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pattern. We build a search model featuring multiple learning sources whose benefits
evolve as workers accumulate human capital. Quantitative results indicate that internal
learning is more important than external learning for early-career human capital, and
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coworkers.
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1 Introduction

Ever since Becker (1962), the economics literature has recognized the importance of on-the-
job learning in driving lifecycle wage dynamics (Rubinstein and Weiss (2006)). Work in
this literature has identified several key inputs driving on-the-job human capital acquisition,
including on-the-job training (Acemoglu (1997); Acemoglu and Pischke (1998), Moen and
Rosén (2004), Ma et al. (2020)), learning-by-doing (Bagger et al. (2014), Gregory (2019)),
and coworkers (Nix (2017), Akcigit et al. (2018), Herkenhoff et al. (2024), Jarosch et al.
(2021)).1 To date, this literature has focused on studying each input individually, and
thus has not yet considered how different inputs interact and jointly shape on-the-job skill
acquisition. This paper contrasts with this literature by studying the shared scope of different
learning sources to influence lifetime human capital and wage dynamics.

Motivated by the literature and data, we focus on two sources of learning: internal learning
(or learning through colleagues), which draws on firms’ internal knowledge and thus depends
on coworker quality and firm structure; and external learning (or external on-the-job train-
ing), which draws on external knowledge and may depend on broader institutional aspects.2

Distinguishing between these two sources of learning and studying their shared scope to
influence lifetime wage dynamics is important for several reasons. First, given that these
two sources draw from separate knowledge pools, their relevance varies with worker and firm
characteristics. This has important implications for designing policies aimed at enriching
worker learning, and understanding the impact of shocks that affect these two sources of
learning asymmetrically. An example of a prominent such shock which we examine in this
paper, is the post-pandemic rise in remote work which has disrupted face-to-face interac-
tions between coworkers and thus greatly affected internal learning. Second, the two learning
sources imply different incentives for human capital acquisition outside of usual productivity
gains. Through internal learning, more knowledgeable workers may be compensated for gen-
erating valuable learning spillovers to their coworkers. However, through external learning,
these knowledgeable workers may have strong incentives to leave their jobs and start their
own teaching-focused enterprises. We show in this paper that accounting for these non-own
productivity aspects of human capital is important to fully understand the role of human

1Other inputs explored in the literature include formal schooling (Ben-Porath (1967)), knowledge hierarchies,
(Garicano (2000); Garicano and Rossi-Hansberg (2004, 2006), Caicedo et al. (2019)), materials (Manuelli
and Seshadri (2014)), and managerial inputs (Burstein and Monge-Naranjo (2007), Luttmer (2014)).

2Our model also includes learning-by-doing since this is another important component of on-the-job hu-
man capital accumulation and wage growth. However, since this type of learning is costless and often
indistinguishable from work, we do not focus on it as much in the data.
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capital acquisition in lifecycle wage growth.

In the empirical section of the paper we first document two novel facts that speak to the
importance of our two sources of learning from both firms’ and workers’ perspectives. First,
using firm survey data from Europe, we show that both internal and external sources of
learning are widely provided by firms to their workers, and that larger firms offer a greater
variety of learning options by providing their workers with more opportunities to engage
in both internal and external learning.3 Second, we use detailed worker qualification data
from Germany and the United States to show that both sources of learning are important to
workers, and have markedly different lifecycle patterns. In particular, we document that: (1)
the prevalence of internal learning decreases with workers’ experience; and (2) the prevalence
of external learning has an inverted U-shape in workers’ experience. These lifecycle patterns
are robust to considering alternate definitions of workers’ experience, controlling for industry,
occupation and demographics, and decomposing the data across several worker- and firm-
level characteristics such as education level, gender, and firm size.4

We then build a quantitative search model featuring a two-source learning technology to shed
light on these findings and assess the importance of internal and external learning for lifecycle
wage dynamics. The model features an overlapping generations structure and two sectors: a
final-good production sector and a training sector with trainers providing external learning
services. The training sector is frictionless, while the production sector is characterized
by labor market frictions and firm heterogeneity in productivity. Firms in the production
sector meet workers by random search. After matching, workers and firms in the production
sector engage in Nash bargaining over the worker’s compensation and jointly choose internal
and external learning investments to maximize the match value. Human capital follows
a ladder structure with a discrete number of steps and determines productivity in each
sector. Workers in the production sector allocate their time between work and learning from
internal and external sources. Learning from internal (external) sources follows from random
meetings with coworkers (trainers), and is contingent on matching with a coworker (trainer)
with a higher human capital level than the worker’s own. Both forms of learning carry a
foregone production cost, but external learning carries an additional cost from the purchase
of training services.

3We also show evidence in support of this finding in the United States using aggregate data from the Survey
of Employer-Provided Training.

4We also show evidence in support of these lifecycle findings in other OECD countries using data from the
Program for the International Assessment of Adult Competencies (PIAAC).
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We calibrate the model to the US economy and find that the stationary equilibrium repli-
cates the lifecycle learning patterns we found empirically. This follows from the fact that
the incentives to engage in each source of skill acquisition evolve throughout the workers’
lifecycle as they accumulate human capital. In particular, changes in the relative position
of the worker in the human capital distribution of the firm mediate the supply of coworkers
and trainers that can be learned from and lead to distinct lifecycle patterns of learning.
Consistent with our empirical findings, a young worker in the model disproportionately re-
lies on coworkers to learn since internal learning is relatively cheap, and the proportion of
coworkers with higher human capital than that of the the young worker is large. As the
worker accumulates human capital, the proportion of coworkers with human capital higher
than the worker’s own declines, inducing a switch to external learning since trainers tend
to have higher average human capital levels than production workers. As workers continue
to age and human capital continues to increase, the opportunity cost of learning rises while
the benefit from learning decreases as the remaining working life shortens, leading external
learning to decline.5

The calibrated model also highlights the importance of firms’ learning environments for
human capital formation. At all levels of human capital, workers in more productive firms
spend more time on both internal and external learning and thus climb the human capital
ladder faster. This finding matches our empirical evidence showing that workers in larger
firms spend significantly more hours on both sources of learning, and is also consistent
with evidence found by Engbom (2017), Arellano-Bover (2020), and Arellano-Bover and
Saltiel (2023) showing that workers in more productive firms exhibit faster rates of skill
acquisition. In our model, more productive firms invest more in both types of learning since
they exhibit both larger returns to skill acquisition (due to higher efficiency of learning and
supermodularity of the production function) and a better pool of coworkers to learn from
(due to positive assortative matching between firms and workers).6

5We also present empirical evidence matching key predictions from this lifecycle theory. First, we provide
evidence showing that trainers have higher average human capital levels than production workers and are
thus better equipped to teach mid-career workers who have exhausted learning opportunities within their
firms. Second, we show that the portion of individuals who learn-by-doing rises with human capital. This
is consistent with the idea that as workers age, they put more hours toward working rather than internal
or external learning, therefore increasing their chances of learning-by-doing. Third, we show that internal
learners exhibit lower levels of task complexity than external learners, and are thus more easily trained by
coworkers, who have lower human capital levels than external trainers.

