich model with het-
erogeneous worker and firms, monopsony power and symmetric uncertainty and learning to reasses
the importance of sorting in the labor market. They find that standard static method used to assess
the importance of sorting in the labor market underestimate its importance as they ignore the dynamic
effects of learning and human capital accumulation for future job matching.
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occupations. Papageorgiou (2014) studies the role of search frictions in delaying optimal oc-
cupational matches in a model with learning and on-the-job search, concluding that workers
sort on comparative advantage across occupations. More recently, de Melo and Papageorgiou
(2025) develops a model of occupational choice with learning and partially transferable human
capital, and shows that the worker’s problem can be characterized and solved using Gittins
indices. In these models, ability is occupation-specific, and therefore they are silent about
which dimension underlies mismatch. Antonovics and Golan (2012) is the first to study the
experimentation value of occupations and shows that occupational choice and wage growth in
the NLSY are consistent with workers trading off optimal information acquisition and wage
growth; however, their framework abstracts from important determinants of wage growth and
occupational mobility, such as on-the-job human capital accumulation and non-wage ameni-
ties.

This paper departs from this literature by embedding learning in a task-based model of occu-
pational choice. I show empirically that mobility across tasks is informative about different
types of occupational switches, and that these switches have distinct implications for wages
and human capital accumulation. Motivated by this evidence, I estimate the model on admin-
istrative data and use it to quantify how learning, task content, and human capital jointly shape
workers’ career dynamics. The model also enriches occupational choice by allowing for non-
compensating differentials, switching costs, and preference heterogeneity, which improves its
quantitative fit and helps isolate the separate roles of learning and human capital accumulation
in generating job mobility. Finally, I use the estimated model to perform counterfactual exer-
cises and to analyze how technological shocks propagate through occupational mobility, wage
dynamics, and the accumulation of human capital.

This paper also connects to the literatures on task-specific human capital and occupational mo-
bility (Gibbons and Waldman 2004; Poletaev and Robinson 2008; Gathmann and Schönberg
2010). The model in this paper is similar in spirit to the task-based frameworks developed
by Gathmann and Schönberg (2010) to study the transferability of human capital across occu-
pations, and Autor and Handel (2013) who proposed a Roy (1951) model where workers sort
based on comparative advantage across tasks. More recently, Freund and Mann (2025) use a
model based on the canonical task-based theory (Acemoglu and Autor 2011; Acemoglu and
Restrepo 2018) to study the effects of automation-driven job transformation. My framework is
similar to theirs in spirit: tasks are bundled within occupations and technological change re-
allocates time spent across tasks within occupations. However, differently from these papers,
I focus on the effects of technological change on workers’ occupational allocation when there
is imperfect information about skills. Some key contributions related to this paper are Guve-
nen et al. (2020), Lise and Postel-Vinay (2020), and Baley et al. (2022). Guvenen et al. (2020)
measure multidimensional skill mismatch as the distance between workers’ measured abilities
(using test scores) and occupational skill requirements, but do not estimate a structural model.
Lise and Postel-Vinay (2020) estimate a structural model of on-the-job search with multidimen-
sional skill accumulation and depreciation, but workers have complete information about their
skills—mismatch arises purely from search frictions. Baley et al. (2022) model learning about
unobserved skills, but in their framework each job uses a single skill dimension and mismatch
is defined as underqualification (the gap between a job’s requirement and a worker’s ability);
they focus on business cycle dynamics rather than life-cycle occupational sorting.
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In the model developed in this paper, a worker is “mismatched” when, given current beliefs,
they choose (or remain in) an occupation that is not the one in which they are truly most
productive—so mismatch reflects learning frictions and suboptimal assignment rather than
a purely static gap between skill supply and task demand. The methodology I adopt does not
require the econometrician to have a measure of the supply of skills (e.g., test scores); instead,
I use the approach of Bunting et al. (2024) to recover the distribution of unobserved skills di-
rectly from the data. Finally, I am able to perform counterfactuals and estimate the wage cost
of skill mismatch for heterogeneous workers.

A broader empirical literature documents the importance of job and occupational mobility for
wage growth (Topel and Ward 1992; Neal 1999; Kambourov and Manovskii 2009; Pavan 2011;
Adda and Dustmann 2023). Compared to these papers, I focus specifically on learning about
multidimensional skills and task-specific human capital accumulation as the two key drivers
of mobility and wage dynamics.

Finally, this paper contributes to the literature on estimating Roy-type models (Roy 1951).
Building on the identification results of Heckman and Honore (1990), dynamic Roy frameworks
have been applied to sectoral switching costs (Lee and Wolpin 2006), labour-market responses
to trade liberalization (Dix-Carneiro 2014; Traiberman 2019), and learning about occupation-
specific ability (James 2011; Hincapié 2020; Arcidiacono et al. 2025). These studies typically
treat ability as a single latent factor or one scalar per occupation. I contribute by introducing
a two-stage estimation strategy that accommodates multidimensional unobserved heterogene-
ity, building on the nonparametric identification results of Bunting et al. (2024) for what they
call the pure learning model4. Two recent papers also study occupational reallocation in dynamic
Roy models with task-specific human capital: Dvorkin and Monge-Naranjo (2019) and Althoff
and Reichardt (2026). In both papers, workers have complete information about their skills, so
occupational reallocation is always efficient. In contrast, workers in my model have imperfect
information about their comparative advantage, which generates endogenous mismatch and
shapes the dynamics of occupational reallocation. I use the model to perform counterfactual
exercises that study how workers respond to changes in the returns to specific skills—such as
those induced by artificial intelligence (AI)—when they must learn about their comparative
advantage over time.

The rest of the paper is organized as follows. In Section 3 I describe the data used and some of
the key empirical facts on occupational mobility. In Section 4 I introduce the model, while in
Section 5 I discuss identification and describe the estimation procedure. Finally, I present the
quantitative results in Section 6.

4As I describe later in Section 5, identification in this class of models requires fewer restrictions than
a standard Roy model. Moreover, parts of the functional form can accommodate heterogeneity observed
by workers but unobserved to the econometrician; while this complicates identification and estimation
in general, the estimation routine can incorporate such heterogeneity by extending the EM algorithm for
finite mixtures. To retain tractability for the dynamic programming problem and to ease interpretation,
I focus on the simpler pure learning model.

6



3 Data and Empirical Facts

3.1 Data

The main data source of this paper is Quadros de Pessoal, a matched employer–employee dataset
created by the Portuguese Ministry of Labor in the 1980s. It includes Portuguese firms with at
least one employee, excluding self-employed workers. The sample used covers the period
1995–2019. The main wage measure used in the paper is a “straight-time real hourly wage”
(Card et al. 2016).

I use two related samples throughout the paper, each serving a distinct purpose. Detailed de-
scriptions of the sample construction and their comparison are provided in Appendix C. The
large sample is designed to maximize the number of observations and representativeness for de-
scriptive facts and baseline comparisons. It applies standard cleaning criteria to the raw data
and is used to document the overarching empirical patterns of occupational mobility at the
3-digit occupation level. The estimation sample is a cohort panel of labor market entrants, con-
structed by applying further restrictions to the large sample. It tracks the complete early-career
trajectories of young workers entering the labor market, which is essential for structurally esti-
mating the learning and human capital parameters of the dynamic Roy model.

To measure the task content of occupations, I use two classifications. The first focuses on broad
task categories: abstract and manual skills.5 The second classification is ESCO, the European
Skills, Competences, Qualifications and Occupations dataset, which links occupations to spe-
cific skills across European labor markets.6 In both classifications, each occupation j receives
weights ωk

j over tasks/skills k that sum to one, ∑k ωk
j = 1. Leveraging these measures allows

for the comparison of workers within occupations and the analysis of how task content changes
during occupational transitions.

To understand which skills are more important in the labor market, Figure 1 reports the average
normalized share of tasks using two complementary classifications. The left panel uses the
eight ESCO skills, while the right panel employs the abstract/manual task classification. In
both panels, shares sum to 100% at every point on the x-axis, and occupations are ordered by
their mean wage within a year: low-paying occupations on the left, high-paying on the right.

Two facts stand out. First, although some occupations require workers to possess only one
skill, on average, occupations bundle multiple skills rather than specializing in a single one
across the entire wage distribution. Second, there is a clear shift toward more abstract skills
as wages rise. In the left panel, the shares of lighter-colored layers—communication & collab-
oration, management skills, information skills, and working with computers—increase with
occupational wage rank. In contrast, the darker layers associated with more manual con-
tent—handling and moving, working with machinery, constructing, and assisting and car-
ing—decline with occupational wage rank. The right panel confirms this pattern more starkly:
abstract tasks rise with occupational wage rank while manual tasks decline.

5Detailed construction of these categories and the classification mapping over time is provided in
Appendix C.

6The ESCO skills considered include handling information, working with computers, constructing,
management, and communication, among others.
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(a) Task Composition by Wage Rank

Figure 1: Occupations are ranked by mean hourly wage within each year and mapped to percentiles
(horizontal axis: 1=lowest, 100=highest; vertical axis: skill share in percent). Left panel: Each occupation’s
ESCO skill vector is normalized to shares that sum to 100%. Right panel: Abstract and Manual task shares
based on the abstract/manual task classification. Both panels show smoothed average skill shares at
each wage percentile. The figure is produced using the Large Sample data.

Taken together, the figure highlights both (i) horizontal diversity: a broad skill mix at every
wage rank, and (ii) a vertical task ladder: higher-paying occupations tilt increasingly toward
abstract skills and tasks.

3.2 The Task Content of Occupational Mobility

Occupational transitions are not random. Following Gathmann and Schönberg (2010), I define
skills distance as

d(j, j′) = 1− Sim(j, j′), Sim(j, j′) =
ω⊤j ωj′

∥ωj∥2 ∥ωj′∥2
, (1)

where ωj collects the skill weights of occupation j, and Sim(j, j′) ∈ [0, 1] equals 1 for identical
and 0 for orthogonal skill mixes.7 The mean skills distance among actual occupation switch-
ers is 0.52, with a standard deviation of 0.22. The closest common move is between labourers
and building frame workers (d = 0.21), while the most distant observed switch is between
mathematicians and domestic helpers (d = 0.99). The most popular switch for low-educated
workers is between labourers and building frame workers, while for the high-educated it is
between accounting clerks and bookkeepers (d = 0.36) or between physical science techni-
cians and engineers (d = 0.43).8 Figure 2 compares the observed distribution of skills distance

7Skills distance is computed using the ESCO classification at different levels of aggregation: 8 broad
skill dimensions (Matrix 1.3), 74 intermediate dimensions (Matrix 2.3), and the full 296-skill classifica-
tion (Matrix 3.3). The figure in the main text uses the 296-skill classification. For interpretability, when
displaying changes in skill content upon switching (Figure 5), I use the 8 aggregated ESCO skill dimen-
sions. In addition, I use the Cognitive–Manual classification of Mihaylov and Tijdens (2019), which will
serve as the task space for the structural estimation. Appendix Figure 24 shows that the patterns are
robust across all granularity levels and hold for both mean and median task distance.

8See Appendix Table 7 for detailed summary statistics on the skills distance distribution, including
the most common switches by education group.
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against a random mobility counterfactual, where each switcher leaving occupation j in year
t is assigned a destination drawn proportional to employment shares, following Gathmann
and Schönberg (2010). Observed movers switch to occupations that are substantially closer in
task space than random reallocation would predict (mean distance 0.52 vs. 0.68; Kolmogorov–
Smirnov p < 0.001). This confirms that workers sort across occupations in a way that reflects
the task content of jobs, not just their availability.

Figure 2: Distribution of skills distance for observed occupation switchers versus a random mobil-
ity counterfactual. For each switcher leaving occupation j in year t, a random destination is drawn
with probability proportional to employment shares (excluding j), following Gathmann and Schönberg
(2010). The random distribution is constructed from 200 Monte Carlo draws. The Kolmogorov–Smirnov
test rejects equality of the two distributions (p < 0.001). Observed movers switch to occupations that
are significantly closer in task space than what random reallocation would predict.

The administrative data, which covers nearly the universe of workers within each occupa-
tion, allows me to go further and characterize how mobility patterns vary across the within-
occupation wage distribution. As Groes et al. (2015) show, this coverage is essential to un-
cover the heterogeneous nature of occupational transitions. To isolate the component of within-
occupation wage variation driven by unobserved fit, I residualize wages from observable char-
acteristics. Specifically, I estimate:

log wit = αj + ϕt + f (tenureit) + g(experienceit) + γFemalei + δEduci + µij + νit (2)

where αj are occupation fixed effects, ϕt are time fixed effects, f (·) and g(·) are cubic polyno-
mials in occupational tenure and total labor market experience, µij is the unobserved worker-
occupation match quality, and νit is mean-zero noise. The estimated residual is ϵ̂it = µ̂ij + ν̂it.
Since νit is mean-zero, the percentile rank of ϵ̂it within occupation j is positively correlated
with µij: workers with higher match quality tend to rank higher in the residual distribution.
The “within-occupation residual percentile” used throughout this section is therefore a noisy
but informative proxy for the worker’s position in the match quality distribution of the cur-
rent occupation. Appendix C shows that all patterns documented here are robust to using raw
hourly wages instead of residualized wages.
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(a) Probability of Switching by Experience (b) Skills Distance for Occupation Switchers

Figure 3: Panel 3(a): Probability of switching occupations between t and t+ 1 (vertical axis) as a function
of residualized within-occupation wage percentile (horizontal axis), for different experience groups.
Panel 3(b): Skills distance between origin and destination occupation conditional on switching (vertical
axis) by residualized within-occupation wage percentile (horizontal axis), computed using ESCO skill
measures.

Figure 3(a)9 shows two facts about occupational mobility. First, workers at both ends of the
within-occupation wage distribution switch at higher rates, resembling the “U-shape” docu-
mented by Groes et al. (2015) for Denmark. Second, mobility falls sharply with experience,
from roughly 15% for workers with 0–3 years of experience to below 10% after 6 years. Mobil-
ity at the bottom is mainly driven by low-educated workers, while high-educated workers tend
to rank higher in the residual wage distribution (see Appendix Figure 26). Figure 3(b) shows
that the task distance between origin and destination occupations is related to the worker’s
match quality in the origin occupation. Workers with lower match quality make larger moves
in task space, while workers with higher match quality make smaller moves. Task distance also
falls with experience. This pattern is hard to reconcile with undirected search frictions, where
the size of the move should be unrelated to the origin mismatch conditional on switching. As
Guvenen et al. (2020) argue, if mismatch is induced by search frictions alone, the change in mis-
match upon switching should be independent of the mismatch in the origin occupation. The
relationship between match quality and the size of the task move is instead consistent with di-
rected sorting, where workers learn about their comparative advantage and reallocate toward
better-fitting occupations.

Occupational mobility in Portugal is also directional, using the terminology introduced by
Groes et al. (2015). High-ability workers within occupation are more likely to move to an oc-
cupation with a higher average wage compared to their current occupation, while low-ability
workers move to an occupation with a lower average wage (Figure 4). However, when mov-
ing, low-ability workers improve their relative position in the destination occupation, while
high-ability workers worsen their relative position.

Figure 5 examines the task content of occupational transitions. Workers at different positions

9All figures in this paper use non-parametric LOWESS regression with bandwidth 0.2. 95% confi-
dence intervals are computed using 100 bootstrap iterations. In many figures the confidence bands are
barely visible due to the precision of the estimates.
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(a) Directionality by Experience (b) Rank-to-Rank by Experience

Figure 4: Panel 4(a): Probability of moving to a higher-wage occupation conditional on switching (verti-
cal axis) as a function of residualized within-occupation wage percentile (horizontal axis), for different
experience groups. Panel 4(b): Percentile position in destination occupation (vertical axis) against per-
centile position in origin occupation (horizontal axis) for occupational switchers, by experience group.

Figure 5: Panel (a): Change in abstract and manual task shares (vertical axis) by residualized within-
occupation wage percentile (horizontal axis) for occupational movers. Change is ∆Task-Sharek

p =

LOWESSp

(
ωk

j′(i) −ωk
j(i)

)
, the smoothed difference in task intensities between destination j′(i) and ori-

gin j(i) occupations. Panel (b): Analogous changes based on the ESCO skill classification. By construc-
tion, given that ∑k ωk

j = 1, the non-parametric average shares per percentile sum up to 0.
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in the match quality distribution move to occupations with different task content: high match
quality workers move toward more abstract occupations, while low match quality workers
move toward more manual ones. The ESCO classification (right panel) shows a similar pattern
at a finer level: well-matched workers move to occupations requiring more communication,
collaboration, creativity, and computer skills, while poorly matched workers move to occupa-
tions requiring more handling, moving, or caring skills. These patterns hold for both within-
firm and across-firm switches (Appendix Figure 34).

Appendix C.2 documents that workers realize substantial wage gains upon switching occupa-
tions. These gains vary systematically with a worker’s initial position within their occupation:
those in the bottom quintile experience cumulative wage increases exceeding 30% over four
years, while workers at the top initially suffer wage cuts but recover to modest gains of 10%
by year four. This pattern indicates that switching is especially beneficial for workers poorly
matched to their initial occupation. The delayed wage recovery for high earners suggests either
backloaded compensation or non-pecuniary benefits that influence job choice (Sorkin 2018).

3.3 Discussion of the Empirical Facts

Taken together, Figures 3(b) and 5 show that workers at both ends of the match quality dis-
tribution change tasks more when they switch, with the largest moves made by workers at
the bottom. The fact that, conditional on moving, the size of the task content change depends
on origin match quality is a distinctive feature of the data. Workers who discover a poor fit
have stronger incentives to reallocate toward occupations with different task content, and even
well-matched workers who switch do so toward occupations with somewhat different task re-
quirements. This is consistent with learning about comparative advantage. If mismatch arises
from undirected search, the size of the task change upon switching should be independent of
the origin mismatch (Guvenen et al. 2020). The pattern documented here points instead toward
directed sorting, where occupational choices are guided by evolving beliefs about comparative
advantage across tasks. These findings call for a theory that accounts for the relationship be-
tween match quality, mobility, and the task content of transitions. The model in the next section
incorporates multidimensional skills, learning about comparative advantage, and task-specific
human capital to quantify the consequences of this reallocation mechanism on wages over the
life cycle.

4 Quantitative Model

The economy is populated by a continuum of workers and firms. Time is discrete and in each
period t firms post piece rate contracts in occupations j ∈ O and workers choose in which
occupation to work.

4.1 Occupations, Tasks and Human Capital

Workers supply human capital that is used to perform many tasks within each occupation. I
model worker i human capital as a vector of task relevant skills θi = (θi1, . . . , θiK) together with
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task specific experience that evolves over time τit = (τi1t, . . . , τiKt). The output of a specific task
k in a given occupation j at time t is given by:

Yijkt = ℓjk θ
λ0

jk
ik τ

β0
jk

ikt , (3)

where λ0
jk and β0

jk are primitive task-level elasticities of output with respect to skill and experi-
ence in task k and ℓjk is the share of time allocated to task k in occupation j. When employed
in occupation j at time t worker i uses this human capital to perform tasks k = 1, . . . , K and
produces task output. Tasks aggregate within each occupation j according to a Cobb-Douglas
technology with task weights ωjk

10:

Yijt =
K

∏
k=1

(
Yijkt

ωjk

)ωjk

, (4)

where ωjk governs how intensively occupation j uses task k, with ∑k ωjk = 1. I assume that the
firm manages the allocation of worker time across tasks within occupation, and that this allo-
cation is non-contractible.11 As shown in Appendix D.1, under the normalized Cobb-Douglas
aggregation, the optimal time allocation implies that ℓ∗jk = ωjk. Hence time assignment to
task is independent of workers human capital but solely depends on the task weight of each
occupation. Substituting this into (4) yields

Yijt =
K

∏
k=1

θ
λjk
ik

K

∏
k=1

τ
β jk
ikt , (5)

where the effective parameters are λjk = ωjkλ0
jk and β jk = ωjkβ0

jk. The effective parameters λjk

and β jk determine how skills and experience contribute to output: occupations where workers
spend more time on task k (higher ωjk) have higher effective loadings on skill and experience
in that dimension. The occupation specific vectors λj = (λj1, . . . , λjK) and β j = (β j1, . . . , β jK)

jointly determine how worker human capital maps into occupation j output. They govern
the relative importance of skills and experience across tasks and through the multiplicative
structure they pin down the degree of complementarity across tasks and between the skill and
experience components. This specification implies that worker skills are bundled in the sense
that once matched to an occupation a worker must perform all tasks.

4.2 Labor Demand and Wage Equation

In each period t there is a continuum of competitive firms operating in each occupation j. Firms
take the occupation output price in levels Pjt as given and compete for workers by posting

10As mentioned by Freund and Mann (2025), the unitary elasticity used for tasks aggregation make
ωjk invariant to worker specific human capital. Most importantly, given the focus of this paper, the
log-linearity of output ensure tractability for the dynamic learning problem discussed next.

11This assumption follows Althoff and Reichardt (2026). It simplifies the analysis by making time
allocation a static firm decision that maximizes current output, rather than a strategic choice by work-
ers. By having an effects on the continuation value, learning and experience accumulation may have
interesting contracting dynamics that are beyond the scope of this paper.
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output-contingent piece rate wage contracts12 . A representative firm in occupation j chooses
employment across worker types to maximize profits

max
{njt(θ,τt)}

Πjt = PjtYjt −
∫

Wjt(θ, τt) njt(θ, τt) dGt(θ, τt), (6)

subject to the occupation production function

Yjt =
∫

njt(θ, τt)Y(θ, τt) dGt(θ, τt), (7)

where Gt(θ, τt) is the cross sectional distribution of worker types at time t. Here Y(θ, τt) de-
notes the worker occupation specific output implied by the task technology, i.e.

Y(θ, τt) ≡
K

∏
k=1

θ
λjk
k

K

∏
k=1

τ
β jk
kt .

I assume that output is subject to an idiosyncratic worker occupation time productivity shock
ε ijt so that realized output of worker i in occupation j at time t is exp(ε ijt)Yijt, with ε ijt ∼
Hj i.i.d. across workers and time. Under piece rate contracts and perfect competition, firms
post contracts until the wage paid equals realized worker specific revenue, that is the value of
realized marginal product

Wijt = Pjt exp(ε ijt)Yijt. (8)

Taking logs yields the log wage equation

wijt ≡ log Wijt = pjt + λ′jξ i + β′j log τit + ε ijt, (9)

where pjt ≡ log Pjt and ξ i = (log θi1, . . . , log θiK).

4.3 Learning and Information Structure

Workers belong to a group g ∈ G. To connect the production function with learning, define
latent log skills ξ i = (log θi1, . . . , log θiK). Upon entry into the labor market,

ξ i | g ∼ N (µg, Σg), (10)

so that θi is lognormal conditional on g. Workers are Bayesian and at the beginning of period
t hold a subjective belief density f̃it(ξ) over ξ i given their information set Iit, which contains

12This output-contingent contracting environment differs from the standard employer-learning liter-
ature in which wages (or wage offers) depend directly on employers’ beliefs about worker productivity,
so that observed wages reflect employers’ posterior expectations (e.g. Farber and Gibbons (1996b), Gib-
bons et al. (2005b), Lange (2007b), Pastorino (2024)). In my framework, competitive piece rates tie pay to
realized output; learning affects outcomes primarily through occupational sorting and continuation val-
ues rather than through belief-based wage-setting. Similar output-contingent wage contracts are used
in Groes et al. (2015) and are consistent with empirical approaches that combine workers’ choices with
realized outcomes, as in Bunting et al. (2024). This wage contracting can also be viewed as a special case
of the general wage contract in Camargo et al. (2022), wijt = cijt + bijtyijt = (1− bijt)E

[
yijt | Iijt

]
+ bijtyijt,

with bijt = 1, so that wages depend one-for-one on realized output (up to the occupation-specific output
price scaling in my model) rather than on posterior expectations.
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group membership and the history of past occupational choices, wages, and experience. I
assume rational initial beliefs in the sense that the initial prior coincides with the true group
distribution,

f̃i0(ξ) = fξ|g(i)(ξ) = ϕ
(

ξ; µg(i), Σg(i)

)
, (11)

where ϕ(·; µ, Σ) denotes the multivariate normal density.

After choosing occupation j at time t and observing the wage implied signal

sijt ≡ wijt − pjt − β′j log τit = λ′jξ i + ε ijt, (12)

beliefs update according to Bayes rule

f̃it+1(ξ) =
fs|ξ
(
sijt | ξ

)
f̃it(ξ)∫

fs|ξ
(
sijt | ξ′

)
f̃it(ξ′) dξ′

. (13)

Assume ε ijt ∼ N (0, ς2
εj). Since the prior at t = 0 is multivariate normal and the signal in

(12) is linear Gaussian, Bayes rule implies that posteriors remain multivariate normal at all
dates. Therefore the relevant beliefs can be summarized by a mean vector ξ̃ it and a variance
covariance matrix Σ̃it such that

ξ i | Iit ∼ N
(
ξ̃ it, Σ̃it

)
, ξ̃ i0 = µg(i), Σ̃i0 = Σg(i). (14)

Under normality, Bayes updating can be written in the Kalman filter form

ξ̃ it+1 = ξ̃ it + Kijt

(
sijt − λ′jξ̃ it

)
, (15)

Σ̃it+1 =
(

IK − Kijtλ
′
j

)
Σ̃it, (16)

where Kijt is the Kalman gain defined by

Kijt ≡ Σ̃itλj

(
λ′jΣ̃itλj + ς2

εj

)−1
. (17)

Because Σ̃it may have nonzero off diagonal elements, observing sijt updates beliefs about all
skill dimensions even if an occupation loads heavily on only a subset of skills.13

4.4 Occupational Choice

Let the worker state at the beginning of period t be

xit ≡
(

g(i), ξ̃ it, Σ̃it, τit, dit−1, {pjℓ}j∈O,ℓ≥t
)
, (18)

13Equivalently one can write the Kalman gain as Kijt = Σ̃itλjS−1
ijt where Sijt ≡ λ′jΣ̃itλj + σ2

εj is the
predictive variance of the signal. Substituting this expression into the covariance recursion yields

Σ̃it+1 = Σ̃it − Σ̃itλj

(
λ′jΣ̃itλj + ς2

εj

)−1
λ′jΣ̃it.
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where (ξ̃ it, Σ̃it) are beliefs about latent log skills, τit is task experience, and dit−1 is last period
occupation. The sequence {pjℓ}ℓ≥t denotes log occupation prices from period t onward. I
assume workers have perfect foresight over the future path of occupational prices and take
{pjℓ} as given.

In each period t worker i chooses an occupation j ∈ O before observing the current wage shock.
I assume log utility over wages and linear switching costs in total experience eit ≡ ∑K

k=1 τikt, so
that u(W) = log W and C(e) = κ0 + κ1e. The realized current period utility from choosing j is

Uijt(xit) = log Wijt + ηj − 1{j ̸=dit−1}
(
κ0 + κ1eit

)
+ ϵijt, (19)

where Wijt is the wage paid in levels, ηj is a non pecuniary component, and ϵijt is i.i.d. Extreme
Value Type I with scale ϱ. Under log utility and the wage equation (9), expected utility is linear
in expected log productivity:

E
[
log Wijt | xit

]
= pjt + λ′jξ̃ it + β′j log τit.

Task experience accumulation within an occupation depends on how much time a worker
spend on a given task k. Given that each worker in an occupation spend the same time in
a given task, then experience evolves according to

τit+1 = τit + ωj, (20)

where ωj governs task specific experience accumulation when working in occupation j and
∑K

k=1 ωjk = 1. At the end of the period the worker observes the wage associated with the
chosen occupation and updates beliefs according to Bayes rule (13).

Dropping the worker index for clarity, and emphasizing dependence on the price path, the
Bellman equation is

Vt
(
ξ̃t, Σ̃t, τt, dt−1; {pjℓ}ℓ≥t

)
= max

j∈O

{
E
[
log Wjt | ξ̃t, Σ̃t, τt; pjt

]
+ ηj − 1{j ̸=dt−1}

(
κ0 + κ1et

)
+ ϵjt

+ β (1− δ(et))Et

[
Vt+1

(
ξ̃t+1, Σ̃t+1, τt+1, j; {pjℓ}ℓ≥t+1

) ]}
,

(21)
where δ(et) is the experience dependent exit probability.14 Integrating out ϵ yields the multi-
nomial logit CCPs

Pt
(
dt = j | ξ̃t, Σ̃t, τt, dt−1; {pjℓ}ℓ≥t

)
=

exp
(

νjt
(
ξ̃t, Σ̃t, τt, dt−1; {pjℓ}ℓ≥t

)
/ϱ
)

∑m∈O exp
(

νmt
(
ξ̃t, Σ̃t, τt, dt−1; {pjℓ}ℓ≥t

)
/ϱ
) . (22)

With a continuum of workers, these conditional choice probabilities represent the mass of
workers in each state choosing each occupation.

14In the quantitative implementation I parameterize δ(e) as a logistic function of total experience, for
instance δ(e) = (1 + exp{−(δ0 + δ1e)})−1. This ensures a stationary environment that can be matched
to the estimation sample. When a worker exits the labor market they are replaced by a new entrant
drawn from the same group g with prior ξ | g ∼ N (µg, Σg).
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4.5 Closing the Model

The model is closed by introducing a representative final goods producer who aggregates oc-
cupation outputs {Yjt}j∈O into final output Yt using a CES technology with elasticity of substi-
tution σ > 0:

Yt =

(
∑
j∈O

αjY
σ−1

σ
jt

) σ
σ−1

, αj > 0, ∑
j∈O

αj = 1. (23)

The aggregator weights {αj}j∈O are parameters that govern the relative importance of each
occupation’s output in final production. Let Pt denote the price of the final good and Pjt the
price of occupation j output. Profit maximization by the final goods producer yields the inverse
demand function for occupation j output:

Pjt = αj

(
Yt

Yjt

) 1
σ

. (24)

This expression determines relative prices across occupations as a function of relative outputs.

4.6 Stationary Competitive Equilibrium

I define a stationary competitive equilibrium in which occupation prices are constant over time.
With a continuum of workers, let π(x) denote the mass of workers in state x = (ξ̃, Σ̃, τ, d−1)

(excluding prices). Entrants are characterized by group masses πg (with ∑g∈G πg = 1) and
initial distributions π0

g(·) with (ξ̃, Σ̃) = (µg, Σg) and τ = 0.

A stationary competitive equilibrium15 consists of constant occupation prices {Pj}j∈O , a stationary
mass distribution π∗(·) over worker states, aggregate output Y, occupation outputs {Yj}j∈O , a
value function V(·), and conditional choice probabilities P(d = · | ·) satisfying the following
conditions:

1. Labor supply. Taking the constant prices {Pj}j∈O as given, workers solve the Bellman
equation (21), generating the value function V(·) and conditional choice probabilities
(22). Experience accumulates according to (20), and beliefs update via Bayes’ rule (13).

2. Labor demand and wages. For each occupation j ∈ O, aggregate output equals the
integral of worker output contributions over the mass of workers:

Yj =
∫ (∫

exp(ε)Yj(x) dHj(ε)

)
P(d = j | x)π∗(x) dx, (25)

where Yj(x) is determined by the task technology (5), Hj is the distribution of the wage
shock ε, and P(d = j | x)π∗(x) gives the mass of workers in state x choosing occupation
j. Wages satisfy the piece-rate adjusted revenue condition (9) in each occupation.

3. Price determination. Occupation prices satisfy the inverse demand system (24) given ag-
gregate output Y and occupation outputs {Yj}j∈O . The aggregate price level P is defined

15I provide the algorithm used to compute the stationary competitive equilibrium in Appendix D.2.
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by the standard CES price index P =
(

∑j∈O αjP1−σ
j

) 1
1−σ

for σ ̸= 1 with the Cobb-Douglas

limit P = ∏j∈O P
αj
j when σ = 1.

4. Stationary distribution. The mass distribution π∗ is stationary (invariant), satisfying

π∗(x′) = ∑
j∈O

∫ [(
1− δ(e)

)
Q(x′ | x, j) + δ(e) ∑

g∈G
πg π0

g(x′)
]

P(d = j | x)π∗(x) dx, (26)

for all states x′ ∈ X , where Q(· | x, j) is the transition density over worker states induced
by choosing occupation j (incorporating experience accumulation (20) and Bayesian up-
dating (13)), e denotes total current experience, and π0

g(·) is the initial mass distribution
for entrants from group g16.

5 Identification and Estimation

To bring the model to the data, I focus on two broad skill dimensions—abstract and man-
ual—and aggregate occupations into ten clusters based on their task content. This coarser
partition is key for the structural estimation, as it ensures that the identification assumptions
are respected and keeps the dynamic programming problem computationally tractable. While
this aggregation mechanically lowers measured mobility levels compared to the 3-digit ISCO
analysis, the empirical facts documented in Section 3 remain qualitatively consistent within
this clustered state space, as shown in the robustness checks in Appendix C.

5.1 Identification of the Wage Equation Parameters

The identification argument builds on the key insight in Bunting et al. (2024): when wages
reveal productivity signals observed by both workers and the econometrician, occupational
choices do not generate selection on unobserved permanent heterogeneity once one conditions
on the worker’s observable information set. In the model, firms pay piece rates so that log
wages equal the log occupation price plus log output wijt = pj + yijt.

Let the worker’s observable history at a given decision point be

Hit ≡
(

g(i), {diℓ}ℓ≤t−1, {wiℓ}ℓ≤t−1, τit
)
,

Since (pj, β j) and τi are observed, the history of wages reveals the same sequence of produc-
tivity signals to the worker and to the econometrician. Under rational beliefs and the linear–
Gaussian signal structure, the worker’s posterior over skills (equivalently, (θ̃, Σ̃)) is a determin-
istic function ofHit. Occupational choices are made as functions ofHit (and i.i.d. taste shocks),
while the current-period wage shock ε ij is realized after the choice. Therefore the worker’s true
latent skill vector is irrelevant for the current occupation decision once we condition on the

16Under standard regularity conditions on the induced Markov process, the death-and-rebirth mech-
anism makes the worker-state dynamics regenerative and causes initial conditions to wash out over
time. The process therefore admits a unique invariant distribution π∗, and simulation averages con-
verge to expectations under π∗. Appendix D.2 describes the simulation procedure used to approximate
this distribution in practice.
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observable history:
dit ⊥ ξ i

∣∣ Hit.

This is the sense in which the model is a selection-on-observables environment: conditional on
the observed history, which contains past productivity realizations, there is no residual selec-
tion on the unobserved permanent skill component. Because the occupation loadings λj and β j

are time-invariant in the stationary environment, identification of the K skill dimensions does
not rely on having many calendar periods per se. Instead, it requires observing workers in
occupations with sufficiently different loading vectors. In other words, identification of latent
skills hinges on occupational switching (or cross-worker variation in occupational histories)
that produces enough linearly independent “measurements” of the same ξ i. In the application
there are J = 10 occupations and K = 2 skills: cognitive and manual.

Identification uses the following conditions.

Assumption 1 (Shocks and timing) Workers choose occupations before the transitory productivity
shock is realized. The shock ε ijt is mean-zero, independent of (ξ i,Hit), and i.i.d. across observations,
with occupation-specific variance Var(ε ijt | dit = j) = ς2

εj ∈ (0, ∞).

Assumption 2 (Switching support / repeated measurement) There is positive probability
(within each group of interest) that workers are observed (i) at least twice in the same occupation,
and (ii) in at least K occupations with linearly independent loading vectors λj (not necessarily
consecutively).

Assumption 3 (Nondegenerate latent skills) Within each group g, the latent skill distribution is
nondegenerate: Σg ≡ Var(ξ i | g) is positive definite.

Assumption 4 (Normalization: fixing the skill coordinate system) There exists a set of K occu-
pations JA = {j1, . . . , jK} ⊂ O such that the K× K matrix of loading vectors ΛA ≡

[
λ′j1 , . . . , λ′jK

]
is

nonsingular.

Assumption 5 (Location normalization) For a reference group g⋆, normalize the origin of the skill
space by E[ξ i | g⋆] = 0.

Assumption 1 ensures that wages are noisy but unbiased measurements of a time-invariant
skill component: because the shock is realized after the occupational choice and is indepen-
dent of the worker’s history, conditional wage moments are not contaminated by workers
selecting into occupations on unobserved transitory shocks. Assumption 2 provides the key
empirical variation in a stationary environment with time-invariant loadings: observing the
same worker multiple times in the same occupation separates the permanent component from
transitory noise, and observing workers across occupations with linearly independent loading
vectors yields multiple independent measurements of the same ξ i. Assumption 3 rules out
degenerate within-group skill distributions; in particular, Σg ≻ 0 guarantees that both skill
dimensions vary in the population and that the covariance matrix is invertible, which is nec-
essary to recover loading vectors from wage covariances. Finally, Assumptions 4 and 5 fix the
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remaining observational equivalences of the factor structure. The skill coordinates are nor-
malized by imposing ΛA = IK, which fixes units, rotation, and scale of the latent skill space
without restricting the group-specific covariance matrices Σg, while E[ξ i | g⋆] = 0 pins down
the origin of the skill space in the presence of occupation fixed effects.

With an unrestricted group-specific covariance matrix Σg, the factor structure has a K × K
change-of-basis indeterminacy. For general K, separating the loadings from the latent distri-
bution therefore requires K2 normalizing restrictions. In our application K = 2, so K2 = 4
restrictions are needed. A convenient implementation is to select two occupations with lin-
early independent loadings and normalize the resulting 2× 2 loading matrix to the identity. In
the empirical implementation, I choose these normalizing occupations based on external task
measures: one cluster that is purely cognitive and one that is purely manual, which implies
λjC = (1, 0)′ and λjM = (0, 1)′.

Under Assumptions 1–3 (including the normalization in Assumption 4), the wage equation
parameters {

(pj, λj, β j, ς2
εj)j∈O , (µg, Σg)g∈G

}
are point identified.

5.2 Identification of the Dynamic Choice Parameters

Identification of the dynamic choice parameters follows a Hotz–Miller (Hotz and Miller 1993)
inversion argument. Given the first–stage estimates of the wage equation, the econometrician
knows the deterministic component of expected log wages rj(xt) = E[log Wjt | xt] for each oc-
cupation j and the transition kernel P(· | xt, j) over next–period states implied by deterministic
experience accumulation and Bayesian updating. The conditional choice probabilities (CCPs)
in (22) are identified from the joint distribution of (dt, xt). Under i.i.d. Type I Extreme Value
shocks with scale parameter ϱ > 0, CCP log–odds map into differences in the deterministic
choice–specific value indices:

log
P(dt = j | xt)

P(dt = k | xt)
=

νj(xt)− νk(xt)

ϱ
. (27)

As in standard multinomial logit models, utilities are identified only up to a positive scale.
In dynamic settings with learning, variation in expected wage gaps across states typically co-
moves with continuation values, making separate empirical identification of the taste–shock
scale ϱ fragile without additional exogenous payoff shifters. Accordingly, I treat ϱ as a nor-
malization/calibration and set ϱ = 0.25. Intuitively, ϱ governs how strongly idiosyncratic taste
shocks move occupational choices relative to systematic components (expected wages, ameni-
ties, and switching costs); choosing a small value limits excessive occupational mobility driven
purely by transitory shocks and keeps mobility primarily driven by learning and human cap-
ital accumulation. Given ϱ, equation (27) identifies νj(xt) − νk(xt). Amenities are identified
from comparisons of alternative switch destinations from a common origin, which difference
out the common switching cost. Amenity levels are anchored by the normalization η0 = 0.
Switching costs are identified from move–versus–stay comparisons as total experience varies
under the specification C(j, d, e) = 1{j ̸= d}(κ0 + κ1e): holding fixed the origin occupation,
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differences in CCP log–odds across experience levels trace out the affine switching–cost sched-
ule. Extensions to more general generalized extreme–value structures follow Arcidiacono and
Miller (2011) and Chiong et al. (2013). A more formal argument is provided in Appendix A.1

5.3 Estimation: Two-Stage Estimation Procedure

Model parameters are estimated using a two–stage procedure. In the first stage I estimate
the wage equation parameters and the group–specific distribution of latent skills using an
Expectation–Maximization (EM) algorithm. A key object in the wage equation is the occu-
pation price pj. I assume that the data generating process for wages is generated by a unique
stationary equilibrium (the one observed in the data), so that occupation prices are constant
over time. In the empirical implementation I estimate pj using occupation fixed effects, so that
the wage equation becomes

wijt = pj + λ′jξ i + β′j log τit + ε ijt, ε ijt ∼ N (0, ς2
εj), (28)

where pj is treated as an estimable nuisance parameter (occupation price). Latent log skills
satisfy ξ i | g(i) ∼ N (µg(i), Σg(i)). The first stage yields the wage–side parameter vector

Γ ≡
{
(µg, Σg)g∈G , (λj)j∈O , (β j)j∈O , (ς2

εj)j∈O , (pj)j∈O
}

.

In the second stage I estimate the choice–side parameters using the Rust (1987) Nested Fixed
Point (NFXP) algorithm,

∆ ≡
{
(ηj)j∈O , κ0, κ1

}
,

taking Γ̂ as given and setting the taste-shock scale ϱ = 0.25 (see Section ?? for discussion). The
complete–data likelihood for worker i factors into a wage component and a choice component:

Li(wi, di; Γ, ∆) = Lw
i (wi; Γ) · Lc

i (di; Γ, ∆), (29)

where wi = {wit0(i), . . . , wiT(i)} and di = {dit0(i), . . . , diT(i)} denote observed wage and choice
histories17.

17Starting from Li(wi, di; Γ, ∆) =
∫

p(wi, di, ξ | g(i); Γ, ∆) dξ, the chain rule gives

p(wi, di, ξ | g(i)) = ϕ(ξ; µg(i), Σg(i))∏
t

p(wit | dit, ξ, τit; Γ)∏
t

p(dit | Hit; Γ, ∆).

By timing/independence, conditional on (dit, ξ, τit) wages depend only on Γ, while choices depend on
history only through (ξ̃it, Σ̃it, τit, dit−1), hence ∏t p(dit | Hit; Γ, ∆) does not depend on ξ. Therefore,

Li(wi, di; Γ, ∆) =
∫

ϕ(ξ; µg(i), Σg(i))∏
t

p(wit | dit, ξ, τit; Γ)∏
t

p(dit | Hit; Γ, ∆) dξ

=

[
∏

t
p(dit | Hit; Γ, ∆)

] ∫
ϕ(ξ; µg(i), Σg(i))∏

t
p(wit | dit, ξ, τit; Γ) dξ

≡ Lc
i (di; Γ, ∆) · Lw

i (wi; Γ).
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The wage likelihood integrates out latent skills,

Lw
i (wi; Γ) =

∫ [ T(i)

∏
t=t0(i)

∏
j∈O

fεj

(
wijt − pj − λ′jξ − β′j log τit

)dijt

]
ϕ
(

ξ; µg(i), Σg(i)

)
dξ, (30)

where fεj is the normal density with variance σ2
εj and ϕ(·; µ, Σ) is the multivariate normal den-

sity. The choice likelihood separates the first observed choice (which uses the group prior) from
subsequent choices:

Lc
i (di; Γ, ∆) = ∏

j∈O

[
P
(

dit0(i) = j | µg(i), Σg(i), τit0(i), di,t0(i)−1; Γ, ∆
) ]dij,t0(i)

︸ ︷︷ ︸
first observed choice

×
T(i)

∏
t=t0(i)+1

∏
j∈O

[
P
(
dit = j | ξ̃ it, Σ̃it, τit, dit−1; Γ, ∆

) ]dijt

︸ ︷︷ ︸
subsequent choices

,
(31)

where CCPs are given by (22) and (ξ̃ it, Σ̃it) are the Bayesian posterior moments implied by Γ.

Because Li = Lw
i · Lc

i , the log–likelihood is additively separable:

ℓi(wi, di; Γ, ∆) = log Lw
i (wi; Γ) + log Lc

i (di; Γ, ∆),

which permits sequential estimation: first obtain Γ̂ = arg maxΓ ∑i log Lw
i (wi; Γ), then condi-

tional on Γ̂ compute ∆̂ = arg max∆ ∑i log Lc
i (di; Γ̂, ∆).