6This pattern of positive assortative matching emerges in our framework due to the more favorable learning
environments prevalent in more productive firms.
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To assess the importance of internal and external learning for the formation of human cap-
ital, wage growth, and wage dispersion, we perform counterfactual analyses in which we
subsequently shut down each of these two sources of skill acquisition and examine how the
stationary equilibrium changes. We have two main findings. First, we find that internal and
external learning contribute equally to aggregate human capital: without either external
or internal learning, workers’ average human capital decreases by 14%. However, when we
examine the trajectory of human capital throughout the lifecycle in these two counterfactual
scenarios we find that internal learning is relatively more critical to human capital formation
during youth, whereas external learning is relatively more critical at older ages.

Second, we find that accounting for the non-own productivity dimension of human capital,
which captures gains from human capital acquisition other than the increase in the worker’s
own production output, is key to understanding lifetime wage dynamics. In particular,
we find that changes in learning costs and compensation stemming from learning spillovers
among coworkers account for 36% of the wage gains from human capital over 25 years of
experience. Moreover, although the lifecycle increase in the dispersion of workers’ own pro-
ductivity levels is largely driven by external learning,7 the lifecycle increase in wage dispersion
is mainly driven by internal learning, as the compensation stemming from coworker learn-
ing spillovers explains much of the wage gains for more-experienced workers in the model.
These results suggest that accounting for internal learning is critical for understanding wage
dynamics, and thus that a model that ignores internal learning may mistakenly attribute
wage growth to increases in workers’ own productivity, rather than increases in compensated
non-own productivity, such as coworker learning spillovers.8

The importance of internal learning for wage dynamics is further confirmed when we use the
model to evaluate the effects of remote work. To do this, we recalibrate our model using
data from recent papers documenting the rise of remote work after the Covid-19 pandemic
and the impact of the disruption of face-to-face contact on the opportunities for internal
learning. Specifically, we rely on the findings of Barrero et al. (2021) who document a rise in
the proportion of remote work days from 5% to 20% before and after the pandemic, together

7Without external learning, the dispersion in workers’ productivities remains low throughout the lifecycle as
workers learn from and catch up fast to colleagues.

8We also present empirical evidence supporting the importance of coworker instruction in many occupations.
To do this, we use data from the US Department of Labor’s O*NET project which aims to characterize
the tasks pertaining to each occupation, along with the mix of knowledge, skills, and abilities required to
perform these tasks. We find that tutoring coworkers is an important part of the job in many non-teaching
occupations and that these occupations are mainly performed by high-skill workers.
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with the findings of Emanuel et al. (2023) showing a 15% reduction in the feedback provided
by adjacent coworkers following the shift to remote work. We find that the surge in remote
work following the pandemic leads to a 0.44% reduction in workers’ average human capital,
which constitutes 4.73% of the human capital accumulated by internal learning.

In addition, our results suggest a 2.86% decrease in workers’ average wage growth after 25
years of experience due to the post-pandemic rise in remote work. At younger ages (0–5 years
of experience), the decline in own productivity following the lack of senior mentoring is a
key factor driving the reduction in wage growth, accounting for 39% of the decline. At older
ages (5–25 years of experience), on the other hand, the decrease in spillover compensation
following the lack of junior colleagues to teach becomes more important, accounting for 37%
of the decline in wage growth. This implies that remote work not only affects the wages of
younger workers through learning, but also affects the wages of more senior workers through
compensation tied to their ability to teach and mentor. In addition, our results show that
remote work can have important long-lasting spillover effects as the young workers who learn
less as a consequence of remote work will be potentially less able to teach younger workers
in the future. However, external learning helps alleviate these negative impacts as young
workers can shift from internal to external learning.

The paper is organized as follows. In Section 2 we present a literature review. In Section 3
we describe the data and document the main empirical findings. In Section 4, we present
the quantitative model, calibration, and properties of equilibrium. In Section 5 we report
our counterfactual results that assess the importance of internal and external learning for
human capital and wage dynamics. We evaluate the impact of remote work in Section 6. In
Section 7 we discuss the robustness of our quantitative results to several model extensions
and alternative parameterizations. We conclude in Section 8.

2 Related literature

Our paper is closely related to the literature exploring the importance of on-the-job skill
acquisition for human capital and wage growth. Our theory provides a unified structure
which jointly considers internal and external sources of learning, and thus relates to different
strands within this literature. First, our paper relates to the literature exploring the role
of peers in knowledge diffusion within coworker and production teams (Garicano (2000),
Garicano and Rossi-Hansberg (2004, 2006), Azoulay et al. (2010), Luttmer (2014), Nix
(2017), Akcigit et al. (2018), Herkenhoff et al. (2024), Jarosch et al. (2021), Caicedo et al.
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(2019), Sohail (2021), Emanuel et al. (2023), Wallskog (2023)) and within the population at
large (Glaeser (1999), Jovanovic (2014), Lucas and Moll (2014), Perla and Tonetti (2014),
de la Croix et al. (2016), Benhabib et al. (2021)). Our paper is particularly related to Akcigit
et al. (2018), who build a model where inventors can learn both through interacting with
others, and from an external exogenous source. Similar to them, our model features learning
through both external sources and coworkers. In contrast with their paper, however, our
model poses the boundary of the firm as the distinguishing factor between internal and
external learning, and endogenizes both of these choices. In addition, our data focuses on
general workers rather than inventor teams, and our theory highlights that changes in the
worker’s relative position in the human capital distribution of the firm affect her returns
of learning from coworkers, and can thus explain the observed lifecycle patterns in human
capital acquisition. By considering external on-the-job training, this paper also relates to
the literature on general training investments first proposed by Becker (1964), and later
developed by others (Acemoglu (1997), Acemoglu and Pischke (1998), Acemoglu and Pischke
(1999), Autor (2001), Moen and Rosén (2004)).

Our paper also relates to the literature exploring the interaction between learning and life-
cycle dynamics. First, our paper relates to studies that examine the effects of work-related
human capital acquisition on earnings. Much of this literature has focused on disentangling
the role of learning, search dynamics, and shocks on earnings growth (Bunzel et al. (1999),
Rubinstein and Weiss (2006), Barlevy (2008), Yamaguchi (2010), Burdett et al. (2011),
Huggett et al. (2011), Bowlus and Liu (2013), Bagger et al. (2014), Gregory (2019), Kara-
han et al. (2022)). This contrasts with our goal, which is to disentangle the contributions of
different sources of learning to human capital and earnings growth, and our findings, which
highlight the importance of the non-own productivity aspects of human capital in workers’
compensation dynamics. Second, since we explicitly consider the time and monetary costs
of internal and external learning, our paper relates to the seminal literature highlighting the
tradeoff between learning and work (Ben-Porath (1967), Heckman (1976), Rosen (1976)).
Thus, our paper contrasts with several recent papers that examine the role of on-the-job hu-
man capital accumulation in knowledge diffusion or earnings growth (Lucas (2009), Bagger
et al. (2014), Gregory (2019)), and which model on-the-job human capital accumulation via
costless learning-by-doing and do not consider multiple sources of learning.