5.4 Estimation Stage 1: Expectation–Maximization Algorithm

Starting from an initial guess Γ(0), the EM algorithm iterates:

• E–step. For current Γ(q) and observed histories (wi, di), compute the posterior distribu-
tion of ξ i,

f (ξ i | wi, di; Γ(q)),

and form the expected complete–data log–likelihood.

• M–step. Update Γ(q+1) by maximizing the expected complete–data log–likelihood. In
practice this step updates (µg, Σg), the occupation loadings (λj, β j), the shock variances
(σ2

εj), and the occupation prices (pj).

Iterations continue until ∥Γ(q+1) − Γ(q)∥2 is small. Because EM guarantees only local conver-
gence, I use multiple starting values and select the solution with the highest likelihood.

5.5 Estimation Stage 2: Nested Fixed Point Algorithm

In the second stage I estimate ∆ by maximizing the choice part of the log–likelihood given Γ̂:

∆̂ = arg max
∆

ℓc(Γ̂, ∆), (32)
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where

ℓc(Γ̂, ∆) =
N

∑
i=1

{
∑
j∈O

dij,t0(i) log P
(

dit0(i) = j | µg(i), Σg(i), τit0(i), di,t0(i)−1; Γ̂, ∆
)

+
T(i)

∑
t=t0(i)+1

∑
j∈O

dijt log P
(

dit = j | ξ̃ it, Σ̃it, τit, dit−1; Γ̂, ∆
)}

.

The NFXP algorithm nests the solution of the worker dynamic problem inside the maximiza-
tion over ∆. Fix a candidate ∆ and define the state x ≡ (ξ̃, Σ̃, τ, d−1). The inner step solves
for the integrated ex–ante value function W(·; Γ̂, ∆) as the fixed point of the integrated Bellman
operator:

W(x) = ϱ log ∑
j∈O

exp

 w̃j(x) + ηj − C(j, d−1, e) + β E
[

W(x′) | x, d = j; Γ̂, ∆
]

ϱ

 , (33)

where the expectation is taken over next-period state x′ implied by the law of motion under
choice j (including belief updating). Given the fixed point W(·; Γ̂, ∆), the CCPs used in the
likelihood are computed from (22).

The outer step updates ∆ to increase (32) using a numerical optimizer. The procedure alternates
between (i) solving the fixed point in (33) for W at the current ∆ and (ii) updating ∆ given the
resulting CCPs, until convergence.

5.6 Externally Set and Calibrated Parameters

Several parameters are set externally or calibrated to match aggregate statistics rather than
estimated jointly with the dynamic model, as summarized in Table 2 in the Appendix. The
discount factor is set to β = 0.9; exit probability parameters are calibrated to match observed
panel lengths; education-gender group shares are set to the estimation sample composition;
and task importance weights ωj are taken from Mihaylov and Tijdens (2019). The CES aggre-
gator weights αj are calibrated from observed wage shares and occupation prices from Stage 1,
and the price index P(p) is normalized to match the empirical price level.

6 Estimation Results

6.1 Stage 1 Estimation Results: Wage Equation Parameters

The EM algorithm jointly estimates occupation-specific skill and experience elasticities (λj, β j),
idiosyncratic wage variances, occupation prices, and education-gender-specific skill distribu-
tions (µg, Σg). Full estimation results are reported in Table 3 in the Appendix.

Three patterns are central to the counterfactual analysis. First, occupations split into three nat-
ural groups—cognitive-intensive, manual-intensive, and balanced—with substantial hetero-
geneity in how they weight skills and experience across task dimensions. Occ_7 is normalized
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to be purely cognitive and Occ_3 purely manual, following the task classification. Second,
mean skills rise with education in both dimensions, but the cognitive-manual gap widens pro-
gressively: higher-educated workers are increasingly tilted toward cognitive comparative ad-
vantage, consistent with Deming (2025). Low-educated workers, especially males, have weak
or negative cross-skill correlations and are more likely to be specialists; high-educated work-
ers, especially females, have positive correlations and more balanced skills (Figure 6). These
distributional differences rationalize the key empirical patterns: low-wage workers switch to
exploit comparative advantage, making large task changes, while high-wage workers special-
ize further in cognitive tasks. Third, returns to cognitive task experience are generally steeper
than returns to manual task experience (Figure 7)—an alignment with the skill elasticities that
implies occupations specialized in a given task dimension reward both the initial endowment
and accumulated experience in that dimension, generating substantial heterogeneity in wage
profiles across worker types.

Figure 6: Simulated skill distributions by education-gender group. Each panel plots the distribution of
log cognitive skill ξA (horizontal axis) and log manual skill ξM (vertical axis) using estimated parame-
ters. Solid lines (x markers) = female workers; dashed lines (+ markers) = male workers. Ellipses show
1σ and 2σ contours. The diagonal marks ξA = ξM. Mean skills and the cognitive-manual gap both rise
with education; cross-skill correlations are higher for women and for more educated workers.

6.2 Stage 2 Estimation Results: Dynamic Choice Parameters

The NFXP estimates are reported in Table 4 in the Appendix. The taste-shock scale is calibrated
at ϱ = 0.25 rather than estimated, since in dynamic learning models this parameter is not
separately identified from continuation values without exogenous payoff shifters; this value is
conservative enough to ensure mobility is driven by economic fundamentals while still allow-
ing within-group heterogeneity in initial choices. Switching costs are moderate—the baseline
fixed cost is roughly one log point, growing only slowly with experience—suggesting that the
lifecycle decline in occupational mobility is driven primarily by task-specific human capital
accumulation and learning rather than increasingly prohibitive switching costs. Occupation-
specific amenities ηj display considerable heterogeneity, rationalizing sorting patterns that can-
not be explained by wage differentials alone.
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Figure 7: Returns to task-specific experience by occupation. Each line plots β j,k log(τ) as task tenure
τ accumulates from 1 to 20 years. Left panel: Returns to cognitive experience. Right panel: Returns
to manual experience. Cognitive-intensive occupations show steeper returns to cognitive experience;
manual-intensive occupations show steeper returns to manual experience.

7 Quantitative Results and Counterfactuals

7.1 Empirical Fit of the Quantitative Model

I now assess how the model fit empirical moments on wages and occupational mobility pat-
terns. Figure 8 displays the wage distribution and average wage profile over the lifecycle gen-
erated by the stationary equilibrium of the estimated model. The model generates slightly
lower mean wages than the data, reflecting somewhat more mass at the lower end of the wage
distribution. However, the overall fit is very good: the median wage achieves an almost per-
fect match, and the model captures both the general shape of the wage distribution and the
increasing wage profile with experience observed in the data.

(a) Wage Distribution: Model vs Data (b) Wage Profile: Model vs Data

Figure 8: Wage outcomes from the stationary equilibrium of the estimated model. Panel 8(a): Distribu-
tion of real hourly wages (horizontal axis: wage; vertical axis: density). Panel 8(b): Average wage profile
over the lifecycle (horizontal axis: years of experience; vertical axis: average wage). Solid lines = model
predictions; dashed lines = empirical patterns.
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Figure 9 assesses the model’s ability to reproduce the key occupational mobility patterns doc-
umented in Section 3. Overall, the model matches the empirical patterns qualitatively and
achieves good quantitative performance. The model captures the declining hazard rate with
experience and the negative relationship between wage percentile and switching probability.
For directionality, the model reproduces the pattern that upward mobility increases with wage
percentile while downward mobility decreases. Learning generates somewhat too much mo-
bility at the bottom of the within-occupation wage distribution, but is essential for matching
the directionality of occupational switches.

(a) Key Occupational Mobility Patterns: Model vs Data

(b) Occupational Mobility Channels Decomposition in the Full Model

Figure 9: Both subfigures present three sub-panels. Left: Hazard rate by experience (horizontal axis:
years; vertical axis: switching probability). Middle: Directional moves by wage percentile (horizontal
axis: percentile; vertical axis: probability); solid = upward, dashed = downward. Right: Overall switch-
ing probability by wage percentile (horizontal axis: percentile; vertical axis: probability). Subfigure 9(a):
Model predictions vs empirical moments. Subfigure 9(b): Counterfactual simulations under Baseline
(green–solid), Learning (magenta–dashed), and Experience (cyan–dotted).

The counterfactual decomposition in Figure 9(b) reveals the distinct roles of learning and task-
specific experience. All three scenarios generate similar declining hazard rates, but learning is
essential for directionality: the Experience-only scenario produces much flatter patterns, failing
to capture sorting based on comparative advantage. Figure 25 (Data Appendix) shows that the
model also reproduces the fading “U-shape” in switching probability across wage percentiles
over the life cycle, though learning overpredicts mobility for younger workers.

Figure 10 shows that the model captures the task content of occupational switches. Panel 10(a)
confirms that the model reproduces the task directionality of occupational mobility: low-wage
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workers within occupation move toward more manual-intensive occupations, while high-wage
workers move toward more cognitive-intensive ones. This pattern is consistent with the in-
terpretation that low-wage switchers sort on comparative advantage—making large task ad-
justments to find better-matched occupations—while high-wage switchers specialize further
within a similar task bundle. The counterfactual decomposition of the task directionality in
Panel 10(b) confirms that learning is essential for generating these task-based sorting patterns—
without it, the Experience-only scenario fails to capture heterogeneity in task directionality
across the wage distribution.

(a) Task Content of Switches: Model vs Data (b) Counterfactual Decomposition

Figure 10: Panel 10(a): Comparison of model predictions (solid) vs empirical patterns (dashed) for the
probability of moving toward more cognitive-intensive or manual-intensive occupations, by wage per-
centile within occupation. Panel 10(b): Counterfactual decomposition of the task content of occupational
switches, showing how different model channels (Baseline, Learning, Experience) contribute to the task
directionality of occupational mobility by wage percentile within occupation.

To further validate the role of learning, I simulate a simplified model without switching costs,
amenities, or idiosyncratic shocks (see Figure 27 in the Data Appendix). The results confirm
that learning is crucial for generating sorting based on comparative advantage: without it,
workers do not effectively use their wage position as a signal about their skills.

Summary: The model matches the magnitude, scale, and shape of key occupational mobility
patterns and of the wage distribution and wage profile over the lifecycle. Learning generates
somewhat too much mobility at the bottom of the wage distribution but remains essential for
matching directionality and task-based sorting. Switching costs, non-compensating differen-
tials, and idiosyncratic shocks help calibrate overall mobility levels.

7.2 The Aggregate Implications of Early Career Skills Mismatch

I now use the estimated model to quantify the wage cost of imperfect information about skills.
I construct a counterfactual general equilibrium in which workers have perfect beliefs from the
start of their careers: each worker’s initial beliefs equal their true skills, and they face no un-
certainty.18 In both the baseline and counterfactual economies, workers face identical switch-

18In practice, ξ̃ i = ξ i and σ̃2
ik ≈ 0 for all workers i and skill dimensions k.
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ing costs, idiosyncratic taste shocks, and wage noise. The only difference is the information
structure at labor market entry. This exercise quantifies the wage cost of imperfect information
about skills, that is the wage loss associated with sorting based on imperfect rather than perfect
knowledge of one’s comparative advantage. Figure 11 presents the average relative wage gain
from removing information frictions over the life cycle and by wage percentile. Four findings
emerge.

(a) Wage Gains from Perfect Information over
the Life Cycle

(b) Average Wage Gains by Wage Percentile

Figure 11: Panel (a): Average relative wage gain over the life cycle (horizontal axis: years of experience;
vertical axis: percent wage gain) from removing information frictions. Panel (b): Wage gains by position
in the overall wage distribution (horizontal axis: wage percentile; vertical axis: percent wage gain), with
separate lines for different experience levels. Workers at lower percentiles gain more from removing
information frictions. The decomposition of wage gains into channels conditional on different demo-
graphic groups is reported in Figure 28 in the Appendix.

First, information frictions generate an aggregate productivity loss of 6.7%.19 Comparing the
two stationary equilibria, the economy under imperfect information produces 6.7% less output
than under perfect information. This reflects the misallocation of workers to occupations that
do not match their true comparative advantage: despite the slightly negative price channel—
perfect information induces reallocation that compresses some occupation prices—the produc-
tivity gain from better sorting dominates.

Second, these aggregate costs are driven by early career mismatch that is only partially resolved
over the life cycle. At labor market entry, the average worker would earn 7.5% more if they
knew their true skills. This gap narrows over time as workers learn and re-sort, falling to
3.3% after twenty years. However, mismatch is never fully eliminated. Learning, imperfectly
transferable experience, and switching costs interact to create strong path dependence: workers
who sort into the wrong occupation early accumulate experience in the wrong task dimension,
raising the opportunity cost of switching later in the career. Early mismatch thus compounds
over time, and a substantial fraction of workers never converge to their optimal career path.

19Aggregate output in the stationary equilibrium is Y =

(
∑j∈O αjY

σ−1
σ

j

) σ
σ−1

, where Yj =∫
exp(ε)Yj(x) 1{d=j} π∗(x) dx dHj(ε) is occupation j’s aggregate output, Yj(x) is individual output from

the task technology (5), and π∗ is the stationary distribution of worker states. The mismatch cost is
computed as (YPI − Y I I)/Y I I , where YPI and Y I I are aggregate output in the perfect and imperfect
information stationary equilibria, respectively, both solved at the same model parameters.
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Third, improved sorting on skills accounts for nearly all of the wage gains. I decompose the
wage gains into four channels (see Figure 28 in the Appendix): (i) Skills, gains from sorting
into occupations that better match true comparative advantage holding experience fixed; (ii)
Experience, additional gains from accumulating task-specific human capital in better-matched
occupations; (iii) Prices, gains from general equilibrium adjustments in occupation prices; and
finally (iv) Residual20. The Skills channel almost perfectly tracks the total wage gain throughout
the lifecycle. The Experience channel is small and only slightly positive by year 20: while per-
fect information workers accumulate experience in better-matched occupations from the start,
the gain is modest because experience accumulated in suboptimal occupations is not entirely
wasted. Given the complementary, multiplicative production structure, workers who spent
time in a different occupation carry cross-dimensional experience that retains some produc-
tivity value in their eventual optimal occupation, partially offsetting the experience loss from
early mismatch. This cross-task complementarity becomes central in the switching costs coun-
terfactual (Section 7.3), where it drives a reversal of the wage gap late in the career. The Price
channel is slightly negative, as the reallocation induced by perfect information shifts relative
labor supply across occupations.

Fourth, removing information frictions reduces wage inequality. Panel (b) of Figure 11 plots
average wage gains by workers’ position in the overall wage distribution, with separate lines
for different experience levels. Workers at lower percentiles experience substantially larger
wage gains from perfect information: at labor market entry, those in the 10th percentile gain
approximately 13%, while those in the 90th percentile gain only about 5%. This pattern per-
sists, though attenuated, across all experience levels. The finding reflects the model’s core
mechanism: low-wage workers are more likely to be mismatched, sorting into jobs that poorly
fit their true comparative advantage. When provided with perfect information, these workers
reallocate to better-matched occupations, generating the largest wage improvements. By dis-
proportionately benefiting low-wage workers, removing information frictions compresses the
overall wage distribution.

7.2.1 Who Benefits Most? Specialists versus Generalists

Importantly, not all workers reallocate when provided with perfect information. The model in-
cludes other important determinants of occupational choice, such as idiosyncratic taste shocks,
non-compensating differentials, and switching costs, that have been shown to be important in
determining labor mobility. Under perfect information, 30% of workers would choose a dif-
ferent initial occupation, and 50% would switch occupations at some point during their career,
depending on education, gender, and experience. Among those who do reallocate, the wage
gains are substantial, with average gains of 17.5%.

Figure 12 reveals striking heterogeneity in who benefits from removing information frictions,
focusing on reallocated workers only. Each point represents a worker who switches occupa-
tions, positioned according to their true cognitive skill (θC, horizontal axis) and manual skill
(θM, vertical axis), with color indicating their average wage gain over the lifecycle. A clear pat-
tern emerges: specialists, workers with a strong comparative advantage in one dimension, gain
most from perfect information, while generalists, workers near the 45-degree line with similar

20Notice that the residual may change because while I keep luck fixed, the variance of the idiosyn-
cratic shocks changes as this is also driven by the occupational choice.
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cognitive and manual skills, gain relatively little.

(a) Wage gains for reallocated workers by true skill

Figure 12: Each point represents a reallocated worker (those who choose different occupations under
perfect versus imperfect beliefs), positioned by their true log cognitive skill ξC (horizontal axis) and true
log manual skill ξM (vertical axis). Color indicates lifecycle-average wage gain (color scale: yellow/light
= high gains, purple/dark = low gains). The dashed 45-degree line separates cognitive specialists (be-
low) from manual specialists (above). Specialists with pronounced comparative advantage gain most
from removing information frictions.

This pattern has an intuitive economic interpretation. Specialists have high returns to correct
sorting: a worker with θC ≫ θM loses substantially if they mistakenly enter a manual-intensive
occupation. When beliefs are imprecise, such workers may fail to recognize their comparative
advantage and sort into the wrong occupation for several years. In contrast, generalists have
the lowest returns to improving information because they are approximately equally produc-
tive across occupations, so the cost of sorting “incorrectly” is small.

This finding has implications for the design of career guidance policies. Interventions that pro-
vide better information about skills, such as aptitude testing, structured internships, or early
career mentoring, may yield the largest returns for workers with pronounced but unrecognized
comparative advantage.

7.2.2 Wage Gains are Driven by Improved Sorting on Skills

Figure 13 illustrates the mechanism through which perfect information improves sorting. Each
panel plots occupational switchers, workers who choose different occupations under perfect
versus imperfect beliefs, positioned by their true skills. The color indicates the direction of re-
allocation: blue workers move toward more cognitive-intensive occupations (positive ∆(λC −
λM)), while red workers move toward more manual-intensive occupations.

The horizontal axis sorts workers by their true cognitive skill θC, and the vertical axis by their
true manual skill θM. A sharp diagonal pattern emerges: workers with θC > θM (cognitive
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(a) The sorting mechanism: reallocation by skill type

Figure 13: Each point represents an occupational switcher, positioned by true log cognitive skill ξC (hor-
izontal axis) and true log manual skill ξM (vertical axis). Color indicates direction of reallocation: blue
= move to more cognitive-intensive occupations, red = move to more manual-intensive occupations.
Panel A: Reallocation measured by change in skill loadings ∆(λC − λM). Panel B: Reallocation measured
by change in experience returns ∆(βC − βM). The diagonal pattern confirms that specialists reallocate
toward occupations matching their true comparative advantage.

specialists, below the 45-degree line) systematically move to more cognitive occupations when
given perfect information. Conversely, workers with θM > θC (manual specialists, above the
45-degree line) move to more manual occupations. Panel A shows this pattern for task loadings
λ; Panel B shows an analogous pattern for experience returns β, where workers with cognitive
comparative advantage move to occupations with higher returns to cognitive experience. This
suggests that while the contribution of experience to wage gains across the two scenarios is
small, there might be a role for task-specific experience in generating wage costs that prevents
workers from switching to the right occupation as they discover their true comparative advan-
tage.

This evidence confirms the model’s core mechanism: imperfect beliefs lead workers to sort
based on perceptions rather than true comparative advantage, and removing this friction al-
lows them to specialize in their strongest dimension.

7.2.3 Heterogeneity of Wage Gains across Demographic Groups

The aggregate wage gains mask substantial heterogeneity across demographic groups. Fig-
ure 28 in Appendix C presents the decomposition separately by education and gender. Two
patterns emerge. First, female workers experience larger wage gains than males across all ed-
ucation levels, with gains reaching 5–6% at labor market entry for low- and medium-educated
women. This reflects both the initial sorting patterns, as women may face greater early-career
uncertainty about their comparative advantage, and the occupational distribution, as female-
dominated occupations may offer different return structures. Second, the Experience channel
becomes more important relative to Skills for high-educated workers, particularly women, sug-
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gesting that information frictions distort not only initial occupational choice but also the entire
trajectory of human capital accumulation for workers who invest intensively in task-specific
skills.

Table 8 in Appendix C provides detailed statistics for the subset of workers who reallocate,
those who choose different occupations under perfect versus imperfect beliefs. Under per-
fect information, 30% of workers would choose a different initial occupation, and 50% would
switch at some point during their career. Among reallocators, median wage gains range from
5% to 16%, with substantial right-skew: the 75th percentile exceeds 13–30%, and some workers
experience gains above 40%. Not all reallocators benefit: the 5th percentile shows losses of
2–12%, reflecting workers for whom the general equilibrium price adjustments or suboptimal
experience accumulation under perfect beliefs (due to different switching patterns) generate
lower wages. Low-educated women exhibit the highest reallocation rates (35–41%) and sub-
stantial median gains (6–16%), while high-educated workers show similar reallocation rates
(35–38%) with median gains of 5–11%.

Summary. Information frictions about skills generate economically meaningful wage costs:
7.5% at labor market entry, declining to 3.3% after twenty years. Nearly all of these costs reflect
misallocation rather than suboptimal experience accumulation. Crucially, the costs are concen-
trated among specialists, workers with pronounced comparative advantage who have the most
to gain from correct sorting. Generalists, whose skills are balanced across dimensions, lose little
from uncertainty and may actually benefit from the experimentation that imperfect beliefs in-
duce. These findings suggest that policies aimed at improving early-career information about
skills should target workers most likely to possess (but not recognize) strong comparative ad-
vantage.

7.3 Policy Counterfactuals

Reducing Switching Costs. The lifecycle dynamics documented above point to switch-
ing costs, imperfectly transferable human capital and learning as potential key drivers of per-
sistent late-career misallocation. Even after workers learn their true comparative advantage
through accumulated wage signals, high switching costs may prevent them from acting on
this information: mismatch that could in principle be resolved through occupational mobility
instead persists because the cost of switching is too large relative to the remaining career hori-
zon gains. I now examine whether policies that reduce switching costs—for example, reduced
search frictions or subsidized moving costs for changing occupations—can meaningfully lower
the aggregate cost of early-career mismatch.

I study a series of counterfactuals in which the switching cost parameters κ0 and κ1 are jointly
reduced by 10%, 30%, 50%, 70%, and 90% relative to their estimated values, holding all other
parameters at their baseline. For each reduction level, I re-solve the full stationary equilibrium
under both imperfect information (the baseline learning environment) and perfect information
(workers know their true skills at entry). Comparing these two equilibria at each switching cost
level yields the cost of mismatch: the aggregate output loss attributable to imperfect information
at that level of occupational mobility frictions. I also compare the imperfect-information equi-
libria across switching cost levels to measure the direct effect of reducing switching costs on
aggregate output.
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Switching costs and the cost of mismatch. Figure 14 reports the results from the within-
scenario comparison—imperfect versus perfect information at each switching cost level. The
aggregate output loss from mismatch declines monotonically as switching costs fall: from 6.6%
under baseline costs, to 6.0% with a 10% reduction, 4.8% with a 30% reduction, 3.7% with a
50% reduction, 2.8% with a 70% reduction, and 2.3% with a 90% reduction (Panel (a)). This
monotonic decline reveals a key complementarity between information frictions and mobil-
ity frictions: switching costs amplify the damage of imperfect information by locking work-
ers into poor matches. When switching is cheap, workers can correct misallocations through
experimentation—trying occupations, observing wage signals, and switching again—even with-
out knowing their true comparative advantage ex ante. The cost of not knowing thus falls,
because the consequences of being wrong are less persistent.

(a) Aggregate output losses from mismatch (b) Lifecycle wage cost of imperfect information

Figure 14: Panel (a): Bars show the aggregate output loss from mismatch (vertical axis: percent; gap
between perfect and imperfect information stationary equilibria) for each switching cost level. The cost
of mismatch declines monotonically as switching costs are reduced. Panel (b): Lifecycle profile of the
wage cost of imperfect information (vertical axis: percent; horizontal axis: years of potential experience)
for each switching cost level.

The lifecycle profile reveals where the reduction is concentrated, and delivers a striking ad-
ditional result (Figure 14, Panel (b)). Under baseline switching costs the wage gap declines
slowly. Under reduced switching costs it falls much faster—and then turns slightly negative
after approximately fourteen years of experience. The wage decomposition under reduced
switching costs (Figure 32 in the Appendix) clarifies why. The Skills channel remains positive
throughout: workers with low switching costs progressively sort into better-matched occupa-
tions as they learn, so the sorting gain relative to perfect-information workers keeps shrinking
but never reverses. The Experience channel, however, turns negative and deepens over time.
Workers under imperfect information who spent their early career in a different occupation
have, by the time they switch, accumulated experience in that occupation’s task dimension. Be-
cause output depends on experience in both skill dimensions, this cross-task experience turns
out to be productive: it generates returns that workers who sorted immediately into their op-
timal occupation—and accumulated experience almost exclusively along one dimension—do
not have. After approximately fourteen years, this experience advantage outweighs the re-
maining sorting disadvantage, and the wage gap turns negative.
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The direct effect of reducing switching costs on output. The within-scenario compari-
son measures how the cost of imperfect information varies with switching costs, but a policymaker
also cares about the total effect on output. Figure 15 reports aggregate output in the imperfect-
information economy (the empirically relevant scenario) as a function of the switching cost
reduction. Output increases with moderate reductions, peaking at approximately +2.4% for a
50% reduction, but then declines with further reductions.

(a) Aggregate output change (b) Lifecycle wage gains vs. original baseline

Figure 15: Panel (a): Aggregate output change (percent, relative to the baseline imperfect-information
economy) for each switching cost reduction level. Output increases non-monotonically, peaking at a 50%
reduction. Panel (b): Lifecycle wage gains (vertical axis: percent; horizontal axis: years of experience) for
each reduced switching cost scenario relative to the original imperfect-information baseline.

This non-monotonicity reflects two opposing forces. On one hand, lower switching costs al-
low workers to reallocate toward better-matched occupations, improving sorting and raising
output. On the other hand, when switching costs become very low, non-productivity-related
factors—idiosyncratic taste shocks and occupation-specific amenities—become relatively more
important in occupational choice. Workers switch more frequently in response to transitory
preference shocks, destroying task-specific human capital accumulated in their previous oc-
cupation. At large reductions, this churning effect dominates the sorting gain, and aggregate
output falls.

These results carry a nuanced policy implication. Moderate reductions in the costs of occu-
pational mobility—reduced search frictions or subsidized career transitions—yield substan-
tial returns: both the cost of mismatch and aggregate output improve. However, the non-
monotonicity implies that eliminating switching costs entirely would be counterproductive.
The optimal policy balances the benefit of allowing workers to correct mismatches against the
cost of excessive mobility driven by non-productivity factors. The monotonic decline in the
cost of mismatch, combined with the non-monotonic output response, suggests that switching
costs serve a dual role in the economy: they lock workers into poor matches but also discourage
unproductive churning.

Forced Exploration at the Beginning of the Career. The switching costs counterfactual
shows that frictions to mobility are a key driver of persistent mismatch, but even with low
switching costs the baseline information structure limits how quickly workers can sort opti-
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mally. A complementary policy question is whether a targeted intervention at the very start of
the career—before any experience or wage signal has been observed—can accelerate learning
and improve lifetime sorting. I study a one-period forced exploration policy: in their first pe-
riod, workers are assigned to the occupation that maximizes the information gain about their
latent skills. I measure the learning value of occupation j for entrants in group g as the mutual
information between skills and the first wage signal,

IGentry
jg ≡ I(ξi; sij1 | g) =

1
2

log

(
1 +

λ′jΣgλj

ς2
εj

)
, (34)

where λj are the skill loadings of occupation j, Σg is the prior skill covariance of group g, and ς2
εj

is the occupation-specific wage noise variance. This has a natural signal-to-noise interpretation:
an occupation is more informative when it loads strongly on dimensions about which entrants
are ex ante uncertain and when wages are a precise signal of skills21. Each worker is assigned
to arg maxj IGentry

jg in their first period. From period 2 onward they choose freely under their
updated beliefs. The assignment is welfare-neutral in the sense that workers receive the going
market wage in the assigned occupation; the only constraint is on occupational choice in the
first period.

The forced occupations are those that best reveal a worker’s comparative advantage: manual-
intensive occupations (Occ_6) for high-educated workers and medium-educated males, and
cognitive-intensive occupations (Occ_7 and Occ_8) for low-educated groups and medium-
educated females. These are the occupations that load most strongly on one skill dimension
relative to the prior uncertainty, maximizing the signal-to-noise ratio of the first wage obser-
vation. Figure 17 shows the occupational shares at different career stages under forced explo-
ration relative to the baseline.

Figures 16 and 17 together tell a clear story. In period 1, workers are concentrated in the few
informative occupations (Figure 17), a sharp departure from the baseline sorting. This forced
bunching generates a GE price response: excess labor supply in the assigned occupations drives
their prices down, while prices in other occupations rise, which explains the wage and util-
ity loss in period 1 visible in Figure 16. Already in period 2, workers are free to choose and
quickly switch to better-matched occupations: armed with much more precise beliefs about
their comparative advantage, a large fraction immediately transitions into the occupation that
truly fits their skills. The occupation shares quickly converge back toward the baseline—by
around period 10 the aggregate distribution looks very similar—but now workers are much

21Mutual information is the reduction in uncertainty in the signal due to knowledge of latent skills,

I(ξi; sij1 | g) = h(sij1 | g)− h(sij1 | ξi, g),

where h(Y) = E[− log fY(Y)] denotes differential entropy. Under the model’s linear-Gaussian signal
structure, sij1 = λ′jξi + εij1, ξi | g ∼ N(µg, Σg), εij1 ∼ N(0, ς2

εj), the signal is scalar Gaussian

with unconditional variance λ′jΣgλj + ς2
εj and conditional variance ς2

εj. Since the entropy of a scalar

Gaussian N(m, v) is h(Y) = 1
2 log(2πe v), it follows that

I(ξi; sij1 | g) =
1
2

log
(

2πe
[
λ′jΣgλj + ς2
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])
− 1

2
log
(
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(a) Wage decomposition: Forced exploration vs
Baseline

(b) Utility gains: Forced exploration vs Baseline

Figure 16: Panel (a): Lifecycle wage decomposition of the gain from forced exploration relative to the
baseline, by channel (Skills, Experience, Prices, and Residual). Panel (b): Lifecycle utility gains from
forced exploration relative to the baseline. Horizontal axis: years of potential experience; vertical axis:
percent gain. Both panels show an initial cost in period 1 followed by persistent gains over the rest of
the career.

Figure 17: Occupational shares in the forced exploration counterfactual versus the baseline at different
career stages.

better matched within each occupation. This rapid reallocation generates a persistent Skills
gain that dominates throughout the career. The Price channel, initially negative due to the
first-period distortion, normalizes over a few periods as the economy adjusts to the new sort-
ing pattern. The net result is that the one-period nudge more than pays for itself: workers
bear a brief first-period cost but recover it quickly through better sorting, with both wages and
utility persistently above baseline.

These results highlight a key asymmetry in the value of early information. Because the first
wage signal is the most valuable—it arrives when prior uncertainty is highest—even a single
period of optimally chosen exploration substantially improves the quality of all subsequent
sorting decisions. A policy that temporarily redirects workers toward their most informative
occupation at labor market entry can thus be both productivity and welfare enhancing, at the
cost of a one-period disruption that the general equilibrium and individual wage gains quickly
offset.
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7.4 Artificial Intelligence Counterfactuals

The estimated model provides the ideal framework to study how workers respond to changes
in the returns to specific skills—such as those induced by artificial intelligence (AI)—when they
must learn about their comparative advantage over time. In this section, I use the model to
analyze the labor market effects of a task-biased technological shock that differentially affects
the returns to cognitive and manual skills. The analysis compares stationary equilibria with
imperfect information about skills to quantify how AI adoption reshapes occupational sorting,
wage distributions, and the value of information.

7.4.1 AI Shock Design

The production function introduced in Section 4 provides a natural framework for analyzing
the effects of AI-driven job transformation. Recall that tasks aggregate according to a Cobb-
Douglas technology with importance weights ωjk as exponents, which govern the relative im-
portance of each task type for occupation j. When AI automates or augments tasks requiring
certain skills, the importance of those skills for production changes. This shift in task impor-
tance has two effects. First, under optimal firm behavior, time allocation adjusts to match the
new task importance weights (ℓ∗jk = ωjk), so workers spend different amounts of time on tasks
requiring each skill type. Second, and more directly, the effective skill loadings λjk = ωjkλ0

jk
and experience returns β jk = ωjkβ0

jk change proportionally with the task importance weights.

As previously mentioned, the baseline task importance weights ωjk is calibrated using
occupation-specific task importance measures from Mihaylov and Tijdens (2019), who provide
detailed measures of cognitive and manual task requirements for ISCO-08 occupations.

AI (LLM) Exposure Framework. To construct occupation-specific AI shocks, I adopt the
exposure framework developed by Eloundou et al. (2024). Their approach defines AI exposure
based on whether access to a large language model (LLM) would reduce the time required
to complete a task by at least 50% while maintaining quality. They propose four exposure
categories:

• E0 (No Exposure): The task cannot be meaningfully accelerated by LLMs.

• E1 (Direct LLM Exposure): The task can be directly performed or substantially accelerated
by a text-based LLM (e.g., writing, coding, summarization).

• E2 (LLM+ Exposure): The task requires LLM capabilities combined with additional soft-
ware tools (e.g., data analysis with code execution, document processing).

• E3 (Image Exposure): The task requires AI systems with image recognition or generation
capabilities.

To have a more granular classification of how LLM can affect different occupation, I apply this
framework to the 296 Level 3 skills in the ESCO (European Skills, Competences, Qualifications
and Occupations) classification, which provides granular skill requirements for 125 ISCO-08
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3-digit occupations22. To classify each skill into one of the four exposure categories, I use the
large language model Claude Opus 4.5 (Anthropic), prompting it with the Eloundou et al.
(2024) criteria and the skill description. The model evaluates whether the skill involves text
generation (E1), data processing with tools (E2), visual analysis (E3), or physical/interpersonal
tasks that LLMs cannot perform (E0).

A key finding from this classification is that AI exposure is concentrated in cognitive skills.
Of the 296 ESCO skills, 138 are classified as manual and all receive E0 (no exposure)—LLMs
cannot perform physical tasks such as construction, manufacturing, or patient care. Among
the 158 cognitive skills, the distribution is: 37 skills (23%) with E0, 41 skills (26%) with E1, 66
skills (42%) with E2, and 14 skills (9%) with E3. This asymmetry implies that AI shocks operate
primarily through the cognitive dimension of the task space, leaving manual task requirements
largely unaffected.

From Exposure to Skill Importance Shocks. Following Eloundou et al. (2024), I assign
exposure weights: ϕE0 = 0, ϕE1 = 1, ϕE2 = 0.5, and ϕE3 = 0.5. For each occupation j, I compute
a weighted average exposure for the cognitive dimension:

αjC =
∑s∈Cognitive ϕE(s) · importancesj

∑s∈Cognitive importancesj
, (35)

where E(s) is the exposure category of skill s and importancesj is the importance of skill s in
occupation j from the ESCO skills-occupations matrix. The manual exposure αjM = 0 for all
occupations since all manual skills have E0 exposure.

Therefore, the AI shock reduces the cognitive task importance proportionally to exposure:

ωnew
jC = ωjC · (1− αjC), ωnew

jM = ωjM, (36)

where αjC ∈ [0, 1] is the calibrated shock magnitude. The task importance weights are then
renormalized so that ωnew

jC + ωnew
jM = 1. This renormalization implies that while the cogni-

tive skill importance decreases in absolute terms, the manual skill importance increases me-
chanically to maintain the constraint that task importance weights sum to one within each
occupation. The change in task importance weights ωjk propagates through the model as
follows. Since the effective parameters are λjk = ωjkλ0

jk and β jk = ωjkβ0
jk, where λ0

jk and
β0

jk are primitive occupation-task-level elasticities, both the skill loadings and experience re-
turns scale proportionally with the task importance weights: λnew

jk = λjk · (ωnew
jk /ωjk) and

βnew
jk = β jk · (ωnew

jk /ωjk). When AI reduces the importance of cognitive skills (lower ωjC), cog-
nitive skills and experience contribute less to output and wages. Additionally, task-specific
experience accumulation rates equal the task importance weights, so workers accumulate less
cognitive experience because they spend less time performing tasks requiring cognitive skills.
Table 9 in the Appendix reports the resulting parameter changes for each occupation cluster,
and Figure 33 provides examples of the LLM classification output.

This methodology generates heterogeneous shocks across occupations based on their AI expo-

22Skill requirements is not exactly the same as task content. The underlying assumptions here is that
there is a one-to-one mapping between skills and tasks, so that "cognitive" skills are used to perform
"cognitive" tasks, for example.
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sure. Occupations with high cognitive exposure—such as clerical work, data processing, and
routine information tasks—experience larger reductions in cognitive skill importance, while
occupations intensive in interpersonal interaction, management, and creative tasks have lower
exposure and smaller shocks. Crucially, manual-intensive occupations are largely unaffected
by LLM-based AI, as physical tasks remain outside the capability of current language models.

7.4.2 Stationary Equilibrium Comparison under Imperfect Information

I compare the pre-shock and post-shock stationary equilibria when workers have imperfect in-
formation about their skills. The AI shock changes the allocation of time across tasks within
occupations, thereby affecting not only the returns to skills and experience, but also the accu-
mulation rate of task-specific experience.

(a) Wage gains from AI by wage percentile (b) Detailed reallocation by task change across
occupations

Figure 18: Panel (a): Wage gains from AI adoption by baseline wage percentile (horizontal axis) for
workers with different years of experience (separate lines); vertical axis shows percent wage change.
Panel (b): Occupation-specific task reallocation patterns following AI adoption, showing how workers
in each occupation redistribute across occupations with different task content.

AI generates overall wage increases, but with substantial heterogeneity across the wage dis-
tribution (Figure 18). Panel (a) reveals a striking U-shaped pattern: gains are larger at both
the bottom and top of the cross-sectional wage distribution across all experience levels. This
pattern is consistent with the job polarization documented in the routinization literature (Au-
tor et al. 2003), where technological change hollows out middle-skill, routine-intensive oc-
cupations while benefiting both high-skill and low-skill workers in non-routine tasks. In
my framework, polarization arises mechanically: LLM-based AI disproportionately affects
cognitive-routine tasks concentrated in the middle of the occupational wage ladder, while leav-
ing manual-intensive occupations at the bottom and pushing more balanced occupations at the
top. Across demographic groups, high-educated workers experience the largest average wage
gains, with high-educated men benefiting the most, followed by high-educated women (see
Figure 30 in the Appendix for the full demographic breakdown). This pattern reflects skill
composition: high-educated workers tend to have higher absolute skill levels in both dimen-
sions, including manual skills that become relatively more valuable under AI. Notably, among
low-educated workers, women gain more than men, consistent with their stronger manual
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comparative advantage within this education group. Panel (b) shows that AI generates sub-
stantial occupational reallocation, with employment shifting away from cognitive-intensive
occupations toward more manual-intensive or balanced occupations. As the AI shock reduces
cognitive task importance, some previously cognitive-heavy occupations become more bal-
anced or even manual-oriented, attracting workers whose manual comparative advantage is
now better rewarded. Despite the net employment inflow into manual-intensive occupations,
general equilibrium effects lead occupation prices in these occupations to increase. This price
increase reflects the productivity gains from AI adoption: even with more workers sorting into
these occupations, the higher effective productivity raises the marginal product of labor and
thus equilibrium wages.

(a) Wage gains from AI by worker skill type

Figure 19: Each point represents a simulated worker positioned according to their true log cognitive
skill ξC (horizontal axis) and true log manual skill ξM (vertical axis). Color indicates lifecycle-average
wage gain from AI adoption (color scale: yellow/light = positive gains, purple/dark = negative gains).
The dashed 45-degree line separates cognitive specialists (below the line, where ξC > ξM) from manual
specialists (above the line, where ξM > ξC).

The distribution of AI gains across the skill space reveals the underlying mechanism driving
these aggregate patterns (Figure 19). Cognitive specialists—workers positioned in the lower-
right region of the skill space where ξC > ξM—are particularly harmed by AI adoption as
their primary skill dimension is directly exposed to LLM automation. In contrast, workers
with strong manual comparative advantage—those in the upper-left region where ξM > ξC—
experience systematically positive wage gains, with high-skilled manual workers (predomi-
nantly men) benefiting the most. These workers gain because the LLM-based AI shock reduces
the returns to cognitive-intensive tasks, making their manual skill advantage relatively more
valuable. Generalists near the 45-degree line also benefit from AI by sorting into occupations
that remain balanced but have become relatively more manual-intensive following the shift in
task weights. This heterogeneity reflects the occupation-specific nature of the AI shock: since
LLMs cannot perform physical tasks, manual-intensive occupations are largely insulated from
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automation while cognitive-intensive occupations face the largest productivity shifts.

The reallocation patterns following AI adoption reveal important heterogeneity in how work-
ers adjust their occupational choices (see Figure 29 in the Appendix). Low-wage workers—
predominantly those with manual comparative advantage—sort directly into more manual-
intensive occupations, as these jobs become relatively more attractive when cognitive tasks
are automated. In contrast, high-wage workers maintain their sorting into cognitive or bal-
anced occupations even after the AI shock. Among high-wage workers, those who benefit
most are the highly educated individuals with manual comparative advantage: these workers
can leverage their high absolute skill levels while their manual skills become relatively more
valuable. Cognitive specialists continue sorting into cognitive-intensive occupations, and ex-
perience lower returns as the task content of their jobs shifts toward automation-exposed ac-
tivities.

7.4.3 AI Increases the Wage Cost of Early Career Skills Mismatch

I now perform the same counterfactual analysis as in Section 7.2 to quantify how AI adoption
affects the value of removing information frictions. I simulate stationary equilibria with perfect
information about skills using the post-AI task importance. The value of information is then
calculated as the percentage difference in average lifetime wages between the perfect informa-
tion and imperfect information equilibria. A key finding from these counterfactuals is that AI
adoption increases the value of removing information frictions—the wage gain workers would
obtain if they knew their true skills from labor market entry.

Table 1: Aggregate Output and Mismatch Cost: Baseline and Post-AI Stationary Equilibria

Aggregate Output Mismatch Cost

Imperfect Info Perfect Info (PI − II) / II

Baseline 856.6 913.9 6.7%
Post-AI 918.6 1005.6 9.5%

AI Output Gain +7.2% +10.0%

Notes: Aggregate output in efficiency units. The mismatch cost is the percentage output gap between
the perfect (PI) and imperfect (II) information stationary equilibria. The AI output gain rows report the
percentage change in output from baseline to post-AI under each information regime. The difference in
AI gains (10.0% − 7.2% = 2.8 pp) is the share of AI’s potential productivity gains lost to amplified
mismatch under imperfect information.

Table 1 reports aggregate output across all four stationary equilibria. The mismatch cost—
the aggregate output losses from mismatch between the perfect and imperfect information
economies—rises from 6.7% in the baseline to 9.5% post-AI. To see what this implies for AI’s
aggregate impact, compare the AI output gain across information regimes: under perfect infor-
mation, AI raises aggregate output by 10.0%; under imperfect information, it raises output by
only 7.2%. The difference of 2.8 percentage points represents the share of AI’s potential produc-
tivity gains that is lost to amplified mismatch. Equivalently, workers under imperfect informa-
tion capture approximately 72% of the aggregate gains that AI would deliver in a frictionless
economy. At the individual level, the wage cost of information frictions rises from 6.3% to 8.6%

41



Figure 20: Value of information over the life cycle under baseline and post-AI task structure. Horizontal
axis: years of potential experience; vertical axis: percent wage gain from removing information frictions.
Separate lines for baseline and AI economies. The breakdown by education-gender group is reported in
Figure 31 in the Appendix.

(a) Value of information by skill group (b) Direction of misallocation

Figure 21: Panel (a): Value of information decomposed by skill group (cognitive specialists, manual
specialists, generalists), comparing baseline and post-AI economies. Panel (b): Direction of misallocation
under imperfect information, showing how workers sort relative to their true comparative advantage in
the baseline versus post-AI economy.