By examining how the provision of different sources of learning shapes firms’ learning en-
vironments, our paper also relates to the literature that considers the role of firms and
firm-level characteristics in shaping workers’ lifecycle dynamics (Gregory (2019), Arellano-
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Bover (2020), Engbom (2021), Friedrich et al. (2021), Jarosch (2021), Engbom et al. (2022),
Arellano-Bover and Saltiel (2023)). This literature shows that there is substantial hetero-
geneity in firms’ promotion of human capital accumulation, and that such heterogeneity is an
important determinant of lifecycle earnings dynamics. However, the drivers of firms’ learning
environments are still poorly understood. In our paper, we contribute in this direction by
providing empirical and theoretical evidence of a concrete driver of success in firms’ learning
environments: the provision of external and internal learning opportunities.

Finally, our paper also relates to the vast labor literature examining the impacts of on-the-
job learning opportunities on workers’ earnings (see Heckman et al. (1999), Kluve (2010),
McKenzie (2017), Card et al. (2018), and What Works - Centre for Local Economic Growth
(2016) for a review), and particularly the literature showing that the productivity and earn-
ings gains of on-the-job training can vary greatly depending on the type of learning oppor-
tunity provided (Fitzenberger and Völter (2007), What Works - Centre for Local Economic
Growth (2016)). One key distinction highlighted in these studies arises from comparing in-
firm to classroom-based on-the-job learning opportunities, which broadly match our internal
and external categories of learning, respectively. Our paper contributes to this literature
by suggesting that the relevance of these two types of learning opportunities, and thus the
empirical evidence found in these studies, will crucially depend on the characteristics of the
workers studied such as experience and human capital levels.

3 Data and empirical findings

In this section, we empirically explore the importance and lifecycle patterns of internal
and external learning using both firm- and worker-level data. We first describe our data
sources.

3.1 Data

In Table 3.1 we summarize the data sources used to document each of our facts. This table
also provides links to the appendices containing more detailed information about each data
source.
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Table 3.1: Data sources used in empirical analysis

Data for Fact 1 (provision of learning opportunities by firms)

Data source Setting Description Methodology & size More info

EU Continuing Vo-
cational Training
Survey (EU-CVT)

European Union &
Norway 2005, 2010,
2015

Firm-level survey focus-
ing on firms’ investments
in continuing vocational
training (CVT) for staff

Repeated cross-section
� 95,000 firms per
wave

Appendix A.1

US Survey of
Employer-Provided
Training (US-
SEPT)

United States 1995 Firm- and worker-level
survey focusing on train-
ing investments in estab-
lishments with 50+ work-
ers

Single cross-section
� 1,000 establishi-
ments & 1,000 workers

Appendix A.2

Data for Fact 2 (lifecycle patterns of learning)

Data source Setting Description Methodology & size More info

German BIB-
B/BAuA Worker
Qualification Sur-
vey

Germany 1979,
1985, 1992, 1999,
2006, 2012, 2018

Worker-level survey focus-
ing on on-the-job skill ac-
quisition and occupational
skill requirements

Repeated cross-section
� 25,000 workers per
wave, excludes appren-
tices

Appendix A.3

US Adult Train-
ing & Education
Module in Na-
tional Household
Education Survey
(NHES)

United States 2016 Worker-level survey focus-
ing on formal education
and on-the-job skill acqui-
sition

Single cross-section
� 48,000 adults

Appendix A.4

OECD Program for
the International
Assessment of
Adult Competen-
cies (PIAAC)

40 OECD countries
2011–2017 (each
country surveyed
in a different year)

Worker-level survey focus-
ing on learning invest-
ments and skills

Single cross-section
per country � 230,000
adults total

Appendix A.5

3.2 Fact 1: Larger firms provide more learning options

First, using the EU-CVT data, we document the importance of internal and external learning
for firms, and how the provision of each of these forms of learning varies with firm size. We
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distinguish between internal and external learning opportunities by relying on information

on the location and instructor a�liation of CVT activities. CVT encompasses educational

or training activities that are planned in advance, organized, or supported with the speci�c

goal of learning. The survey explicitly distinguishes between �internal CVT courses� and

�external CVT courses� by separating courses, seminars or activities that take place inside

�rms and employ internal trainers from those that occur outside �rms or employ external

trainers. We consider �internal CVT courses� as re�ecting internal learning and �external

CVT courses� as re�ecting external learning. In addition, the survey also measures �other

types of CVT activities,� which include four types of activities: participation in conferences

and lectures, guided on-the-job training, job rotation, and learning or quality circles. Based

on the de�nitions of these activities, we consider participation in conferences and lectures

as external learning, and the remaining types as internal learning. TableA.1 shows that

a large portion of �rms in each country o�er �internal CVT courses� and �external CVT

courses,� along with �other types of CVT activities,� indicating that both internal and

external learning sources are part of the learning portfolio o�ered to workers.9

Table 3.2: Share of �rms providing internal and external learning activities by �rm size

Small �rms, 5�19 wk. Medium �rms, 20�99 wk. Large �rms, 100+ wk.

External
learning

External
learning

External
learning

0 1 0 1 0 1
Internal
learning

0 0.41 0.16 Internal
learning

0 0.28 0.15 Internal
learning

0 0.13 0.09
1 0.11 0.32 1 0.11 0.46 1 0.07 0.71

Notes: These tables present the proportion of �rms of di�erent sizes reporting having employees participating
in internal and external learning activities in the EU-CVT data (CVT3, CVT4 and CVT5 surveys). The
sample encompasses �rms with 5 or more workers, since smaller �rms encompass a very small portion of the
sample. The results are weighted using the observational weights provided in the surveys.

In Table 3.2 we examine how the proportion of �rms that invest in external and internal

learning varies with �rm size. We �nd that 32%, 46%, and 71% of �rms with 5�19, 20�99,

and 100+ workers, respectively, o�er both external and internal learning to their workers,

indicating that the share of large �rms o�ering both sources of learning is much larger than

that of smaller �rms. 10 Interestingly, there are much smaller di�erences in the proportion of
9This is con�rmed in Table B.1, which aggregates the data across all countries and shows that 41% of all
�rms surveyed o�er both external and internal learning opportunities to their employees, while 26% o�er
one of these forms of learning.