(Figures 20 and 21). While in the baseline economy the misallocation due to information fric-
tions about skills is larger for women than for men, under AI the value of information increases
mainly for men. This asymmetry arises because the LLM-based AI shock disproportionately
increases the returns to manual skills, in which men tend to have overall higher skill levels at
all education levels. More broadly, the increase in the value of information is heterogeneous
across demographic groups: low- and medium-educated men experience the largest increase
in the wage cost of imperfect information, while high-educated workers of both genders show
the smallest increase (see Figure 31 in the Appendix for the full demographic breakdown). This
pattern reflects the fact that low- and medium-educated men have the most to gain from im-
proved sorting when the returns to manual skills rise, as their manual comparative advantage
is least recognized under imperfect information.
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The mechanism connects to the reallocation patterns documented above. Because AI shifts the
optimal occupational assignment, workers who were well-matched in the baseline may now
be mismatched: cognitive specialists face larger losses from misallocation when their skills are
devalued, while workers with unrecognized manual comparative advantage miss larger gains.
The value of knowing one’s true skills rises because the stakes of correct sorting are higher
under the post-AI task structure.

This effect is heterogeneous across skill groups. Cognitive specialists bear the largest increase
in the wage cost of information frictions (from 14.1% to 18.2%), as AI directly devalues their
primary skill dimension and amplifies the penalty from incorrect sorting. Generalists bear the
smallest increase, as their balanced skill profiles make them approximately equally productive
across occupations regardless of the shift in task weights. AI thus amplifies the specialist/-
generalist asymmetry: specialists have more to lose from misallocation when the returns to
their comparative advantage shift, making accurate self-knowledge more valuable precisely
for those workers whose skills are most affected by technological change.

Conclusion

I develop and estimate a general equilibrium dynamic Roy model to quantify the consequences
of early-career mismatch on individual labor market outcomes and aggregate output. In the
model, workers have unobserved multidimensional skills, accumulate task-specific experience
while working, and learn about their comparative advantage over time through noisy wage
signals. Estimating the model on Portuguese administrative data with ten occupations and
two skill dimensions—cognitive and manual—I show that it successfully matches key occupa-
tional mobility patterns: low-wage workers within an occupation are more likely to move to
occupations with substantially different task content, sorting mainly on comparative advan-
tage, while high-wage workers specialize and move upward along the occupational job ladder.

Using the estimated model, I find that early career mismatch generates a 6.7% aggregate pro-
ductivity loss, driven by workers sorting into occupations that do not match their true com-
parative advantage. At the individual level, the wage cost is 7.5% at labor market entry and
declines to 3.3% after twenty years as workers learn and change occupation accordingly, but is
never fully eliminated. The costs are heterogeneous: under perfect information, 30% of work-
ers would choose a different initial occupation and 50% would switch at some point over the
career, with average wage gains of 17.5% for those who reallocate. The losses are concentrated
among specialists—workers with pronounced comparative advantage in one skill dimension—
who have the most to gain from correct sorting; generalists, whose skills are balanced, lose lit-
tle from uncertainty. Across demographic groups, female workers and low-educated workers
benefit the most from improved sorting, reflecting greater initial uncertainty about comparative
advantage in these groups.

The interaction of learning, imperfectly transferable experience, and switching costs generates
strong path dependence in occupational choices, preventing a substantial fraction of work-
ers from sorting into their optimal occupation even as they learn. Switching costs are the
key friction sustaining this residual mismatch. Progressively reducing switching costs from
10% to 90% reveals that the aggregate cost of mismatch declines monotonically—from 6.6%
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to 2.3%—confirming that information frictions per se resolve through learning, but their wage
consequences persist because workers cannot cheaply act on what they learn. Lower switch-
ing costs allow workers to correct mismatches through occupational experimentation even un-
der imperfect information. However, the direct effect on aggregate output is non-monotonic:
output peaks at a 50% reduction and then declines, as very low switching costs induce exces-
sive mobility driven by transitory preference shocks that destroys task-specific human capital.
Switching costs thus play a dual role in the economy: they lock workers into poor matches
(harmful) but also discourage unproductive churning (beneficial), implying that moderate—
not maximal—reductions in mobility frictions are optimal. A complementary experimentation
policy—assigning workers at labor market entry to the most informationally rich occupation
for one period before they freely choose—generates persistent wage and utility gains with only
short-run losses: workers quickly switch to better-matched occupations in the second period,
and after a decade the occupational distribution mirrors the baseline while workers are sub-
stantially better matched to their true comparative advantage.

I then study how AI amplifies the costs of mismatch. Modeling AI as a task-biased shock
that reduces the importance of cognitive tasks, I find that AI raises aggregate productivity
but generates heterogeneous wage effects: workers with manual comparative advantage gain
while cognitive specialists face worse outcomes. More importantly, AI raises the aggregate cost
of early career skills mismatch: the aggregate productivity loss from information frictions rises
from 6.7% to 9.5%, and workers under imperfect information capture only approximately 72%
of the productivity gains that AI would deliver in a frictionless economy. The higher wage
losses are concentrated early in the career, when information frictions prevent workers from
sorting into the occupations where their skills are most valuable under the new task structure,
and the increase is largest for low- and medium-educated men, who have the most to gain from
improved sorting when returns to manual skills rise.

In ongoing work, I extend the analysis to study the transition dynamics following an AI shock.
While the comparison of stationary equilibria quantifies the long-run effects of AI under im-
perfect information, the transition path captures how the labor market adjusts over time. I
compute the perfect foresight equilibrium transition path using a standard backward-forward
iteration algorithm (see Appendix D.3 for technical details). This extension will focus on two
key objects: the speed of convergence to the new stationary equilibrium and welfare along the
transition path. This analysis will provide insights into the dynamic costs of skill uncertainty
when the economy faces technological change, and help evaluate policies that could accelerate
efficient reallocation in response to AI.
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A Appendix: Proofs

A.1 Wage Equation Parameters Identification Proof

This proof establishes point identification of{
(pj, λj, β j, ς2

εj)j∈O , (µg, Σg)g∈G
}

under Assumptions 1–5. Because the environment is stationary, (pj, λj, β j, ς2
εj) are constant

across observations. Let ℓ index observations along a worker’s history (suppressing calendar
time). In observation ℓ, worker i is in occupation diℓ ∈ O with wage wiℓ and experience vector
τiℓ. The wage equation is

wiℓ = pdiℓ + λ′diℓ
ξ i + β′diℓ

log τiℓ + ε iℓ, ε iℓ | (diℓ = j) ∼ N (0, ς2
εj),

with ε iℓ independent across observations and independent of (ξ i,Hiℓ). Fix an occupation j.
Consider any worker i observed in occupation j in two observations ℓ and ℓ′ (Assumption 2).
Subtracting the wage equation across the two observations eliminates the time-invariant term
pj + λ′jξ i:

wiℓ − wiℓ′ = β′j
(
log τiℓ − log τiℓ′

)
+ (ε iℓ − ε iℓ′).

Because ε iℓ is mean-zero and independent of τiℓ, the coefficient vector β j is identified from the
conditional linear projection of (wiℓ − wiℓ′) on (log τiℓ − log τiℓ′) within the subpopulation of
stayers in j, provided the differences in log τ have full rank on a set of positive probability (As-
sumption 1(iii) and 2). Repeating for all j identifies {β j}j∈O . Using the same within-occupation
pairs, define the differenced residual

ui,ℓℓ′(j) ≡ (wiℓ − wiℓ′)− β′j
(
log τiℓ − log τiℓ′

)
= ε iℓ − ε iℓ′ .

By independence across observations,

Var
(
ui,ℓℓ′(j) | diℓ = diℓ′ = j

)
= Var(ε iℓ − ε iℓ′ | d = j) = 2ς2

εj,

so ς2
εj is identified for each occupation j. With β j identified, define the residualized wage

riℓ ≡ wiℓ − β′diℓ
log τiℓ = pdiℓ + λ′diℓ

ξ i + ε iℓ.

Thus, conditional on the observed occupation sequence, {riℓ} is a linear measurement sys-
tem for the fixed latent vector ξ i, with occupation-specific loadings and i.i.d. transitory noise.
Without normalization, the mapping (λj, ξ i) 7→ (A′λj, A−1ξ i) leaves λ′jξ i invariant for any
invertible A. With an unrestricted covariance matrix, this indeterminacy has K2 degrees of
freedom; when K = 2, this is 4 degrees of freedom. Fixing two loading vectors λjC = (1, 0)′

and λjM = (0, 1)′ imposes exactly four restrictions and forces A = I2, delivering uniqueness of
the recovered loadings and the full (unnormalized) covariance matrix Σg. Let jC and jM denote
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the pure cognitive and pure manual anchor occupations, normalized as in Assumption ??:

λjC = (1, 0)′, λjM = (0, 1)′.

For any observation in the cognitive anchor occupation jC,

riℓ = pjC + ξiC + ε iℓ,

and for any observation in the manual anchor occupation jM,

riℓ = pjM + ξiM + ε iℓ.

Taking expectations conditional on group g yields

E[r | g, d = jC] = pjC + µgC, E[r | g, d = jM] = pjM + µgM.

Impose the location normalization µg⋆ = 0 (Assumption 5). Then

pjC = E[r | g⋆, d = jC], pjM = E[r | g⋆, d = jM],

and for any group g,

µgC = E[r | g, d = jC]−E[r | g⋆, d = jC], µgM = E[r | g, d = jM]−E[r | g⋆, d = jM].

Hence (pjC , pjM) and all group mean vectors {µg} are identified. Consider workers in group
g observed at least twice in the cognitive anchor (Assumption 2). For two such observations
ℓ ̸= ℓ′ with diℓ = diℓ′ = jC,

Cov(riℓ, riℓ′ | g) = Cov(ξiC + ε iℓ, ξiC + ε iℓ′ | g) = Var(ξiC | g) = Σg,CC,

because ε is independent across observations. Similarly, for two observations in the manual
anchor,

Cov(riℓ, riℓ′ | g, diℓ = diℓ′ = jM) = Σg,MM.

Finally, for workers observed once in each anchor (in any order), say diℓ = jC and diℓ′ = jM,

Cov(riℓ, riℓ′ | g) = Cov(ξiC + ε iℓ, ξiM + ε iℓ′ | g) = Cov(ξiC, ξiM | g) = Σg,CM.

Thus all elements of the 2× 2 covariance matrix Σg are identified for each group g. Fix any
non-anchor occupation j. Consider workers in a given group g who are observed at least once
in occupation j and at least once in each anchor (Assumption 2). Let ℓ be an observation with
diℓ = j, and let ℓC and ℓM denote (possibly different) observations with diℓC = jC and diℓM = jM.
Centering is not required for covariance calculations because constants drop out. Using the
residualized equation,

riℓ = pj + λ′jξ i + ε iℓ.

Then

Cov(riℓ, riℓC | g) = Cov(λ′jξ i + ε iℓ, ξiC + ε iℓC | g) = λ′jCov(ξ i, ξiC | g) = λ′jΣgeC,
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and similarly
Cov(riℓ, riℓM | g) = λ′jΣgeM,

where eC = (1, 0)′ and eM = (0, 1)′. Stack these two covariances in a vector:

cjg ≡
[

Cov(rj, rjC | g)
Cov(rj, rjM | g)

]
=

[
λ′jΣgeC

λ′jΣgeM

]
= Σgλj,

where the last equality uses symmetry of Σg. Since Σg is positive definite (hence invertible), we
obtain the explicit inversion formula

λj = Σ−1
g cjg.

Therefore all non-anchor loading vectors {λj} are identified. Because λj is common across
groups, different groups provide overidentifying restrictions. For any occupation j and group
g, taking expectations of the residualized equation gives

E[r | g, d = j] = pj + λ′jµg.

Using the reference group normalization µg⋆ = 0 and the now-identified λj,

pj = E[r | g⋆, d = j].

Hence all occupation prices {pj} are identified.

The above arguments provide a constructive identification mapping from observable moments
of wages to the parameter vector{

(pj, λj, β j, ς2
εj)j∈O , (µg, Σg)g∈G

}
.

Because λj and β j are constant in the stationary environment, identification relies on occupa-
tional switching that generates covariances with the anchor occupations rather than on a large
number of calendar periods.

A.2 Identification of Dynamic Choice Parameters

From the first stage, the parameter vector Γ is identified. Hence the econometrician knows (i)
expected log wages rj(x) for each j and state x and (ii) the transition kernel P(· | x, j) induced
by experience accumulation and Bayesian updating. CCPs P(d = j | x) are identified from
the joint distribution of (d, x). With i.i.d. EV–I(0, ϱ) shocks, only utility differences measured
in units of ϱ are directly revealed by CCPs. In dynamic learning models, state variation that
changes current expected wage gaps generally also changes continuation values, so ϱ is difficult
to pin down empirically without additional exogenous payoff shifters that move current utility
in known units but do not affect state transitions. I therefore normalize/calibrate the taste–
shock scale and set a value for ϱ. Given ϱ, the deterministic index for occupation j in state xt

is
νj(xt) = rj(xt) + ηj − 1{j ̸= dt−1}(κ0 + κ1et) + β(1− δ(et)) EVj(xt),
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where EVj(xt) ≡ E[W(xt+1) | xt, dt = j] and W(·) is the integrated ex–ante value function
solving (33). Under EV–I shocks, Hotz–Miller inversion implies that CCP log–odds identify
index differences:

ℓj,k(xt) ≡ log
P(dt = j | xt)

P(dt = k | xt)
=

νj(xt)− νk(xt)

ϱ
, ⇒ νj(xt)− νk(xt) = ϱ ℓj,k(xt).

Since CCPs are identified, the left-hand side is identified for all j, k and xt. Fix an origin occupa-
tion d and consider two destination occupations j ̸= d and j′ ̸= d. For any state x with lagged
occupation dt−1 = d, both moves incur the same switching cost (κ0 + κ1e), so the switching–cost
term cancels in the difference:

νj(x)− νj′(x) =
[
rj(x)− rj′(x)

]
+
(
ηj − ηj′

)
+ β(1− δ(e))

[
EVj(x)− EVj′(x)

]
.

The left-hand side is identified from CCP log–odds via Hotz–Miller, and rj(x) is known from
Stage 1. For any candidate vector of amenities {ηj} and switching–cost parameters (κ0, κ1), the
continuation values EVj(x) are uniquely determined by the Bellman fixed point (33) given the
known transition kernel. Thus the system of log–odds restrictions across states and occupation
pairs identifies amenity differences. Imposing the normalization η0 = 0 pins down amenity
levels. Next compare a move j ̸= d to staying in the origin d at the same state x (so dt−1 = d).
Only the move pays the switching cost:

νj(x)− νd(x) =
[
rj(x)− rd(x)

]
+
(
ηj − ηd

)
−
(
κ0 + κ1e

)
+ β(1− δ(e))

[
EVj(x)− EVd(x)

]
.

Since ηj− ηd is identified from the previous step (and rj(x) is known), the remaining term (κ0 +

κ1e) is identified from the way the move–vs–stay index difference varies with experience e. In
particular, holding fixed the origin occupation d and varying e traces out the affine schedule
κ0 + κ1e, identifying κ1 from the slope and κ0 from the intercept. Given the normalization
ϱ = 0.25 and η0 = 0, and under the regularity condition that CCPs are strictly positive on the
relevant support and that total experience varies within origin occupations, the dynamic choice
parameters ({ηj}j∈O , κ0, κ1) are point identified.

A.3 Contraction of the Integrated–Value Bellman Operator

Let the state be x ≡
(
ξ̃, Σ̃, τ, d−1

)
∈ X , where (ξ̃, Σ̃) are the posterior mean and covariance of

log skills (13), τ are task-specific tenures, and d−1 ∈ O is last period’s occupation. Define total
experience e ≡ ∑K

k=1 τk. For each occupation m ∈ O, define the deterministic utility index

rm(x) ≡ pm + λ′mξ̃ + β′m log τ + ηm,

which is the expected log wage in occupation m given beliefs ξ̃ plus the non-pecuniary amenity
ηm (see (9) and (19)). Define the survival probability s(x) ≡ 1− δ(e) ∈ (0, 1) (with δ(e) > 0 for
all e by the logistic hazard) and the switching cost C(m, d−1, e) = 1{m ̸= d−1}(κ0 + κ1e) ≥ 0.
For any bounded continuous W : X → R, define the integrated-value Bellman operator T :
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Cb(X )→ Cb(X ) by

(TW)(x) ≡ ϱ log ∑
m∈O

exp
(

1
ϱ

[
rm(x)− C(m, d−1, e) + β s(x)E

[
W(ξ̃′, Σ̃′, τ′, m)

∣∣ x, m
]])

,

(37)
where ϱ > 0 is the scale of the EV-I taste shocks ϵjt. Following the standard normaliza-
tion in which the EV-I shocks have mean −ϱγ (i.e. the location parameter absorbs the Euler-
Mascheroni constant γ), integrating out ϵ yields the log-sum-exp formula above without the
ϱγ additive term; this is consistent with the fixed point (33). The expectation is over (ξ̃′, Σ̃′, τ′):
beliefs update via Kalman filtering (13) and experience accumulates according to (20), both
conditional on (x, m). We endow Cb(X ) with the sup norm ∥W∥∞ = supx∈X |W(x)|.

Claim. T is a contraction on (Cb(X ), ∥ · ∥∞) with modulus at most β ∈ (0, 1). Therefore there
exists a unique fixed point W⋆ = TW⋆.

Proof. We verify Blackwell’s sufficient conditions.

(i) Monotonicity. Let W1, W2 ∈ Cb(X ) with W1 ≤ W2 pointwise. Since beliefs and tenures
evolve deterministically given (x, m) via (13) and (20), the conditional expectations satisfy
E[W1(ξ̃

′, Σ̃′, τ′, m) | x, m] ≤ E[W2(ξ̃′, Σ̃′, τ′, m) | x, m] for all (x, m). The log-sum-exp func-
tion v 7→ ϱ log ∑m exp(vm/ϱ) is increasing in each component, and rm(x) and C(m, d−1, e) do
not depend on W. Hence the arguments in (37) increase componentwise when W1 is replaced
by W2, so (TW1)(x) ≤ (TW2)(x) for all x.

(ii) Discounting. Fix c ≥ 0 and W ∈ Cb(X ). By linearity of expectation, E[W(·)+ c] = E[W(·)]+
c. Therefore,

(T (W + c))(x) = ϱ log ∑
m∈O

exp
(

1
ϱ

[
rm(x)− C(m, d−1, e) + β s(x)

(
E[W(·)] + c

)])

= ϱ log

(
eβs(x)c/ϱ ∑

m∈O
exp

(
1
ϱ

[
rm(x)− C(m, d−1, e) + β s(x)E[W(·)]

]))

= (TW)(x) + β s(x) c.

Since s(x) ∈ (0, 1) and c ≥ 0, we have β s(x) c ≤ βc, so (T (W + c))(x) ≤ (TW)(x) + βc. Thus
T satisfies Blackwell’s discounting condition with modulus β.

By Blackwell’s theorem, T is a contraction with modulus at most β < 1. The Banach fixed-
point theorem then guarantees existence and uniqueness of W⋆ = TW⋆, and value-function
iteration W(n+1) = TW(n) converges to W⋆ from any initial W(0) ∈ Cb(X ). □

B Appendix: Estimation Results

B.1 Externally Set and Calibrated Parameters

The discount factor β = 0.9 is a standard value in the dynamic discrete choice literature. Exit
probability parameters ψ = 0.072 (curvature) and ā = 27.22 (location) are calibrated by fit-
ting a left-truncated logistic hazard model to the empirical survival data (see Figure 35 in the
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Table 2: Externally Set Parameters

Parameter Description Empirical Moment Value

Preferences & Demographics
β Discount factor 0.900
ψ Exit curvature Empirical exit rate 0.072
ā Exit location Empirical exit rate 27.22

Education-Gender Distribution
Low education (L) Total Share Empirical shares 36.4%

Male (L_M) Male Share Empirical shares 24.4%
Female (L_F) Female Share Empirical shares 12.0%

Medium education (M) Total Share Empirical shares 33.3%
Male (M_M) Male Share Empirical shares 18.5%
Female (M_F) Female Share Empirical shares 14.7%

High education (H) Total Share Empirical shares 30.3%
Male (H_M) Male Share Empirical shares 13.0%
Female (H_F) Female Share Empirical shares 17.4%

Human Capital Accumulation
ωj Task importance weights Mihaylov and Tijdens (2019)

CES Final-Good Aggregator
σ Elasticity of substitution ? 1.57
αj CES aggregator weights Stationary equilibrium prices Calibrateda

P Aggregate price level Estimated price level Calibrateda

Notes: Most parameters are set (rather than calibrated) to match aggregate statistics or for compu-
tational tractability. aThe CES aggregator weights αj and the aggregate price level P are calibrated.
Given wage shares sj and prices pj estimated from the EM algorithm, the weights are computed as
αj ∝ sj · pσ−1

j and normalized so that ∑j∈O αj = 1. The aggregate price level P is set to match the
empirical price index level computed from the estimated prices, ensuring that the stationary equi-
librium prices recovered from the model match those estimated from the data.

Data Appendix), ensuring simulated career lengths match observed panel lengths. Education-
gender shares are set to the estimation sample: low-educated workers comprise 36.4% (24.4%
male, 12.0% female), medium-educated 33.3% (18.5% male, 14.7% female), and high-educated
30.3% (13.0% male, 17.4% female). The task importance weights ωj are from Mihaylov and
Tijdens (2019); ωjk governs the time a worker in occupation j spends on task k, which in turn
determines how task-specific experience accumulates. The CES aggregator weights αj are cali-
brated from observed wage shares and estimated occupation prices, and the price index P(p)
is normalized to match the empirical price level.