10The sample encompasses �rms with 5 or more workers, since smaller �rms encompass a very small portion
of the sample.
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�rms o�ering a single source of learning across �rms of di�erent size categories, suggesting

that large �rms favor learning environments with both sources of learning (and thus a great

variety of learning), rather than ones with a single source of learning.

This �nding is consistent with evidence found byEngbom (2017), Arellano-Bover (2020),

and Arellano-Bover and Saltiel(2023) showing that workers in more productive �rms exhibit

faster rates of skill acquisition, and with evidence found byGregory(2019) showing that hav-

ing di�erent forms of training available is important for �rms' learning environments.

We consider the robustness of these patterns in AppendixB. In Table B.2 we show that the

positive correlation between �rm size and learning opportunities is robust to controlling for

industry, socioeconomic, and country-year �xed e�ects. In TableB.3, we show that in larger

�rms, workers on average spend more hours engaging in both sources of learning.11

In Table B.5 we further show the robustness of these patterns using the US-SEPT data

from the United States. The results suggest that the share of employees exposed to informal

and formal training (which roughly though not perfectly map onto internal and external

learning),12 along with the number of hours each employee spends on each of these training

activities, generally increase with �rm size. Nevertheless, these results should be interpreted

with caution since the results stem from aggregate statistics.

3.3 Fact 2: Workers' learning sources change over the lifecycle

Using the German BIBB/BAuA and US NHES data, we now document the importance of

the two di�erent sources of learning for workers, and how this importance changes over the

lifecycle. We rely on variables about both human capital accumulation and potential work

experience to conduct our analysis. First, we construct a measure of internal learning that

captures workers who have recently engaged in learning from colleagues or superiors. In the

German data, internal learning indicates whether an individual has acquired the skills or

knowledge necessary to complete the tasks in their current job through colleagues or superi-

ors. In the US data, internal learning captures workers who reported receiving instruction or

training from a coworker or supervisor in their last work-experience program, which is de�ned

11This positive correlation between learning hours and �rm size is robust to controlling for industry, socioe-
conomic, and country-year �xed e�ects (see TableB.4), and is also con�rmed when we show the histograms
of the share of working hours spent on each type of learning source for �rms of each size category (see
Figure B.1).

12In particular, formal training is de�ned as training that is planned in advance and has a structured format
and de�ned curriculum (such as classes or seminars), while informal training is de�ned as training that is
unstructured and unplanned (such as having a coworker or supervisor teach a new skill).
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as a job with learning attributes.13 Second, we construct a measure of external learning that

captures workers who have recently engaged in learning from companies or instructors out-

side the current �rm. In the German data, external learning indicates whether an individual

received external on-the-job training in the previous 2�5 years, or acquired the skills/knowl-

edge necessary to complete the tasks in their current job through external training. In the

US data, external learning captures workers who reported taking classes or training from a

company, association, union, or private instructor in their last work-experience program, or

ever earned a training certi�cate from an employment-related training program.14 In Ap-

pendix A.3 and Appendix A.4 we provide further details on the questions and answers used

to construct each variable in the German and US surveys, respectively.15

We construct potential years of work experience using age and educational level. Speci�cally,

we constructPotential experience= Age� Y ears of schooling� 6 for both Germany and

the US. We limit our sample to individuals who are currently employed and have between 1

and 45 years of potential experience, given that the number of observations outside this range

is very small. In TableA.2 we present some key summary statistics of our samples. This table

shows that in both Germany and the US the proportions of individuals reporting each of

the two sources of learning are sizeable, suggesting that both of these sources are important

to workers. In Germany, 31% and 68% of workers report internal and external learning,

respectively, while in the US, these percentages are 23% and 44%, respectively.

We now document the prevalence of each learning source over the lifecycle. In Figure3.1

we plot how the prevalence of workers reporting engaging in internal and external learning

changes with workers' potential experience in Germany and the US. We �nd that in both

13In particular, a work-experience program is de�ned as a job with learning attributes such as an internship,
co-op, practicum, clerkship, externship, residency, clinical experience, apprenticeship, or other learning
components. About 25% of the surveyed sample in the US reported having been part of such a program.
In Figure C.8 we show that our results are robust to limiting the sample only to individuals reporting
participating in a work-experience program, and to decomposing across learning components that involve
a �work-experience� program and those that do not.

14In principle, formal schooling also �ts the characterization of external learning as it draws from knowledge
outside the �rm. However, since less than 10% of adult education corresponds to schooling in the EU,
while over 90% corresponds to on-the-job learning (Ma et al. (2020)), we abstract from formal schooling.

15It is important to note that both internal and external learning generally capture �ows and not stocks of
learning investments, since they refer to skill acquisition in the current job or work-experience program
(which changes every few years as workers climb the career ladder), or training incurred in the last few
years. The exception to this is the part of the external learning de�nition in the US which involves ever
earning a training certi�cate. This variable is still informative of workers' �ow of external learning, since
a steeper increase in this variable along a speci�c portion of the lifecycle denotes larger positive �ows at
certain ages. In panel (c) of FigureC.8 we show that the inverted U-shape pattern for external learning
holds when we limit its de�nition to exclude this part, though the result is noisier.
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Figure 3.1: Prevalence of internal and external learning throughout workers' lifecycles

Germany

(a) Internal learning (b) External learning

United States
(c) Internal learning (d) External learning

Notes: These �gures plot the proportion of workers reporting engaging in internal and external learning
across di�erent potential experience bins in the German BIBB/BAuA and US NHES data. The samples
encompass individuals who are currently employed and have between 1 and 45 years of potential experience
in both settings. The results are weighted using the observational weights provided in the surveys. 95%
con�dence intervals are plotted.

countries, the prevalence of internal learning decreases with workers' potential experience,

while the prevalence of external learning has an inverted U-shape in workers' potential expe-

rience. These patterns are robust to decomposing the data along many dimensions16 and to

controlling for several demographic variables and �rm characteristics, along with occupation

16These include using age as an alternate measure of experience (FigureC.1), and decomposing the data by
one-year experience bins (FigureC.2), gender (Figure C.3), educational level (Figure C.4), survey wave in
Germany (Figure C.5), cohort in Germany (Figure C.6), and �rm size in Germany (Figure C.7).
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and industry �xed e�ects (see TableC.1).17 The results are also robust to considering work-

ers' tenure rather than potential experience (see FigureC.9). This suggests that the patterns

we document are not solely a consequence of the aging process, but that work experience and

human capital matter. This is further con�rmed when we formally explore the correlations

between current tenure and the sources of learning in TableC.2, given that the patterns of

interest hold even when we include age �xed e�ects.

In Figure C.10, we further consider the robustness of these lifecycle patterns in other OECD

countries using data from PIAAC.18 These binned scatterplots use pooled data from all coun-

tries considered and present the proportion of workers reporting internal and external learn-

ing, respectively, across di�erent experience bins after controlling for country �xed e�ects.19

The results suggest similar lifecycle patterns to the ones described above. In TableC.4 we

show that these results are robust to controlling for several demographic variables and �rm

characteristics, along with occupation and industry �xed e�ects, though the e�ects become

noisier since the number of individuals interviewed in each country is relatively small.

The lifecycle patterns found in this section are consistent with the evidence found by several

papers suggesting that younger workers are more sensitive to peer learning than older work-

ers. For example,Nix (2017) �nds that coworker learning spillovers are larger for younger

workers, with no impact for workers over 40.Jarosch et al. (2021) �nd that the positive

e�ects of peers' wages on future wages are substantially stronger for younger workers. Using

data from software engineers,Emanuel et al.(2023) �nd that sitting proximity increases how

much junior engineers learn from senior colleagues. While focusing on academic networks,

Azoulay et al. (2010) �nd that academics who had collaborators who died unexpectedly ex-

perience a decline in their quality-adjusted publication rates, and that this decline is larger

for younger academics. When comparing learning opportunities between urban and rural

17We also examine the correlation between internal and external learning in both settings, and �nd a negative
correlation in Germany, and a positive correlation in the US. We discuss these results in AppendixC.1.2.

18The countries considered do not include Germany and the US due to data restrictions, but do include 27
other countries. For a full list of the countries considered in this analysis please see AppendixA.5.

19External learning is measured in this data through participation in seminars, workshops, or other courses
led by outsiders in the last 12 months. Internal learning is measured through participation in courses led by
coworkers or supervisors in the last 12 months, or reporting learning skills from coworkers more than once
a month in the current job. Thus, these variables capture �ows of learning investments, since they refer to
skill acquisition in the last 12 months, or the current position. In addition, the internal learning variable
captures both formal instruction from coworker-led courses, along with informal instruction arising from
coworker interaction. Please note that years of experience are measured directly in this data through a
variable capturing realized years of paid work up to date of measurement. To increase comparability with
the previous results, we also include the analogous plots with potential years of experience in FigureC.11
showing the same patterns. Summary statistics for this data can be found in TableA.3.
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environments, Glaeser(1999) �nds that young workers are particularly attracted to cities

due to the increased probability of meeting skilled workers to learn from.

4 A model of human capital with two sources of learning

We now develop a model featuring a two-source learning technology to evaluate the impor-

tance of internal and external learning for lifecycle wage and human capital dynamics. The

model features two primary mechanisms connecting to the �rm-level and lifecycle learning

patterns presented above. The �rst mechanism is that the returns from workers' human cap-

ital investments change across �rms of di�erent productivity levels, leading to di�erences in

learning investments and the speed of skill acquisition across �rms. The second mechanism

is that as workers age and acquire human capital, their potential to learn from coworkers

decreases since the number of colleagues with higher human capital than their own narrows.

Consequently, workers gradually transition from internal to external learning sources, as the

latter is more costly but involves highly skilled training experts. These mechanisms have

important implications for lifecycle wage dynamics, especially since highly skilled workers

are compensated for teaching their colleagues, and this compensation may vary across �rms.

Moreover, this structure has implications for the e�ects of shocks that asymmetrically im-

pact both forms of learning. In Section6 we use the model to assess the impact of one such

shock, remote work, which disrupts face-to-face interactions between coworkers and thus

a�ects internal learning.

4.1 Model setup

The model features an overlapping generations structure where each worker has a �nite

lifetime. Workers are endowed with one unit of time in each period and accumulate human

capital through internal and external learning, as well as learning-by-doing. The economy

consists of two sectors: a �nal-good production sector, and a training (or external learning)

sector through which trainers provide external training services to production workers. The

training sector is frictionless, while the production sector is characterized by heterogeneous

�rms and labor market frictions à la Cahuc et al. (2006).20 In the production sector, �rms

20From a theoretical perspective, labor market frictions are essential for both �rms and workers to bene�t
from on-the-job training targeting general skills (Acemoglu (1997); Moen and Rosén(2004); Acemoglu and
Pischke (1999)). Without frictions, human capital gains are immediately priced into wages, eliminating
incentives for �rms to provide them. This contradicts the data, which shows that 80% of all training
investments are at least partially sponsored by �rms (Ma et al. (2020)).
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post vacancies to attract unemployed individuals and meet their matches through random

search. After matching, workers and �rms engage in Nash bargaining over the worker's

compensation and choose internal and external learning investments to maximize the match

value. Learning from each source stems from random meetings with coworkers and trainers,

respectively, and depends on matching with a coworker or trainer who has a higher human

capital level than the worker's own. Both forms of learning carry a foregone production cost,

but external learning carries an additional cost from the purchase of training services. In

what follows, we focus on the model's stationary equilibrium, in which �rm-level distributions

of workers' age and human capital levels remain constant. We index workers byi and �rms

by their productivity level z.

4.1.1 Workers

The model economy consists of overlapping generations of workers who participate in the

labor market at agesa = 1; 2; : : : ; J . Workers of ageJ retire and are replaced by a cohort

of incoming workers of age 1. Each cohort's size is normalized to 1. Throughout their lives,

workers accumulate human capitalh, which determines their labor productivity. Workers

can be employed in either the production or training sector. In the production sector,

workers allocate their time to working, internal learning, and external learning. Conversely,

in the training sector, they spend all their time working. Workers derive linear utility from

consuming a homogeneous �nal good and discount the future at a rate of� .

4.1.2 Human capital accumulation

We assume that human capital evolves throughout workers' lives in a ladder-like fashion:

h 2 f h1; h2; :::; hM g; wherehM > ::: > h 2 > h 1; and log(hm+1 ) � log(hm ) = 
 h 8m:

Newborn workers (age 1) are endowed with the lowest human capital level,h1. Workers

ascend this ladder through various forms of learning. All learning methods contribute to

general human capital, which can be transferred if workers change jobs.21

21We focus on general human capital for tractability, and also because, as documented byAltonji and
Shakotko (1987), Lazear (2009), and Kambourov and Manovskii (2009), the truly �rm-speci�c components
of human capital are much less important for wage growth than the general component. Additionally, we
concentrate on the di�erences between learning sources arising from the pool of knowledge each of them taps
into, rather than di�erences in the �transferability� of learning for two reasons. First, the organizational
literature on workplace learning (seeManuti et al. (2015) for a review) suggests that both internal and
external learning (often labeled informal and formal learning) are vital dimensions of workplace learning,
and both can contribute to forming new and transferable skills and competences for workers. Second,
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The probability of climbing the human capital ladder depends on internal and external

learning investments, as well as learning-by-doing. We represent workeri 's human capital

level ashm i , where mi indexes the worker's current position on the human capital ladder.