B.2 Stage 1 Estimation Results: Wage Technology and Skill Distri-
butions

Table 3 reports the full estimation results. Panel A shows the Cobb-Douglas skill elasticities
λjk and experience elasticities β jk for each occupation, along with idiosyncratic wage vari-
ances ς2

j and occupation prices pj. For identification, Occ_7 is normalized to be purely cog-
nitive and Occ_3 purely manual. Three groups emerge naturally: cognitive-intensive occu-
pations (Occ_1, Occ_2, Occ_5, Occ_7) reward cognitive skills and experience more heavily;
manual-intensive occupations (Occ_3, Occ_6) reward manual skills; and balanced occupations
(Occ_0, Occ_4, Occ_8, Occ_9) draw on both dimensions. Experience elasticities are aligned
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Table 3: Stage 1: Expectation-Maximization Estimates of Wage Equation Parameters

Panel A: Loadings, Shock Variances, Occupational Prices, and Returns to Experience

Occupation λj1 (C) λj2 (M) ς2
j αj β j,C (C) β j,M (M)

Occ_0 0.726 0.584 0.0257 1.278 0.186 0.019
Occ_1 0.446 0.8 0.02296 1.241 0.167 0.083
Occ_2 0.495 0.875 0.02197 1.337 0.133 0.058
Occ_3 0 1 0.02184 1.238 0.131 0.107
Occ_4 0.773 0.238 0.02676 1.342 0.135 0.029
Occ_5 0.227 1.005 0.02046 1.31 0.164 0.001
Occ_6 0 1.085 0.01599 1.272 0.127 0.076
Occ_7 1 0 0.02498 1.252 0.22 0.033
Occ_8 0.885 0.207 0.02168 1.381 0.121 0.017
Occ_9 0.427 0.796 0.02085 1.306 0.145 0.007

Panel B: Task Importance Weights by Occupation

Occupation ωj,C (Cognitive) ωj,M (Manual) Type

Occ_0 0.936 0.064 C
Occ_1 0.201 0.799 M
Occ_2 0.566 0.434 B
Occ_3 0.015 0.985 M
Occ_4 0.322 0.678 B
Occ_5 0.712 0.288 C
Occ_6 0.117 0.883 M
Occ_7 0.998 0.002 C
Occ_8 0.846 0.154 C
Occ_9 0.432 0.568 B

Panel C: Skills Distribution by Education-Gender Groups

Education Female Male

Low (L)

(
−0.131
−0.147

)
,
(

0.243 0.005
0.005 0.151

) (
0
0

)
,
(

0.332 −0.005
−0.005 0.227

)
ρ = 0.137 ρ = −0.063

Medium (M)

(
−0.027
−0.033

)
,
(

0.293 0.02
0.02 0.209

) (
0.124
0.075

)
,
(

0.364 0.001
0.001 0.278

)
ρ = 0.332 ρ = 0.007

High (H)

(
0.364
0.21

)
,
(

0.302 0.027
0.027 0.313

) (
0.497
0.284

)
,
(

0.301 0.019
0.019 0.373

)
ρ = 0.287 ρ = 0.165

Panel A reports Cobb-Douglas coefficients λjk (skill elasticities) and β jk (experience elasticities), the idiosyncratic wage–shock
variance ς2

j , and occupational prices αj by occupation. By normalization Occ_7 is purely Cognitive (λ7,1 = 1, λ7,2 = 0) and
Occ_3 purely Manual (λ3,1 = 0, λ3,2 = 1). Panel B reports task importance weights ωjk from the Mihaylov and Tijdens (2019)
classification, which govern task aggregation and time allocation within occupations. Type indicates occupation classification
based on task weights: C = Cognitive-intensive (ωj,C ≥ 2/3), M = Manual-intensive (ωj,M ≥ 2/3), B = Balanced. Panel C
reports EM estimates of prior means (first matrix for each education group) and covariance matrices (second matrix) for
Cognitive (θC) and Manual (θM) skills by education-gender group, with implied correlation ρ shown below. Low-educated
male group is normalized to zero mean skills.
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with skill elasticities—occupations that value a skill dimension also reward experience in it—
and cognitive task experience yields generally steeper returns, consistent with Deming (2025).
Panel B reports the task importance weights ωjk from Mihaylov and Tijdens (2019), which gov-
ern time allocation within occupations and determine differential exposure to technological
shocks. Panel C shows the estimated skill distributions by education-gender group, with low-
educated males normalized to zero. Mean skills rise with education and the cognitive-manual
gap widens progressively. Cross-skill correlations increase with education and are higher for
females, reflecting more balanced skills among high-educated women.

B.3 Stage 2 Estimation Results: Dynamic Choice Parameters

Table 4: Stage 2: NFXP Estimates of Dynamic Choice Parameters

Switching costs: κ(e) = κ0 + κ1 · e Occupation-specific amenities ηj

κ0 0.979 η0 (normalized) 0.000
κ1 0.017 η1 0.042
ϱ (calibrated) 0.250 η2 −0.205

η3 0.060
η4 0.067
η5 0.054
η6 0.026
η7 −0.017
η8 −0.156
η9 0.119

B.4 The Learning Value of Occupations

Occupations differ not only in wage levels and returns to skills and experience, but also in how
informative wages are about a worker’s latent skills. In the model, after choosing occupation j
the worker observes the wage-implied signal

sijt = wijt − pj − β′j log τit = λ′jξ i + ε ijt, ε ijt ∼ N (0, ς2
j ),

where ξ i collects latent log skills and ς2
j is the occupation-specific noise variance. A worker

in education-gender group g enters with prior ξ | g ∼ N (µg, Σg). I summarize the informa-
tiveness of occupation j for entrants in group g using the expected information gain from one
period of wages, defined as the mutual information between skills and the signal23:

IGentry
jg = I(ξ; s | g) = 1

2 log
(

1 + λ′jΣgλj/ς2
j

)
. (38)

The expression has a signal-to-noise interpretation: information gain is higher when occupa-

23Under conjugate normal updating, the posterior covariance Σt+1(j) = Σg − Σgλj(λ
′
jΣgλj +

ς2
j )
−1λ′jΣg is deterministic. The expected KL divergence from posterior to prior reduces to

1
2 log(det Σg/ det Σt+1), and the matrix determinant lemma gives (38).
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tion j loads strongly on dimensions about which entrants are ex ante uncertain, and when wage
noise is small. Because priors differ across groups through Σg, the same occupation can deliver
different learning value across groups. Cross-skill correlation enters through the quadratic
form λ′jΣgλj: an occupation loading primarily on one dimension can still update beliefs about
the other to the extent that skills are correlated in the prior.

Table 5: Learning Value of Occupations at Entry by Education-Gender Group

H_Feminino H_Masculino L_Feminino L_Masculino M_Feminino M_Masculino

Occ_0 0.810 0.835 0.492 0.665 0.694 0.781
Occ_1 0.839 0.916 0.417 0.588 0.640 0.732
Occ_2 0.935 1.014 0.488 0.672 0.728 0.824
Occ_3 0.851 1.000 0.359 0.606 0.551 0.756
Occ_4 0.642 0.636 0.444 0.626 0.594 0.709
Occ_5 0.948 1.071 0.436 0.656 0.672 0.821
Occ_6 1.052 1.211 0.494 0.783 0.721 0.950
Occ_7 0.768 0.765 0.606 0.844 0.744 0.921
Occ_8 0.799 0.791 0.591 0.805 0.755 0.893
Occ_9 0.866 0.946 0.433 0.608 0.660 0.755

Notes: Entries report IGentry
jg in nats. Bold values denote the most informative occupation within each

education-gender group.

Table 5 reports IGentry
jg implied by the Stage 1 estimates. The occupations that maximize infor-

mation acquisition are typically specialized rather than balanced. For high-educated workers
and medium-educated males, the most informative occupation is Occ_6 (manual-intensive:
λ6,A = 0, λ6,M = 1.085); for low-educated groups, it is Occ_7 (purely cognitive); for medium-
educated females, it is Occ_8 (cognitive-intensive). These rankings reflect the interaction be-
tween occupational task content, group-specific prior uncertainty, and the prior correlation
structure.

C Appendix: Data and Additional Figures

Samples and Selection Criteria. The empirical analysis and structural estimation rely on
two related samples constructed from Quadros de Pessoal.

The large sample follows the standard selection criteria of Rute Cardoso and Portela (2009), Card
et al. (2016), and Fonseca et al. (2018). It is used to document the overarching empirical patterns
of occupational mobility at the 3-digit occupation level, providing reliable moments that serve
as external validation targets for the structural model.

The estimation sample is designed specifically for structural estimation using the lifecycle model.
Starting from the large sample, I apply the following additional selection criteria: (i) I keep only
workers first observed after 1995, with age at entry below 30 and zero initial experience—
ensuring I observe workers from the beginning of their careers; (ii) I retain each worker’s
first consecutive employment spell (allowing for the 2001 data gap), so that experience can be
tracked precisely from entry; (iii) I require at least 5 distinct years of observation per worker;
and (iv) I trim extreme hourly wages at the 1st and 99th percentiles.
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Because the estimation sample focuses on young entrants, it has a different age and experience
composition than the large sample. Table 6 compares the two samples side-by-side. Crucially,
the empirical patterns of occupational mobility are qualitatively consistent across the two sam-
ples. The descriptive empirical analysis and the structural model comparison use related but
not identical wage objects. In the empirical section, I use residualized wages in the large sam-
ple to isolate the component of within-occupation wage variation driven by unobserved fit or
comparative advantage. By contrast, the structural model is estimated on a more restricted
sample and a reduced occupational state space, so it is evaluated against moments based on
raw within-cluster wage ranks in the estimation sample, which constitute the natural model-
consistent empirical counterpart.

Table 6: Comparison of the Large Sample and the Estimation Sample

Large Sample Estimation Sample

Statistic Value Statistic Value

Total observations 29,428,668 Total observations 2,316,035
Number of unique workers 4,425,614 Number of unique workers 283,765
Number of unique firms 618,009 Number of unique firms 131,626
Number of unique occupations 103 Number of unique occupations 101
Years covered 1995–2019 Years covered 1995–2019

Average real hourly wage (€) 6.32 Average real hourly wage (€) 5.92
Average occupational tenure (years) 4.22 Average occupational tenure (years) 6.11
Average total experience (years) 11.77 Average total experience (years) 7.29

Gender & Education (% share) Gender & Education (% share)

Men 56.90 Men 55.91
Women 43.10 Women 44.09
Low education (1–2) 61.61 Low education (1–2) 33.43
Medium education (3) 23.53 Medium education (3) 33.30
High education (4–5) 14.85 High education (4–5) 33.26

Notes: The large sample is designed to maximize representativeness and the number of observations
for descriptive facts. The estimation sample is constructed from the large sample by applying the
following additional restrictions: (i) entry age below 30 with zero initial experience; (ii) first
consecutive employment spell only (the 2001 data gap is allowed); (iii) at least 5 distinct years observed
per worker; (iv) hourly wages trimmed at the 1st and 99th percentiles. Low education = Ensino Básico;
Medium = Ensino Secundário; High = Ensino Superior (Bachelor or more). Occupational tenure
(end-of-spell) and total experience are computed as the maximum per worker for both samples.

Task and Skill Classifications. The first classification, developed by Mihaylov and Tijdens
(2019), classifies occupations into non-routine abstract, non-routine interactive, non-routine
manual, routine cognitive, and routine manual tasks. The occupational code used in this paper
is based on the ISCO88, embedded in the Portuguese code CNP1994. Starting in 2010, CPP2010
was introduced in Quadros de Pessoal. This code is based on ISCO08, which Mihaylov and Ti-
jdens (2019) use. To ensure consistency across the classification change, I develop a mapping
algorithm that combines the official crosswalk between CNP1994 and CPP2010 with empirical
mappings based on workers who remained at the same firm during the 2009–2010 transition.
This hybrid approach minimizes misclassification of occupational switches around the code
change. I abstract from the routine dimension and focus on two broad categories: abstract and
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manual skills. Abstract/Cognitive skills sum non-routine abstract, routine cognitive, and non-
routine interactive tasks; manual skills sum non-routine manual and routine manual tasks. I
do this grouping because these are the most relevant dimensions to understand occupational
mobility directionality, and in the quantitative section I estimate the model with two skill di-
mensions for tractability, ensuring a cleaner mapping between data and model.

Robustness: Raw Hourly Wages. The empirical analysis in Section ?? uses residualized
wages as a proxy for unobserved worker ability or match quality. Figure 22 replicates the
main empirical facts from that section using raw real hourly wages to construct the within-
occupation percentiles. The patterns—the pseudo U-shape in switching, the directionality in
both wages and skills, and the task share changes—remain qualitatively robust when using
raw wages instead of residualized wages.
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(a) Probability of Switching & Skills Distance

(b) Directionality by Experience

(c) Task Content Directionality (Abstract/Manual and ESCO)

Figure 22: Robustness: Raw Wages. The figure replicates the main empirical facts using raw rather
than residualized wages. Panel (a) shows the probability of switching occupations and skills distance
by experience. Panel (b) shows directionality and rank-to-rank by experience group. Panel (c) shows
the change in abstract/manual and ESCO skill shares conditional on switching.
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Robustness: Estimation Sample (Clusters). Furthermore, Figure 23 reproduces the main
empirical analysis using the smaller estimation sample, where occupations are aggregated into
ten task-based clusters. As discussed in Section ??, this aggregation mechanically lowers mo-
bility levels, and the smaller sample size introduces more noise. Nevertheless, the figure shows
that the estimation sample still broadly matches the original empirical patterns documented in
the large sample, including the U-shape in switching and the dual directionality in wages and
task content. Note that for this robustness check, task distance (Panel a, right plot) is com-
puted using the Cognitive-Manual-Interpersonal (CMI) task space rather than the full ESCO
skill space.
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(a) Probability of Switching & Task Distance

(b) Directionality by Experience

(c) Task Content Directionality (Abstract/Manual and ESCO)

Figure 23: Robustness: Estimation Sample (Clusters). The figure replicates the main empirical facts
using the aggregated estimation sample and CMI task space. Panel (a) shows switching probabilities
and CMI task distance. Panel (b) shows directionality and rank-to-rank by experience group. Panel (c)
shows task content directionality.
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Robustness: Skill Granularity and Distance Measure. Figure 24 examines the robust-
ness of the skills distance patterns to the level of skill aggregation. The figure reports mean
(LOWESS-smoothed) and median task distance by residualized within-occupation wage per-
centile and experience group, using the cosine distance measure of Gathmann and Schönberg
(2010). The four rows correspond to the 8-dimension ESCO classification (Matrix 1.3), the 74-
dimension ESCO classification (Matrix 2.3), the full 296-dimension ESCO classification (Matrix
3.3), and the two-dimensional Cognitive–Manual space. The declining pattern of task distance
with match quality is robust across all granularity levels, although the range of variation nar-
rows at higher dimensions due to the concentration of cosine distance in high-dimensional
spaces.
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Figure 24: Robustness: Skill Granularity. Task distance (cosine distance, 1− Sim(j, j′), as in Gathmann
and Schönberg 2010) by residualized within-occupation wage percentile and experience group. Left
column: mean (LOWESS). Right column: median. Rows from top to bottom: ESCO 8 dimensions,
ESCO 74 dimensions, ESCO 296 dimensions, Cognitive–Manual (2 dimensions).
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Skills Distance: Summary Statistics. Table 7 reports summary statistics for the skills dis-
tance measure defined in equation (1). Panel A shows the distribution of pairwise distances
across all 115 three-digit ISCO-88 occupations mapped to the ESCO skill classification (6,555
unique pairs). The mean pairwise distance is 0.71 (std. 0.19), indicating that the average pair
of occupations has substantially different skill requirements. Panel B restricts to the 2.13 mil-
lion actual occupation switches observed in the data. The mean distance for switchers is 0.52
(std. 0.22, median 0.58), well below the unconditional mean—confirming that workers tend to
switch to occupations with similar skill profiles. The 10th percentile of switcher distances is
0.21, while the 90th percentile is 0.80.

The most distant occupation pair is glass and ceramics kiln operators and shoe cleaning and
street services workers (d = 0.99). The most similar pair (excluding identical occupations) is
stall and market salespersons and street food vendors (d = 0.04). Women switch slightly more
distant occupations on average (mean d = 0.53) than men (mean d = 0.51). Panel C reports
the three most common occupational switches by education group. The most popular move
for low-educated workers (education levels 1–2) is between mining and quarrying labourers
and building frame workers (d = 0.21; 23,000 transitions), while the most common move for
medium-educated workers (level 3) is between accounting clerks and bookkeepers (d = 0.36;
11,000 transitions). For high-educated workers (levels 4–5), the most frequent switches are be-
tween accounting clerks and bookkeepers (d = 0.36) and between physical science technicians
and architects and engineers (d = 0.43). Panels D and E decompose the most common switches
by gender and by gender × education. Men’s most frequent move is between labourers and
building frame workers—a short-distance switch within manual occupations—while women’s
most frequent move is between accounting clerks and bookkeepers. These gender differences
are largely driven by occupational sorting: low-educated men concentrate in construction and
manufacturing, while low-educated women concentrate in domestic and care services.
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Table 7: Skills Distance Summary Statistics. Cosine distance d(j, j′) = 1− Sim(j, j′) computed using
the 296-dimension ESCO skill classification. ISCO-88 three-digit occupation codes.

Mean Std Median p10 p25 p75 p90

Panel A: All occupation pairs (6,555 pairs)
All pairs 0.71 0.19 0.76 0.44 0.63 0.85 0.91

Panel B: Actual switchers (2,127,097 transitions)
All 0.52 0.22 0.58 0.21 0.33 0.69 0.80
Men 0.51 0.22 0.57 0.21 0.33 0.69 0.79
Women 0.53 0.22 0.58 0.22 0.34 0.69 0.81

Panel C: Most common occupation switch by group
Group Occupation switch d N

Low educ. (1–2) Labourers→ Building frame workers 0.21 23,070
Medium educ. (3) Accounting clerks→ Bookkeepers 0.36 10,987
High educ. (4–5) Accounting clerks→ Bookkeepers 0.36 9,364

Men Labourers→ Building frame workers 0.21 24,311
Women Accounting clerks→ Bookkeepers 0.36 16,774

Men, Low Labourers→ Building frame workers 0.21 23,016
Men, Medium Finance dealers→ Shop salespersons 0.59 7,174
Men, High Phys. science tech.→ Engineers 0.43 5,224

Women, Low Domestic helpers→ Cooks 0.33 11,301
Women, Medium Accounting clerks→ Bookkeepers 0.36 7,570
Women, High Accounting clerks→ Bookkeepers 0.36 6,374

(a) Pseudo U-shape by experience

Figure 25: Probability of switching occupation (vertical axis) by wage percentile within occupation (hor-
izontal axis), for four experience ranges (0–3, 3–6, 6–9, 9+ years). Solid lines = model predictions; dotted
lines = empirical patterns. Colors range from red (youngest) to blue (oldest).
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(a) Switching probability by wage percentile, experience, and education

Figure 26: Joint probability of switching occupation and education group (vertical axis) by wage
percentile within occupation (horizontal axis). Decomposition: Pr(switch = 1 | ranki(j,t)) =

∑g∈{L,M,H} Pr(switch = 1, educ = g | ranki(j,t)). Colors indicate education groups (Low, Medium,
High). Mobility at the bottom is driven by low-educated workers; high-educated workers exhibit higher
switching at the top.

(a) Key Occupational Mobility Patterns: Model vs Data

(b) Occupational Mobility Channels Decomposition in the Simple Model

Figure 27: Both subfigures contain three panels: (i) hazard rate of switching by experience (horizon-
tal axis: years; vertical axis: probability), (ii) directionality of moves by wage percentile (horizontal
axis: percentile; vertical axis: probability of up/down move), and (iii) overall switching probability by
wage percentile (horizontal axis: percentile; vertical axis: probability). Subfigure 27(a): Model predic-
tions vs empirical moments in a simplified model without switching costs, amenities, or idiosyncratic
shocks; left y-axis = model, right y-axis = data. Subfigure 27(b): Counterfactual simulations under Base-
line (green), Learning (magenta), and Experience (cyan).
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(a) Decomposition of wage gains by education and gender

Figure 28: Each panel shows a specific education-gender group (horizontal axis: years of experience;
vertical axis: percent wage gain). Four channels: Skills (sorting), Experience (human capital accumu-
lation), Prices (GE effects), and Residual. Low-educated workers, particularly women, experience the
largest costs from information frictions. The skill sorting channel dominates across all groups.

We construct our measure of earnings by summing a worker’s base salary plus any regular
earnings supplements and dividing the amount by his or her normal hours of work, this yields
the same "straight time" hourly wage used in Card et al. (2016). We obtain real hourly wages
by deflating our "straight time" using CPI Inflation with 1995 as base year. From the initial
dataset we eliminate entries if the worker ID is reported multiple times per year; for each
worker we drop the entire history if sex is changing over time, age is incosistent or the worker
is not aged between 20 and 55. We also drop observations if the hiring date for any job is
missing or inconsistent across observations. If the individual is observed in two consecutive
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Table 8: Distribution of Wage Gains from Occupational Reallocation

Education Gender Exp Share Mean P5 P25 Median P75 P95

Low F 1 35.4% 22.3 -2.0 7.3 16.4 30.0 65.8
Low F 10 41.3% 8.9 -10.7 -2.3 6.0 16.6 39.9

Low M 1 26.7% 17.7 -2.6 5.3 13.9 25.5 50.5
Low M 10 34.6% 8.0 -11.5 -3.5 5.0 16.0 37.5

Medium F 1 37.6% 21.6 -1.9 6.9 15.3 29.4 63.7
Medium F 10 41.7% 8.7 -10.5 -2.0 6.4 16.0 37.0

Medium M 1 29.6% 17.6 -1.2 6.1 13.4 24.2 49.4
Medium M 10 38.2% 8.7 -9.5 -1.8 6.4 15.7 36.4

High F 1 35.2% 15.2 -3.4 4.7 11.3 21.5 46.8
High F 10 38.1% 6.3 -11.3 -2.0 5.5 13.1 27.5

High M 1 33.3% 15.3 -2.5 5.1 11.4 21.6 45.7
High M 10 38.4% 6.7 -10.7 -1.8 5.2 13.3 29.3

Notes: The table reports the distribution of wage gains for workers who reallocate to
different occupations in the counterfactual scenario with perfect information relative
to the baseline economy with learning. The sample is partitioned by education level
(’Low’, ’Medium’, ’High’), gender (M=Male, F=Female), and years of labor market
experience. Share reports the percentage of workers in each cell who choose a differ-
ent occupation in the counterfactual equilibrium. Wage gains are calculated as the
percentage difference in wages between the counterfactual and baseline scenarios for
reallocated workers only.