We assume that for workeri in �rm z, the probability of climbing up the human capital

ladder is given by
s(hm i ; H(z)) = min

�
sE (hm i ; H(z)) l 
 + �; 1

�
: (1)

sE (hm i ; H(z)) captures the increase in human capital per unit of time spent on learning,

where state variableH(z) = f hm i gi 2 I (z) captures the human capital distribution of �rm z's

workforce and thus its internal learning environment, andI (z) describes the workforce of

�rm z. l represents the total time dedicated to learning, and the parameter0 < 
 < 1

captures its diminishing marginal bene�ts. � > 0 is the exogenous probability of climbing

the human capital ladder, resembling learning-by-doing.22

The human capital increment,sE (hm i ; H(z)), depends on the time spent on each learning

source and the probability of matching with a colleague or trainer who can e�ectively teach

the worker. Speci�cally, we assume that workers can only successfully learn from coworkers

and trainers with a higher human capital level than their own. This aligns with the �ndings of

Herkenho� et al. (2024), who show that workers learn from more knowledgeable coworkers

rather than less knowledgeable ones, and with the �ndings ofJarosch et al. (2021), who

document that peers higher up in a team's wage distribution have a greater impact on

workers' future wage outcomes than peers below. Thus, we assume that the functional form

of the human capital increment is given by

sE (hm i ; H(z)) =
h
(A(z)p(hm i ; H(z))g)

� � 1
� + ( Ae(z)pe(hm i )(1 � g))

� � 1
�

i �
� � 1

: (2)

The probability that worker i in �rm z matches with a colleague possessing higher human

capital is denoted byp(hm i ; H(z)). This probability is determined by the share of coworkers

above i in the �rm's human capital distribution, and can be expressed asp(hm i ; H(z)) =

1 � F (hm i ; H(z)), whereF (�; H(z)) represents the cumulative distribution of human capital

of the workforce in �rm z. Similarly, the probability that worker i matches with a trainer

possessing higher human capital is denoted aspe(hm i ) and can be calculated aspe(hm i ) =

1 � Ft (hm i ), with Ft (�) representing the cumulative distribution of trainers' human capital

(weighted by the number of training units each trainer produces) within the training sector.

although other di�erences between the two forms of learning may exist, our theory generates several
testable predictions that match key features of the data (see AppendixG).

22This probability also ensures the presence of high-skill workers in the equilibrium.
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The proportions of learning time spent on internal and external learning are denoted asg

and (1 � g) respectively, with � > 0 representing the elasticity of substitution between the

two learning modes. Additionally,A(z) and Ae(z) represent the e�ciencies of internal and

external learning respectively within �rm z. By modeling A(z) and Ae(z) as functions of

�rm productivity z, we account for the possibility that learning investments lead to faster

human capital accumulation in more productive �rms, which could be due to factors such as

scale e�ects of learning or di�erences in the availability of complementary physical capital

investments.23 This model setting aids in matching the empirical di�erences in learning time

by �rm size.

When engaging in internal or external learning, the worker has to forego production. More-

over, in the case of external learning, the worker must also pay a priceq per unit of time

for purchasing training services. This price is only paid if the worker meets a trainer with

higher human capital than her own. Furthermore, we assume that workers incur no cost

when colleagues learn from them, and can have multiple colleagues learning from them si-

multaneously. This assumption is based on the qualitative observation that workers who are

learning are often included in projects with senior colleagues to observe and learn.24

Finally, we also allow the human capital gains from on-the-job learning to depreciate fol-

lowing the �ndings of Mincer (1989) and Blundell et al. (2021) by considering that a worker

with human capital level hm i has a probability � h(hm i � h1)=(hm i � hm i � 1) of descending the

human capital ladder by one step after �nishing learning in each period.� h thus captures

the depreciation rate of returns from on-the-job learning.25

4.1.3 Production sector

The �nal-good production sector features frictional labor markets and a unit measure of

heterogeneous �rms that produce a homogeneous good. Firms post vacancies, meet workers

through random search, and di�er in their productivity level z which is Pareto-distributed:

z � �( z). We follow Acemoglu and Hawkins(2014) and consider convex costs of postingv

vacanciescvv1+ 
 v =(1 + 
 v), which are denoted in units of the �nal good. We assume
 v > 0

to ensure that more productive �rms are larger and that �rms of varying sizes coexist.v(z)

23The idea that workers may learn more in certain jobs dates back toRosen(1972) and has been recently
explored in Gregory (2019), Monge-Naranjo (2019), and Engbom (2021).

24In Appendix F.2 we allow mentoring to incur a time cost for internal trainers and �nd that the properties
of equilibrium and quantitative results are very similar to those of the baseline model.

25This model setting also ensures that human capital cannot decrease belowh1.
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represents the optimal number of vacancies in �rmz. The total number of vacancies is then

given by V =
�

v(z)d�( z).

At the start of each period, existing labor matches are terminated at an exogenous rate

� . These separated workers enter the unemployment pool along with newly-born workers.

Before job search occurs, unemployed individuals can choose to search for a job in the

production sector or switch to the training sector. Meanwhile, trainers can decide to stay

in the training sector or switch back to the production sector and search for a job alongside

other unemployed workers. We denote the number of unemployed workers at the point of

job search asU.26 Unemployed workers randomly meet job vacancies at the meeting rate

� U , which is endogenously determined by� U = � (V=U). The function � (�) governs the

matching process. When an unemployed worker encounters a job vacancy, she accepts the

job with certainty, assuming that unemployment is equivalent to employment at the least

productive �rm. 27 Unemployment continues if the unemployed person does not encounter a

vacancy.

When a job match is formed, workeri 's production in �rm z follows from the product of �rm

productivity and worker human capital: y = zhm i . Consequently, the production function

is supermodular: a �rm with higher productivity generates more revenue per unit of labor,

and human capital and �rm productivity serve as complements, as illustrated inAcemoglu

and Pischke(1998) and Bagger et al.(2014). The worker and the �rm collaboratively choose

learning investments to maximize the match value. They also engage in Nash bargaining

to determine the distribution of the match surplus and the corresponding wage rate. These

choices and results are characterized below.

4.1.4 Training sector

We assume that the training sector is frictionless, and thus that unemployed workers can

freely transition to this sector and utilize the training technology without any restrictions.

We also assume that the amount of training services provided by a trainer is proportional to

her human capital level, as high-skill individuals can typically teach multiple students simul-

taneously. Trainers randomly meet workers who engage in external learning. After observing

26Our baseline model does not incorporate on-the-job search in order to focus on the role of human capital in
driving wage growth and due to the added complications of this extension. In AppendixF.1 we incorporate
on-the-job search into our baseline model and �nd that the properties of equilibrium and quantitative
results are very similar to those of the baseline model.