Table 9: AI Exposure Shock: Parameter Changes by Occupation Cluster

AI Exposure Parameter Changes (δ = 1.00)

Cluster αC αM ωC ωM ∆ωC ∆ωM ∆λC ∆βC

0 0.478 0.0 0.117 0.883 −44.7% +5.9% −44.7% −44.7%
1 0.444 0.0 0.936 0.064 −4.9% +71.0% −4.9% −4.9%
2 0.409 0.0 0.322 0.678 −31.9% +15.2% −31.9% −31.9%
3 0.388 0.0 0.712 0.288 −15.4% +38.2% −15.4% −15.4%
4 0.356 0.0 0.015 0.985 −35.3% +0.5% −35.3% −35.3%
5 0.448 0.0 0.846 0.154 −11.1% +61.0% −11.1% −11.1%
6 0.434 0.0 0.998 0.002 −0.2% +77.2% −0.2% −0.2%
7 0.485 0.0 0.566 0.434 −29.0% +37.8% −29.0% −29.0%
8 0.392 0.0 0.201 0.799 −34.0% +8.5% −34.0% −34.0%
9 0.421 0.0 0.432 0.568 −29.2% +22.2% −29.2% −29.2%

Mean 0.426 0.0 0.515 0.485 −23.6% — −23.6% −23.6%

Notes: The table reports AI exposure and resulting parameter changes by occupation cluster following the Eloundou et al.
(2024) framework. αC and αM denote the weighted average AI exposure for cognitive and manual skills respectively, computed
from 296 ESCO Level 3 skills classified into exposure categories E0–E3. All manual skills have E0 (no exposure) since LLMs
cannot perform physical tasks, hence αM = 0 for all clusters. ωC and ωM are baseline skill importance weights calibrated from
Mihaylov and Tijdens (2019). ∆ωk denotes the percentage change in skill weight after applying the shock ωnew

k = ωk(1− δ · αk)
and renormalizing to sum to one. The cognitive skill weight decreases while the manual skill weight increases mechanically
due to renormalization. ∆λC and ∆βC equal ∆ωC since skill loadings and experience returns scale proportionally with skill
weights under the Cobb-Douglas aggregation. Clusters with high baseline cognitive share (e.g., Cluster 6 with ωC = 0.998)
show large percentage increases in manual share due to the small baseline, though the absolute change remains modest.
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Figure 29: Net task content (ωC −ωM) before and after AI adoption. Each point represents a simulated
worker positioned according to their true log cognitive skill ξC (horizontal axis) and true log manual
skill ξM (vertical axis). Color indicates the average net task importance of occupations held over the
lifecycle: blue indicates cognitive-specialized occupations (ωC > ωM), white indicates balanced occu-
pations (ωC ≈ ωM), and red indicates manual-specialized occupations (ωC < ωM). Left panel: Pre-AI
baseline. Right panel: Post-AI equilibrium. The comparison reveals that low-wage workers (those with
manual comparative advantage, above the diagonal) sort into more manual-intensive occupations after
AI, while high-wage cognitive specialists (below the diagonal) maintain their sorting into cognitive-
intensive occupations despite reduced returns.

Figure 30: Direct effects of AI on wages by demographic group. Bars show the percent change in mean
lifecycle wage by education-gender category (horizontal axis), illustrating the heterogeneous distribu-
tional consequences of AI-driven task transformation across demographic groups.
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Figure 31: Value of information by education-gender group under AI. Bars compare the average lifecycle
wage gain from removing information frictions (vertical axis: percent) in the baseline economy versus
the post-AI economy, disaggregated by education level and gender. The AI shock increases the value
of information mainly for men, reflecting the disproportionate increase in returns to manual skills in
which men tend to have higher skill levels.

Figure 32: Decomposition of the lifecycle wage cost of imperfect information under 50%-reduced
switching costs (0.5(κ0 + κ1 · exp)). Horizontal axis: years of potential experience; vertical axis: av-
erage relative wage gain (%). The total wage gap (black) is decomposed into Skills (blue), Experience
(red), and Prices (purple) channels. The Skills channel remains positive throughout—workers with low
switching costs keep improving their occupational sorting as they learn. The Experience channel turns
negative and deepens over time: workers under imperfect information accumulated experience in a
different occupation early in their career, and because output depends on experience in both task di-
mensions, this cross-task experience turns out to be productive later on. After approximately fourteen
years, the experience advantage offsets the remaining sorting disadvantage and the total wage gap turns
negative.
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Figure 33: LLM Classification Output: Example Skill Classifications by AI Exposure

E0 – No Exposure

{
"esco_skill": "moving and lifting",
"esco_code": "S5.5.1",
"dimension": "Manual",
"exposure": "E0",
"rationale": "Physical task"

}
{
"esco_skill": "negotiating",
"esco_code": "S4.7.2",
"dimension": "Cognitive",
"exposure": "E0",
"rationale": "Human interaction required"

}

E1 – Direct LLM

{
"esco_skill": "translating and

interpreting",
"esco_code": "S4.8.3",
"dimension": "Cognitive",
"exposure": "E1",
"rationale": "Core LLM capability"

}

E2 – LLM + Tools

{
"esco_skill": "programming computer

systems",
"esco_code": "S3.4.1",
"dimension": "Cognitive",
"exposure": "E2",
"rationale": "Needs IDE integration"

}

E3 – Vision AI

{
"esco_skill": "monitoring quality of

products",
"esco_code": "S1.4.1",
"dimension": "Cognitive",
"exposure": "E3",
"rationale": "Visual inspection required"

}

Summary

{
"total_skills": 296,
"manual": 138, "cognitive": 158,
"E0": 175, "E1": 41, "E2": 66, "E3": 14

}

Notes: Excerpts from the JSON classification of 296 ESCO Level 3 skills by Claude Opus 4.5 following Eloundou et al. (2024).
Each entry contains: esco_skill (skill name), esco_code (ESCO identifier), dimension (Manual or Cognitive), exposure (E0–
E3), and rationale. Categories: E0 = no exposure; E1 = direct LLM; E2 = LLM + tools/data; E3 = vision AI. All manual skills
receive E0. Full file in replication materials.

years at different firms, but the hiring date for the second job is the same as the hiring date
for the first job we drop the entire history for a worker. We also drop individuals who have
missing education and we drop workers with education decreasing over time. The sample is
further restricted to full-time workers (30h per week or 130h per month) that earns at least
the minimum wage. Following Fonseca et al. (2018), we drop workers in occupations and
industries associated with the primary sector, given that the survey is optional for those. We
also drop workers in public administration and defense24 and drop a worker history if he/she
has been in sectors with less than 100 workers reported or in occupations with less than 100
workers reported in a given year. As we are also interested in occupational mobility within
firms, we drop workers in firms with less than 3 employees. Regarding industry codes, the
CAE Rev. 3 (Classificação Portuguesa de Actividades Económicas, Revisão 3) replaced the CAE
Rev 2.1 (Classificação Portuguesa de Actividades Económicas, Revisão 2.1) used since 199525.
While for occupations, the National Classification of Occupations 1994 (CNP/94) was used
from 1994 until 2009 and was then replaced by the Portuguese Classification of Occupations
2010 (CPP/2010) that is embedded in the ISCO08 international classifications. I develop an

24These correspond to industries with NACE code A,B,C,L and Q before 2007, when the CAE rev2-
rev2.1 was used in Portugal, and to the industries A,B,O and U after the CAE rev3 industry classification
was introduced in Portugal, starting from 2007. Occupations dropped belong to the 2 digits group 11,61
and 92 for the CNP 1994 and 11, 61, 62, 63 and 92 for the CPP 2010.

25Between 2002 and 2003 the system of industry classification used for Quadros de Pessoal changed
from CAE Rev 2 to CAE Rev 2.1. At 2 digits level, only two industries were introduced: 96 Activ. de
produção de bens pelas famílias p/ uso próprio; 97 Activ. de produção de serviços pelas famílias p/ uso
próprio.
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(a) Change in task content for occupation switchers using different task classifications

Figure 34: Change in task shares (vertical axis) by within-occupation wage percentile (horizontal axis)
for occupation switchers, comparing those who stay at the same firm versus those who switch firms.
Based on the abstract/manual task classification and ESCO skill measures.

algorithm to minimize the number of occupational switch missclassifcation in the years around
the occupational code change.

C.1 Exit Probability Calibration

The exit probability parameters (ψ and ā) in the external parameters table are set using a left-
truncated logistic hazard model. Figure 35 shows the calibration results, comparing empirical
survival and exit probability patterns with the fitted model.

C.2 Empirical evidence on wage changes upon occupational switches

C.2.1 Event–study with stayers as control group

This section estimates dynamic wage effects of occupational switches using a compact event–study
in first differences with stayers as the reference group. Let t index calendar years and i workers.
Define the log real hourly wage wit and the one–year change

∆ log wit ≡ log wit − log wit−1.
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(a) Exit probability calibration

Figure 35: Panel (A): Empirical vs fitted survival probabilities (horizontal axis: experience; vertical axis:
survival probability). Panel (B): Empirical vs fitted exit probabilities (horizontal axis: experience; vertical
axis: exit probability). Vertical dashed line = truncation point e0 = 3. Fitted model: left-truncated logistic
hazard with ψ = 0.072 and ā = 27.22.

For each worker–year t, mark whether the worker executes a consecutive occupation switch be-
tween t and t+1 and classify the switch by the dominant increase in the occupation’s task
indexes. We combine cognitive and interpersonal task content into a single Abstract mea-
sure, yielding: (i) ↑Abstract, (ii) ↑Manual; all other switches are coded as Similar Task Con-
tent. Denote these mutually exclusive indicators by Dg

it ∈ {0, 1} for g ∈ {Abs, Man, Other}.
Worker–years with no switch are stayers and form the omitted category.

Event time is anchored at the year t in which the (consecutive) switch occurs, so that outcomes
at relative time τ are ∆ log wit+τ. For each τ ∈ {−3,−2,−1, 0, 1, 2, 3, 4} we run a separate OLS:(

∆ log wit+τ

)◦︸ ︷︷ ︸
demeaned by year t

= ατ + ∑
g

βτg Dg
it + θ′τ X◦it + ε itτ, (39)

where Xit includes education fixed effects (baseline = level 1), experience and experience2. A
◦ superscript indicates demeaning by the calendar–year mean of the corresponding regressor
(and of the dependent variable) computed in year t; this absorbs year fixed effects. Standard
errors are clustered by worker.

The coefficients βτg measure, at each relative time τ, the mean difference in annual wage
growth between type–g switchers and same–year stayers, conditional on controls. To present
wage levels around the event—matching the figure—we cumulate the estimated growth effects
across relative time and normalize at τ = −1:

Cg(k) =
k

∑
τ=−3

β̂τg −
−1

∑
τ=−3

β̂τg, k ∈ {−3, . . . , 4},

so that Cg(−1) = 0. Shaded 95% confidence bands in the figure are obtained by cumulating
worker–clustered standard errors (normal approximation).
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(a) Cumulative wage changes around occupational switches

Figure 36: Cumulative ∆ log real wage (vertical axis) by event time relative to switch (horizontal axis:
years from −3 to +4), normalized at τ = −1. Lines: ↑ Abstract (green, solid), ↑Manual (black, dotted),
Similar Task Content (blue, dash-dot). Shaded areas = 95% confidence bands clustered by worker.

C.2.2 Wage changes by initial position within occupation

Workers at different positions in their origin occupation’s wage distribution experience markedly
different wage trajectories upon switching. Figure 37 shows cumulative wage changes for
switchers across the initial wage percentile distribution.

For each switcher, we calculate their wage percentile within their origin occupation (in the year
before switching) and track cumulative log wage changes over the following four years. The
plot reveals a strong negative relationship: workers initially at the bottom of their occupation’s
wage distribution experience cumulative gains exceeding 30%, while those at the top initially
lose wages but recover to modest gains of approximately 10% by year four. This pattern persists
across all time horizons and suggests that occupational switching is particularly beneficial for
workers who were poorly matched to their origin occupation.

D Appendix: Model

This appendix provides additional derivations and describes the computational algorithms
used to solve the model.

D.1 Firm’s Time Allocation Problem

This section derives the optimal allocation of worker time across tasks within an occupation.
Following ?, I assume that the firm controls the worker’s time allocation to maximize current
output, and that this allocation is non-contractible.

Consider a worker with skills θ = (θ1, . . . , θK) and task-specific experience τ = (τ1, . . . , τK)

employed in occupation j. Task-level output is:

yjk = ℓjk · θ
λjk
k · τ

β jk
k , (40)

75



(a) Cumulative wage changes by initial wage percentile

Figure 37: Cumulative log wage change (vertical axis) by initial wage percentile within origin occu-
pation (horizontal axis), for Years 0–4 after switching (separate lines). Workers at lower percentiles
experience larger wage gains from switching.

where ℓjk ∈ [0, 1] is the fraction of unit time allocated to task k, subject to ∑K
k=1 ℓjk = 1, and λjk

and β jk are the primitive elasticities of skill and experience in task k within occupation j. Tasks
aggregate with Cobb-Douglas weights ωjk > 0 satisfying ∑K

k=1 ωjk = 1:

Yj =
K

∏
k=1

y
ωjk
jk . (41)

The firm’s problem is to choose {ℓjk}K
k=1 to maximize Yj subject to ∑k ℓjk = 1. Taking logs:

log Yj =
K

∑
k=1

ωjk
[
log ℓjk + λjk log θk + β jk log τk

]
. (42)

Forming the Lagrangian L = log Yj − µ
(
∑k ℓjk − 1

)
and taking first-order conditions:

∂L
∂ℓjk

=
ωjk

ℓjk
− µ = 0 ⇒ ℓjk =

ωjk

µ
. (43)

Summing over k and using ∑k ℓjk = 1 and ∑k ωjk = 1 yields µ = 1, so the optimal time
allocation is:

ℓ∗jk = ωjk. (44)

Key property: The optimal time allocation is independent of worker skills and experience. It de-
pends only on the task structure ωjk of the occupation. This result follows from the Cobb-
Douglas specification and greatly simplifies the analysis.
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D.2 Stationary Equilibrium Algorithm

The stationary equilibrium is characterized by constant occupation prices p = (pj)j∈O such
that markets clear in every period. We work with log prices p̃ = (log pj)j∈O . Given primitives
(λ, b) and CES demand parameters (σ, ϕ), the algorithm proceeds as follows:

Simulation-based computation via the ergodic theorem. The model induces a Markov
chain over worker states x = (h, µ, Σ, e, g). Because workers exit stochastically and are re-
placed by entrants drawn from the initial distribution π0

g(·), the chain repeatedly regenerates.
This demographic turnover makes the process aperiodic and ensures that initial conditions are
forgotten over time. Under these conditions, the chain admits a unique invariant distribution
π∗ and is ergodic. Therefore, for any integrable function f ,

1
N · Tsim

N

∑
i=1

T

∑
t=tburn+1

f (xit)
a.s.−→ Eπ∗ [ f (x)],

so the empirical mean over workers and post-burn-in periods consistently estimates the cor-
responding stationary expectation. Occupation outputs Yj are computed by applying this re-
sult to workers’ wage contributions conditional on choosing occupation j. The demographic
turnover induced by the exit hazard implies that the influence of initial conditions vanishes
well before the burn-in period ends.

• Step 0: Set an initial guess for log prices p̃(0), typically uniform across occupations. Com-
pute the target price index P∗ from empirical prices.

• Step 1: Given current log prices p̃(n), solve the worker’s stationary dynamic program-
ming problem to obtain value function coefficients Φ(n).

• Step 2: Using the optimal policy derived from Φ(n), simulate N workers for T periods.
Discard the first tburn periods; the demographic turnover from the exit hazard ensures
convergence to the ergodic distribution well before the burn-in ends.

• Step 3: For each occupation j, compute aggregate output Yj as the cross-sectional and
time average of workers’ wage contributions conditional on d = j, over the post-burn-in
sample.

• Step 4: Under CES demand with elasticity σ and weights ϕ, compute implied prices:

p̂j = ϕ1/σ
j Y−1/σ

j P∗.

• Step 5: Apply a damped update:

p̃(n+1) = (1− λ)p̃(n) + λ log p̂,

where λ ∈ (0, 1) is the damping parameter.

• Step 6: Check convergence. If ∥p̃(n+1) − p̃(n)∥ < ϵ, stop. Otherwise, return to Step 1.
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D.3 Transition Path Algorithm

The transition path algorithm computes the perfect foresight equilibrium between pre-shock
and post-shock stationary equilibria. Let T denote the transition horizon. The economy starts
at t = 0 in the pre-shock stationary equilibrium with primitives (λ, b) and log prices p̃init.
At t = 0, an unanticipated permanent shock changes the primitives to (λ′, b′). The economy
transitions toward the post-shock stationary equilibrium with log prices p̃final. Workers have
perfect foresight about the price path.

• Step 0: Initialization.

– Solve for pre-shock and post-shock stationary equilibria to obtain (p̃init, Φinit) and
(p̃final, Φfinal).

– Initialize the price path by linear interpolation:

p̃(0)
t =

(
1− t + 1

T + 1

)
p̃init +

t + 1
T + 1

p̃final, t = 0, . . . , T − 1.

– Compute initial worker states by simulating the economy at pre-shock stationary
prices.

• Step 1: Given current log prices {p̃(n)
t }T−1

t=0 :

– Set terminal condition ΦT = Φfinal.

– For t = T − 1, . . . , 0, compute value function coefficients by projecting the Bellman
operator:

Φt = Π
[

max
j∈O

{
rj(x; p̃(n)

t ) + β(1− δ(e))E[Vt+1(x′) | x, j]
}]

.

• Step 2: Starting from pre-shock initial states, simulate N workers forward for T periods
using the time-varying policy functions from {Φt} and the post-shock primitives (λ′, b′).

• Step 3: Compute implied prices. For each period t, compute occupation outputs Yjt and
implied prices:

p̂jt = ϕ1/σ
j Y−1/σ

jt P∗.

Apply moving average smoothing to reduce simulation noise.

• Step 4: Apply a damped update with Anderson acceleration:

p̃(n+1)
t = (1− λn)p̃(n)

t + λn log p̂t.

Use adaptive damping: reduce λn when oscillation is detected, increase when progress
is steady.

• Step 5: Compute the mean absolute deviation:

d(n) =
1

T · |O|∑t,j

∣∣∣ p̃(n+1)
jt − p̃(n)jt

∣∣∣ .
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Also check that tail prices converge to p̃final. If both criteria are satisfied, stop. Otherwise,
return to Step 1.

E Appendix: Estimation and Numerical Methods

E.1 EM Algorithm: Computational Details

We start with a guess for

Γ q =
{
(µ

q
g , Σ

q
g )

G
g=1, (p q

j )
J
j=1, (λ q

j )
J
j=1, (β

q
j )

J
j=1, (ς2,q

j )J
j=1

}
,

where q denotes the EM iteration. For each occupation j ∈ {1, . . . , J}, pj ∈ R is an oc-
cupation fixed effect interpreted as an occupation-specific price, λj ∈ RK are factor load-
ings on K latent skill components, β j ∈ RK are linear returns to log cumulative task tenure,
and ς2

j is the occupation-specific variance of idiosyncratic wage shocks. Workers belong to
groups g(i) ∈ {1, . . . , G} (education×gender in the application). We preprocess task tenures as
τit,k ← 1 + τit,k so that log(τit,k) is well-defined. In the structural model skills enter wages mul-
tiplicatively, and with log wages it is convenient to work with log skills. We therefore define
the latent state as ξ i := log θi ∈ RK. The group prior is

ξ i | g(i) = g ∼ N (µg, Σg). (45)

The (log) wage equation is

wijt = αj(t) + ξ′iλj(t) + β′j(t) log(τit) + ε ijt, ε ijt ∼ N
(
0, ς2

j(t)
)
, (46)

where αj(t) = log pj(t) and τit ∈ RK are observed cumulative task tenures (already shifted by
+1 prior to logging).

E.1.1 E-step

Conditional on parameters Γq, the posterior of ξ i is Gaussian. Let the worker-specific likelihood
implied by (46) be

p(wi | ξ i, Γq) =
T(i)

∏
t=t0(i)

1√
2π ς

2,q
j(t)

exp

(
− 1

2ς
2,q
j(t)

[
wijt − α

q
j(t) − ξ′iλ

q
j(t) − (β

q
j(t))

′ log(τit)
]2
)

,

and the prior density by (45). Bayes’ rule gives

p(ξ i | wi, Γq) ∝ p(wi | ξ i, Γq) p(ξ i | g(i), Γq),

and completing the square in ξ i yields the closed-form posterior.

Define the residual net of the occupation log price and task-tenure component,

Mq
ijt := wijt − α

q
j(t) − (β

q
j(t))

′ log(τit). (47)
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Then the posterior covariance and mean are

Ξ
q
i =

(
(Σ

q
g(i))

−1 +
T(i)

∑
t=t0(i)

1

ς
2,q
j(t)

λ
q
j(t)λ

q ′
j(t)

)−1

, (48)

ζ
q
i = Ξ

q
i

(
(Σ

q
g(i))

−1µ
q
g(i) +

T(i)

∑
t=t0(i)

1

ς
2,q
j(t)

λ
q
j(t) Mq

ijt

)
, (49)

ξ i | wi, Γq ∼ N
(
ζ

q
i , Ξ

q
i

)
. (50)

In the code, we store the posterior mean ζ
q
i and posterior covariance Ξ

q
i for each worker.