27Following Bagger et al.(2014), this assumption avoids the complication of heterogeneous reservation wages
for workers with di�erent human capital levels and ages.
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the trainer's human capital, external learners (or trainees) decide whether to participate in

external training or not. Trainers can only e�ectively train external learners with human

capital lower than the trainers' own.28 Thus, the expected earnings of traineri with human

capital hm i are hm i qFe(hm i � 1), whereFe(�) is the cumulative distribution of human capital

levels (weighted by external learning time) for external learners. In equilibrium, the price

of training servicesq clears the market for training services such that the total demand for

external training services (external training time aggregated across all production workers)

equals the total supply (training units provided by all external trainers).

4.2 Solving the model

We now characterize learning, wages, and vacancy postings in the production sector.

4.2.1 Solving for learning investments

Firms and workers in the production sector jointly select the total learning time and the

proportion of this time allocated to internal and external learning, respectively, to maximize

the match value. For a workeri of ageai and with human capital hm i in �rm z, the match

value can be expressed as

M ai (hm i ; z;H(z)) = max
l;g

"

zhm i (1 � l)
| {z }

output value

� (1 � g)l � qpe(hm i )| {z }
pay for external trainers

#

�

j 2 I (z);j 6= i

@s
@p

�
p(hm j ; H(z)) � p(hm j ; H(z)nf ig)

�
� Oaj +1 (hm j ; z;H0(z))dj

| {z }
spillover e�ects to other workers in �rm

+ s(hm i ; H(z)) � � E
�
(1 � � )M ai +1 (hm i +1 ; z;H0(z)) + � maxf V ai +1

U (hm i +1 ); V ai +1
T R (hm i +1 )g

�

| {z }
future value if successfully climb human capital ladder

+ [1 � s(hm i ; H(z))] � � E
�
(1 � � )M ai +1 (hm i ; z;H0(z)) + � maxf V ai +1

U (hm i ); V ai +1
T R (hm i )g

�

| {z }
future value if don't successfully climb human capital ladder

:

(3)

The �rst line comprises the current output value net of training costs stemming from foregone

production and payments to external trainers. The second line describes the value of worker

i 's spillover e�ects to its coworkers in �rm z stemming from workeri 's in�uence on �rm z's in-

ternal learning environment. These spillover e�ects capture workeri 's impact on his cowork-

28The assumption that workers only pay external trainers if they exhibit higher human capital than her own
increases the returns to human capital in the training sector, and causes the average human capital level
of trainers to rise above that of production workers.
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ers' match values by comparing the match value each other workerj has when workeri is in

the workforce of �rm z to the match value workerj would have if workeri was absent from

the workforce of �rm z in the current period, taking all else as given. In particular, the ex-

pression@s
@p

�
p(hm j ; H(z)) � p(hm j ; H(z)nf ig)

�
re�ects the change in workerj 's learning prob-

ability due to the presence of workeri in the workforce of �rm z, and Oaj +1 (hm j ; z;H0(z)) =

� E
h
(1 � � )� M aj +1 (hm j +1 ; z;H0(z)) + � � max f V aj +1

U (hm j +1 ); V aj +1
T R (hm j +1 )g

i
captures the gains

in worker j 's future match value due to one-step increment in human capital.29 The value

of these spillover e�ects will be positive for workers with high human capital levels, while

the opposite will be true for workers with low human capital levels.30 The remaining two

lines capture the discounted future values contingent on whether workeri climbs the human

capital ladder in the current period or not. AppendixD.1 provides details on the derivation

of the match value.

We can solve for the total time spent on learning and the proportion of this time allocated

to internal learning to maximize the match value by taking the �rst-order conditions of

Equation (3). The following proposition summarizes these results.

Proposition 1 (Optimal learning investments). For worker i at �rm z, the optimal learning

investments (if they are internal solutions) satisfy:

(i) The optimal total learning time l satis�es:

l =
�


s E (hm i ; H(z)); H(z))Oai +1 (hm i ; z;H0(z))
zhm i + (1 � g)qpe(hm i )

� 1=(1� 
 )

: (4)

(ii) The optimal share of learning time spent on internal learningg satis�es:

29H(z)nf j g is the human capital distribution of �rm z's workforce absent worker j . The
expressions � M a+1 (hm i +1 ; z;H0(z)) = M a+1 (hm i +1 ; z;H0(z)) � M a+1 (hm i ; z;H0(z)) and
�max f V a+1

U (hm i +1 ); V a+1
T R (hm i +1 )g = max f V a+1

U (hm i +1 ); V a+1
T R (hm i +1 )g � maxf V a+1

U (hm i ); V a+1
T R (hm i )g

capture the bene�ts from climbing the human capital ladder when the worker stays in the current
�rm, and when the worker becomes unemployed, respectively. The expectation is taken with regard to
uncertainty about realizations of human capital depreciation, which may lead the worker to descend the
human capital ladder. H0(z) = �( H(z)) is the law of motion for the human capital distribution in �rm z.

30When deriving this match value, and in order to avoid double-counting, we also subtract the spillover e�ects
generated by the other workers in �rm z to worker i , which conceptually capture additional costs from
internal learning as workers directly compensate internal mentors when they engage in internal learning.
This term cancels out for every worker, however, because the impacts from all other workers in the �rm
to the learning prospects of workeri o�set each other. We explain this in detail when we derive the match
value in Appendix D.1.
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lqpe(hm i ) =

"

sE (hm i ; H(z))
1
�

 
(Ae(z)pe(hm i ))

� � 1
�

(1 � g)
1
�

�
(A(z)p(hm i ; H(z)))

� � 1
�

g
1
�

!#

� Oai +1 (hm i ; z;H0(z)) l 
 = 0:

(5)

Proof: See AppendixD.3.

Result (i) presents the optimal total learning time, which balances the bene�ts and costs of

human capital accumulation. The numerator of the right-hand side of Equation (4) repre-

sents the bene�ts from learning, which include gains in match value (if the worker stays) and

unemployment value (if the worker is separated from the �rm) when the worker successfully

accumulates human capital. The denominator captures the marginal cost of increasing the

probability of accumulating human capital. Since there are diminishing returns to learning

time as 
 < 1, we can determine the optimal learning time from this equation.

Result (ii) characterizes the share of learning time spent on internal learning. The left-hand

side of Equation (5) captures the bene�t of increasing internal learning, namely reducing

learning costs as learning internally is cheaper than learning externally. The right-hand

side captures the costs of increasing internal learning, corresponding to a potentially lower

learning e�ciency if the success rate of external learning (pe(hm i )) is high. All else being

equal, a higher success rate of internal learningp(hm i ; H(z)) compared to external learning

pe(hm i ), or higher additional costs of external learningq, lead to a greater share of learning

time allocated to internal learning.

This latter result is key for understanding the lifecycle switch between learning modes.

Initially, when workers are young and possess low human capital, they join the production

sector and encounter a large group of coworkers with higher human capital than their own.