The expected wage log-likelihood (the Q-function wage component) can be written as

Eq[Lw] = −∑
it

∑
j

dijt

[
1
2 log

(
2π ς2

j
)
+

1
2ς2

j
Eq

[(
wijt − αj − ξ′iλj − β′j log(τit)

)2
]]

, (51)

where dijt is the occupation indicator. Using (47) with Γ = Γq and the posterior moments (50),

Eq

[(
wijt − αj − ξ′iλj − β′j log(τit)

)2
]
= (Mq

ijt)
2 − 2Mq

ijt λ′jζ
q
i + (ζ

q
i )
′λjλ

′
jζ

q
i + tr

(
λjλ

′
jΞ

q
i

)
. (52)

E.1.2 M-step

The M-step chooses Γq+1 to maximize

Q(Γ; Γq) = Eq
[
log p({ξ i}i, {wijt}it | Γ)

]
= Eq[Lprior] + Eq[Lw],

where Eq[·] is taken under (50). The updates separate into (i) prior parameters by group and
(ii) wage-equation parameters by occupation.

Prior parameters. Maximizing Eq[Lprior] over (µg, Σg) yields

µ
q+1
g =

1
Ng

∑
i∈g

ζ
q
i , (53)

Σ
q+1
g =

1
Ng

∑
i∈g

[
Ξ

q
i + (ζ

q
i − µ

q+1
g )(ζ

q
i − µ

q+1
g )′

]
. (54)

Wage-equation parameters. For each occupation j, define the stacked regressor and parameter
vectors

zit =

 1
ξ i

log(τit)

 ∈ R1+2K, ϕj =

αj

λj

β j

 ∈ R1+2K.

The first-order conditions of Eq[Lw] imply the normal equations(
∑
it

dijt Eq[zitz′it]

)
ϕj = ∑

it
dijt wijt Eq[zit], (55)
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with posterior expectations (using ξ i ∼ N (ζ
q
i , Ξ

q
i ))

Eq[zit] =

 1
ζ

q
i

log(τit)

 , Eq[zitz′it] =

 1 (ζ
q
i )
′ log(τit)

′

ζ
q
i ζ

q
i (ζ

q
i )
′ + Ξ

q
i ζ

q
i log(τit)

′

log(τit) log(τit)(ζ
q
i )
′ log(τit) log(τit)

′

 .

In computation, we stack all observations belonging to occupation j into a design matrix

Wj =
[
1 ζq log(τ)

]
∈ RNj×(1+2K),

where ζq denotes the posterior mean of the corresponding worker repeated across that worker’s
observations. The matrix of normal equations can be written as W′jWj plus an additive correc-
tion that inserts ∑ Ξ

q
i into the (λj, λj) block:

Sj = W′jWj +


0 0 0

0
Nj

∑
t=1

Ξ
q
i(t) 0

0 0 0

 , bj = W′jyj,

and we solve
(Sj + ρ I)ϕ

q+1
j = bj, (56)

with a small ridge parameter ρ > 0 for numerical stability. This yields (αq+1
j , λ

q+1
j , β

q+1
j ) jointly

for each j. If some λj are held fixed for normalization, (56) is partitioned and solved only for
the remaining free parameters conditional on the fixed λj.

Residual variances. Given (α
q+1
j , λ

q+1
j , β

q+1
j ), define

Mq+1
ijt = wijt − α

q+1
j − (β

q+1
j )′ log(τit), for observations with dijt = 1.

The expected squared residual is

R̃2,q+1
ijt = (Mq+1

ijt )2 − 2Mq+1
ijt (λ

q+1
j )′ζ

q
i + (ζ

q
i )
′λ

q+1
j (λ

q+1
j )′ζ

q
i + tr

(
λ

q+1
j (λ

q+1
j )′Ξ

q
i

)
,

and the variance update is the within-occupation average

ς
2,q+1
j =

∑
it

dijt R̃2,q+1
ijt

∑
it

dijt
. (57)

The algorithm iterates the E-step (48)–(50) and the M-step (53)–(57) until convergence. In the
numerical implementation, convergence is assessed using either a parameter-distance criterion
based on the mean squared change in the stacked parameter vector or an absolute tolerance on
the change in the Q-function.
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E.1.3 Likelihood Evaluation

The observed–data wage likelihood integrates out latent log skills ξ i under the group prior. For
a given parameter vector

Γ =
{
(µg, Σg)

G
g=1, (αj)

J
j=1, (λj)

J
j=1, (β j)

J
j=1, (ς2

j )
J
j=1

}
,

the per–worker contribution is

L̃w
i (Γ) =

∫
RK

{
Ti

∏
t=1

J

∏
j=1

[
ϕ
(

wijt; αj + ξ′iλj + β′j log(τit), ς2
j

)]dijt

}
ϕ
(
ξ i; µg(i), Σg(i)

)
dξ i, (58)

where ϕ(·; µ, ς2) denotes the univariate Normal density and ϕ(·; µ, Σ) the multivariate Normal
density. The sample log-likelihood is ∑N

i=1 log L̃w
i (Γ).

A Monte Carlo approximation draws ξ
(q)
i

iid∼ N (µg(i), Σg(i)) for q = 1, . . . , Q and replaces the
integral in (58) by a simple average:

L̃w
i (Γ) ≈

1
Q

Q

∑
q=1

Ti

∏
t=1

J

∏
j=1

[
ϕ
(

wijt; αj + ξ
(q)′
i λj + β′j log(τit), ς2

j

)]dijt
. (59)

In computation we avoid multiplying densities. For each draw define the time–summed log
contribution

S(q)
i (Γ) =

Ti

∑
t=1

J

∑
j=1

dijt log ϕ
(

wijt; αj + ξ
(q)′
i λj + β′j log(τit), ς2

j

)
,

where the univariate Normal log-density is evaluated as

log ϕ
(
w; µ, ς2) = − 1

2 log(2πς2)− (w−µ)2

2ς2 .

Then the Monte Carlo log-likelihood is computed by the log-mean-exp identity,

log L̃w
i (Γ) ≈ log

(
1
Q

Q

∑
q=1

e S(q)
i (Γ)

)
= logsumexp

(
{S(q)

i (Γ)}Q
q=1

)
− log Q, (60)

with the stabilized evaluation

logsumexp(a1, . . . , aQ) = amax + log
Q

∑
q=1

e aq−amax , amax = max
q

aq.

To stabilize comparisons across parameter values, we use common random numbers (CRN).
For each worker i we fix a sequence of standard–normal draws Z(q)

i ∼ N (0, I) and map them
through the current group prior:

ξ
(q)
i = µg(i) + Lg(i) Z(q)

i , LgL′g = Σg.

Hence the simulation noise is held fixed while ξ
(q)
i updates coherently with (µg, Σg). When

increasing Q, we append additional draws rather than resampling.
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With R distinct initializations {Γ(0,r)}R
r=1, we run the EM algorithm to convergence for each

start, yielding limit points Γ̂(r). For each converged solution we evaluate the Monte Carlo
sample log-likelihood using (60) at a fixed draw size Q (and the same CRN across r),

ℓ̂Q(Γ) :=
N

∑
i=1

log L̃w
i (Γ).

The selected estimator is the maximizer across starts,

Γ̂ = Γ̂(r⋆), r⋆ ∈ arg max
1≤r≤R

ℓ̂Q
(
Γ̂(r)).

Using common random numbers ensures that differences in ℓ̂Q(Γ̂
(r)) across starts primarily

reflect fit rather than simulation noise.

E.2 NFXP Algorithm: Computational Details

E.2.1 Gaussian–Hermite Quadrature for Multivariate Normal Log Skills

In the dynamic model, the full state at time t is

xt ≡
(
ξ̃t, Σ̃t, τt, dt−1

)
∈ X ,

where ξ̃t ∈ RK and Σ̃t ∈ RK×K are the posterior mean and covariance of log skills ξ ≡ log θ,
τt ∈ RK

+ are task tenures, and dt−1 ∈ O is last period’s occupation (an explicit state variable).
If the worker chooses occupation m ∈ O at time t, she pays a contemporaneous switching cost
C(m, dt−1, et) ≥ 0 (with C(dt−1, dt−1, et) = 0), which only shifts the current deterministic index
(wage plus amenities) and does not affect belief updating or the law of motion for tenures.

Conditional on choosing m at t, the end-of-period log wage is

log Wmt = pmt + λ⊤mξ + β⊤m log τt + εmt, εmt ∼ N (0, ς2
m),

where pmt is the log occupation price, λm ∈ RK are factor loadings, and βm ∈ RK are the linear
returns to log τt. Define the demeaned signal

smt ≡ log Wmt − pmt − β⊤m log τt = λ⊤mξ + εmt. (61)

The linear–Gaussian update yields

ξ̃t+1 = ξ̃t + Gmt

(
smt − λ⊤m ξ̃t

)
, (62)

Σ̃t+1 = Σ̃t −Gmtλ
⊤
mΣ̃t, (63)

Gmt = Σ̃tλm

(
λ⊤mΣ̃tλm + ς2

m

)−1
, szz ≡ λ⊤mΣ̃tλm + ς2

m. (64)

Tenures evolve deterministically as τt+1 = τt + bm, and the next “previous occupation” com-
ponent of the state becomes dt = m.
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Given (ξ̃t, Σ̃t) and choice m, the next covariance Σ̃t+1 is deterministic:

Σ̃t+1 =
(

Σ̃−1
t + ς−2

m λmλ⊤m

)−1
= Σ̃t −

Σ̃tλmλ⊤mΣ̃t

λ⊤mΣ̃tλm + ς2
m

. (65)

By contrast, the next posterior mean ξ̃t+1 is random ex ante because it depends on the yet-
unseen innovation smt − λ⊤m ξ̃t. Taking expectations in (62) and using E[ smt | ξ̃t, Σ̃t, m ] = λ⊤m ξ̃t

gives
E
[
ξ̃t+1 | ξ̃t, Σ̃t, m

]
= ξ̃t.

Its ex-ante covariance is

Var
(
ξ̃t+1 | ξ̃t, Σ̃t, m

)
= Gmt szz G⊤mt =

Σ̃tλmλ⊤mΣ̃t

λ⊤mΣ̃tλm + ς2
m
≡ Σ

(m)
t+1. (66)

Combining (65)–(66) yields the law-of-total-variance identity

Σ̃t = Σ̃t+1︸︷︷︸
uncertainty after observing the wage (deterministic)

+ Σ
(m)
t+1︸︷︷︸

variance of the next posterior mean (random)

, Σ
(m)
t+1 = Σ̃t− Σ̃t+1.

(67)

Let G be any measurable functional of the next-period state. Because the next “previous occu-
pation” is dt = m, the continuation term conditional on choosing m is

E
[
G
(
ξ̃t+1, Σ̃t+1, τt+1, dt = m

) ∣∣ ξ̃t, Σ̃t, τt, dt−1, m
]
=
∫

RK
G
(
z, Σ̃t+1(m), τt + bm, m

)
ϕK
(
z; ξ̃t, Σ

(m)
t+1

)
dz.

(68)

Switching costs only enter the current period’s deterministic index (wage + amenities − cost)
and therefore lie outside the integral in (68); the integral averages solely over the randomness
in the next posterior mean.

Let Σ
(m)
t+1 = U(m)

t+1U(m)⊤
t+1 be the (lower-triangular) Cholesky factorization. With the change of

variables
x =

(
U(m)

t+1

)−1(z− ξ̃t
)/√

2 ⇐⇒ z = ξ̃t +
√

2 U(m)
t+1 x,

the Jacobian gives dz = 2K/2 |det U(m)
t+1 | dx and

ϕK
(
z; ξ̃t, Σ

(m)
t+1

)
dz = π−K/2 e−x⊤x dx.

Hence the Gaussian–Hermite transform of (68) is∫
RK

G
(
z, Σ̃t+1(m), τt + bm, m

)
ϕK
(
z; ξ̃t, Σ

(m)
t+1

)
dz = π−K/2

∫
RK

G
(

ξ̃t +
√

2 U(m)
t+1 x, Σ̃t+1(m), τt + bm, m

)
e−x⊤x dx.

(69)

Let {(νr, ωr)}N
r=1 be the univariate Gauss–Hermite nodes and weights satisfying

∫
R

g(x)e−x2
dx ≈

∑N
r=1 ωr g(νr). For K dimensions,

∫
RK

g(x) e−x⊤x dx ≈
N

∑
r1=1
· · ·

N

∑
rK=1

(
ωr1 · · ·ωrK

)
g
(
νr1 , . . . , νrK

)
.

Applying this quadrature to (69) yields a numerically stable approximation to the continuation
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expectation in (68).

Let s(xt) ≡ 1− δ
(
∑k τkt

)
∈ (0, 1) be the survival factor. Define the choice-specific deterministic

index at state xt by

νm(xt) ≡ E
[
log Wmt | ξ̃t, Σ̃t, τt, pmt

]
+ ηm−C(m, dt−1, et)+ β s(xt)E

[
W(ξ̃t+1, Σ̃t+1, τt+1, dt = m) | xt, m

]
,

where the continuation expectation is approximated via (69). Then the integrated value is

W(xt) = ϱ log ∑
m∈O

exp
(

νm(xt)/ϱ
)

,

where the only role of switching costs in this subsection is to subtract C(m, dt−1, et) from the
static component of νm(xt); the Gaussian–Hermite integral itself averages exclusively over the
randomness in the next posterior mean.

E.2.2 Occupation–Specific Integrated Values and Fixed Point

Let J := |O|. We work with occupation-specific integrated values

Wj(x) ≡ W
(
F̃ , τ, dt−1 = j

)
, x := (F̃ , τ) ∈ X ,

i.e., the log-sum value before idiosyncratic taste shocks when the lagged occupation equals j.
Let the survival factor be s(x) = 1− δ(T) ∈ (0, 1), where T = ∑K

k=1 τk. For a prospective choice
m ∈ O, define the deterministic index

νm|j(x) = E
[
u(wm(τ)) | F̃

]
+ zm − C(m, j, e)

+ β s(x)E
[

Wm(x′)
∣∣ x, m

]
, (70)

where C(m, j, e) = 1{m ̸= j}
(
γc

0 + γc
1e + γc

2e2), and the continuation expectation is evaluated

by Gaussian–Hermite quadrature using the mapping ξ̃′ = ξ̃ +
√

2 U(m)
t+1 x(gh) and τ′ = τ + bm.

With i.i.d. EV–I(0, ϱ) shocks, the occupation-specific integrated values satisfy, for each j ∈ O,

Wj(x) = γ̃ ϱ + ϱ log

(
∑

m∈O
exp
(

νm|j(x)/ϱ
))

, x ∈ X , (71)

where γ̃ = 0 under the mean-zero Gumbel normalization (or γ̃ = γ ≃ 0.57721 under the
standard parameterization). Define W(x) = (W1(x), . . . , WJ(x))⊤. The Bellman operator T
maps W into TW by applying (71) componentwise at all (x, j).

At state (x, j), the CCPs are

P
(
dt = m | x, j

)
=

exp
(
νm|j(x)/ϱ

)
∑ℓ∈O exp

(
νℓ|j(x)/ϱ

) , m ∈ O. (72)

E.2.3 Smolyak (Sparse–Grid) Approximation Integrated Value Function

The continuous state x = (ξ̃, τ) ∈ R2K can be high-dimensional. We approximate each Wj(·)
on a sparse grid using the Smolyak method (Malin et al. 2011) with Chebyshev polynomials.
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Fix lower/upper bounds for each component of x. Let d = 2K be the continuous-state dimen-
sion and µ the Smolyak level. The sparse grid is

H d,µ =
⋃

i: |i|=d+µ

(
Gm(i1) × · · · × Gm(id)

)
, |i| := i1 + · · ·+ id,

where Gm(·) are nested univariate nodes (Chebyshev extrema). For a given multi-index i, the
tensor-product interpolant for Wj is

Wi
j (x; ϕ(j,i)) =

m(i1)

∑
l1=1
· · ·

m(id)

∑
ld=1

ϕ
(j,i)
l1···ld Tl1(x1) · · · Tld(xd) = ϕ(j,i)⊤T(x),

with T(x) the basis vector of multivariate Chebyshev polynomials. The Smolyak combination
gives the global approximation

Ŵ d,µ
j (x) = ∑

d≤|i|≤d+µ

(−1)d+µ−|i|
(

d− 1
d + µ− |i|

)
Wi

j (x; ϕ(j,i)). (73)

E.2.4 Computation of the Occupation–Specific Fixed Point

We compute the fixed point of (71) jointly for all j ∈ O using value iteration with sparse-grid
interpolation.

1. Choose bounds for x = (ξ̃, τ) and build the sparse gridH d,µ.

2. Select GH order N and tabulate the univariate nodes/weights {(νr, ωr)}N
r=1.

3. Initialize all Smolyak coefficient blocks {ϕ(j,i)} for j ∈ O, d ≤ |i| ≤ d + µ.

Given current approximations {Ŵ d,µ
m }m∈O , update each component Wj at each grid node x ∈

H d,µ:

1. For each prospective choice m ∈ O, form the deterministic index

νm|j(x) = E[u(wm(τ)) | F̃ ] + zm − C(m, j, e) + β s(x)E
[
Ŵ d,µ

m (x′) | x, m
]

,

where the inner expectation is approximated by GH using (69) and the mapping ξ̃′ =

ξ̃ +
√

2 U(m)
t+1 x(gh) and τ′ = τ + bm.

2. Compute

W̃j(x) = γ̃ ϱ + ϱ log

(
∑

m∈O
exp

{
νm|j(x)/ϱ

})
.

3. Update coefficients {ϕ(j,i)} so that the interpolant Ŵ d,µ
j (x) (via (73)) matches W̃j(x) at all

nodes x ∈ H d,µ.

Iterate until the uniform difference across occupations falls below the tolerance:

max
j∈O

sup
x∈H d,µ

∣∣∣ Ŵ d,µ
j,new(x)− Ŵ d,µ

j,old(x)
∣∣∣ < tol.
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For small ϱ, compute ϱ log
(
∑m evm/ϱ

)
stably by shifting with vmax = maxm vm:

ϱ log
(
∑
m

evm/ϱ
)
= ϱ log

(
evmax/ϱ ∑

m
e(vm−vmax)/ϱ

)
= vmax + ϱ log

(
∑
m

e(vm−vmax)/ϱ
)

.

E.2.5 Policy Functions, CCPs, and Simulation

Given {Ŵ d,µ
j }j∈O , the CCPs at (x, j) follow from (72). To simulate a worker’s path:

1. Given (ξ̃t, Σ̃t, τt, j), compute CCPs {P(dt = m | xt, j)}m∈O and draw dt (or use the argmax
for policy).

2. Draw a wage residual εdt,t ∼ N (0, ς2
dt
) and set

log Wdtt = pdtt + λ⊤dt
ξ + β⊤dt

log τt + εdt,t.

Equivalently, the signal in (61) is sdtt = log Wdtt − pdtt − β⊤dt
log τt.

3. Update beliefs via (62)–(64) using m = dt.

4. Update tenures: τt+1 = τt + bdt .

5. Update the discrete state: j← dt (next period’s lagged occupation).

E.2.6 Differentiable NFXP Implementation (JAX)

Estimation of the dynamic parameters ∆ requires a nested fixed point (NFXP) approach (Rust
1987): for each candidate ∆, the inner loop solves the worker’s dynamic program to obtain
continuation values, and the outer loop evaluates the choice log-likelihood. One likelihood
evaluation is the composition

∆ 7−→ Φ⋆(∆) 7−→ P∆(· | x) 7−→ ℓc(∆),

where Φ⋆(∆) denotes the sparse-grid coefficients of the integrated value function at the fixed
point. I implement this pipeline in JAX, exploiting reverse-mode automatic differentiation (AD)
to obtain exact gradients of the outer objective without finite differences.

The taste-shock scale ϱ = 0.25 is held fixed throughout (see Section ??). The optimizer works
with an unconstrained vector θ, mapped to the remaining structural parameters via smooth
transformations (softplus for positivity constraints on κ0, κ1; amenities anchored at η0 = 0).
This yields ∆ = ∆(θ) with well-defined derivatives throughout.

The central challenge is differentiating through the inner fixed point. A standard tolerance-
based iteration introduces variable-length control flow that is incompatible with AD. I instead
run a fixed number K of Bellman iterations on the sparse-grid coefficients:

Φ(k+1) = T(Φ(k); ∆), k = 0, . . . , K− 1,
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where T is the Bellman operator applied at the sparse-grid nodes, with continuation values
computed via interpolation and Gaussian–Hermite quadrature. With K fixed, ΦK(∆) is a finite
composition of differentiable maps, making the entire inner loop amenable to AD. K is chosen
large enough that ΦK is within numerical tolerance of Φ⋆.

Given ΦK, the implied CCPs follow the multinomial logit form:

P∆(d = j | x) =
exp(νj(x; ∆, ΦK)/ϱ)

∑m∈O exp(νm(x; ∆, ΦK)/ϱ)
,

where νj(·) includes current expected utility and the discounted continuation value. The choice
log-likelihood is

ℓc(∆) =
N

∑
i=1

log P∆(di | xi),

evaluated in fixed-size batches to keep GPU memory bounded.

The outer objective L(θ) ≡ −ℓc(∆(θ)) depends on θ both directly through ∆ and indirectly
through the inner solution ΦK(∆). The total derivative is

∇θL(θ) = −
[

∂ℓc

∂∆
+

∂ℓc

∂Φ
∂ΦK

∂∆

]
∂∆

∂θ
.

Since ΦK(∆) = T(·; ∆) ◦ · · · ◦ T(·; ∆)(Φ(0)), reverse-mode AD computes ∂ΦK/∂∆ by propagat-
ing adjoints backward through the K Bellman steps. Letting Φ̄(k) denote the adjoint at step k,
the backward recursion is

Φ̄(k) =

(
∂T
∂Φ

∣∣∣
Φ(k),∆

)⊤
Φ̄(k+1), k = K− 1, . . . , 0,

with gradient contributions accumulated at each step:

∇∆ℓ
c ← ∇∆ℓ

c +

(
∂T
∂∆

∣∣∣
Φ(k),∆

)⊤
Φ̄(k+1).

The resulting gradient is an analytical derivative of the NFXP objective for the chosen K,
with no finite-difference approximation. To manage memory, intermediate Bellman iterates
are recomputed during the backward pass (checkpointing) rather than stored. The full NFXP
evaluation—inner fixed-point iteration plus batched likelihood on N ≃ 2.4 million observations—
runs in approximately 31 minutes on a single NVIDIA H100 GPU node.
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