This results in a high probability of success for internal learning, along with a relatively low

cost of internal learning compared to external learning as their productivity is low relative

to the training fees. These factors lead young workers to spend a signi�cant portion of their

time in internal learning. As workers age and their human capital increases, the number of

coworkers with higher human capital than the workers' own decreases, and the relative cost

of internal learning rises. This leads workers to spend an increasingly larger portion of their

time in external learning, which incurs a cost but involves matching with a better pool of

mentors, thereby increasing the likelihood of climbing the human capital ladder.

While the level of learning is chosen to maximize the match value, it is important to note
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that this learning choice is ine�ciently low compared to the social optimum, as it does not

internalize the gains to future employers and coworkers after workers leave the �rm.31 In

Appendix E.5 we evaluate the impact of subsidies that cover a portion of learning costs to

correct this ine�ciency. We �nd that subsidizing learning can lead to sizeable increases in

human capital and GDP, particularly if it targets external learning.

4.2.2 Wage determination

Following Cahuc et al. (2006) and Bagger et al.(2014), we set the wage of a workeri of age

ai and human capital hm i to be proportional to the current-period revenue she generates,

which includes net output value and spillovers to and from other workers:

wai (hm i ; z;H(z)) = r

"

zhm i (1 � l) � (1 � g)l � qpe(hm i ) + X ai (hm i ; z;H(z))

#

:

X ai (hm i ; z;H(z)) captures the spillover e�ects generated by workeri to other coworkers in

�rm z, as shown in the second line of Equation (3).32 r represents the contractual piece rate

that determines the worker's wage, and captures the share of revenue attributed to workeri .

This share is determined by bargaining upon hiring and remains constant for the duration of

the match. Speci�cally, when the job match is formed, �rmz and worker i engage in Nash

bargaining to determine the division of match surplus:

max
r

[V ai (r; hm i ; z;H(z)) � V ai
U (hm i )]

� J ai (r; hm i ; z;H(z))1� � : (6)

V ai (r; hm i ; z;H(z)) denotes workeri 's value from the match, andV ai
U (hm i ) captures her

reservation value (unemployment value).J ai (r; hm i ; z;H(z)) denotes �rm z's value from the

match, and the reservation value for the �rm is zero. We present the formulas for the worker's

value V ai (r; hm i ; z;H(z)) and the �rm's value J ai (r; hm i ; z;H(z)) in Appendix D.2. The

worker's and �rm's values add up to the total match value,M ai (hm i ; z;H(z)) = J ai (r; hm i ; z;H(z))+

V ai (r; hm i ; z;H(z)). � governs the negotiation power of the worker. According to the �rst-

31Another potential ine�ciency arises from the pattern of positive assortative matching generated in equi-
librium, which can result in low-skill individuals having too few opportunities to learn from more knowl-
edgeable coworkers. Recent papers focusing on coworkers' learning have documented the importance of
this ine�ciency ( Herkenho� et al. (2024), Jarosch(2021)). We concentrate on ine�ciencies stemming from
underinvestment in skills instead.

32In other words, X a i (hm i ; z;H(z)) =
�

j 2 I (z) ;j 6= i
@s
@p

�
p(hm j ; H(z)) � p(hm j ; H(z)nf ig)

�
�

Oa j +1 (hm j ; z;H0(z))dj .
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order condition, the piece rater satis�es

V ai (r; hm i ; z;H(z)) � V ai
U (hm i )

�
=

J ai (r; hm i ; z;H(z))
1 � �

= M ai (hm i ; z;H(z)) � V ai
U (hm i ): (7)

We can solve for the speci�c piece rate that delivers the bargaining outcome in Equation (7).

The resulting piece rater ai (hm i ; z;H(z)) depends on the worker's age and human capital

level upon hiring, and varies across �rms.33

4.2.3 Solving for optimal vacancy posting

Each �rm z will determine the optimal number of vacanciesv(z) to post to maximize its

pro�ts from hiring workers:

max
v(z)

v(z)
V

MX

m=1

JX

a=1

� U (1 � � ) [M a(hm ; z;H(z)) � V a
U (hm )] D a

U (hm ) � cv
v(z)1+ 
 v

1 + 
 v
; (8)

whereD a
U (hm ) denotes the measure of unemployed workers of agea with human capital hm .

The �rst-order condition yields

cvv(z)
 v =
MX

m=1

JX

a=1

� U (1 � � )
V

[M a(hm ; z;H(z)) � V a
U (hm )] D a

U (hm ): (9)

The left-hand side of this equation captures the marginal cost of posting a vacancy, which

increases with the number of vacancies. The right-hand side captures the aggregate value

per vacancy from hiring unemployed workers, with(1 � � ) governing the �rm's share of the

increment in surplus from hiring, as shown in Equation (7).

Equilibrium . In Appendix D.4 we de�ne the general equilibrium of the model.

4.3 Calibration

We calibrate the above framework to the United States to evaluate the importance of internal

and external learning for workers' human capital acquisition and wage growth. We use

a Cobb-Douglas job matching function between searchers and vacancies (Shimer (2005)),

33Cahuc et al. (2006) analytically solve for the piece rate and show that it increases with the worker's current
outside option. Our model with endogenous human capital formation does not yield an analytical solution
for the piece rate. We therefore rely on numerical methods to �rst solve for the value of employment at
any piece rate r and then �nd the speci�c piece rate that delivers the value determined by the worker's
bargaining outcome.
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which implies a meeting rate between the unemployed and �rms of� (x) = cM x � , where

0 < � < 1 is the elasticity of the number of job matches to the number of vacancies. We

parameterize the e�ciencies of learning internally and externally asA(z) = �Az � and Ae(z) =
�Aez� , respectively, where� > 0 captures potential di�erences in learning e�ciency in more

productive �rms. We parameterize �rm productivity to be Pareto-distributed �( z) = 1 � z� � ,

where� is the shape parameter.

4.3.1 Externally calibrated parameters

We �rst draw some common parameters directly from the literature. These externally cal-

ibrated parameters are presented in panel A of Table4.1. A period in the model is one

quarter. We calibrate the discount rate to be� = 0:99 and consider that each worker stays

in the labor force for J = 160 periods, corresponding to 40 years of working life. Without

loss of generality, we let the step size of the human capital ladder be
 h = 0:05 such that

climbing a step implies a 5% increase in human capital. We normalize the lower bound of

the human capital ladderh1 to 1. We calibrate the elasticity of the number of matches to

the number of vacancies,� = 0:3 following Shimer (2005).

Due to the lack of US estimates, we calibrate two other parameters using evidence from

other countries. There is a wide range of estimates on bargaining power� in labor search

models with wage negotiation and human capital accumulation. For example,Bagger et al.

(2014) �nd � to be between 0.29�0.32 using Danish employer-employee data, whileGregory

(2019) estimates this to be 0.66 using data from Germany. We set� = 0:5 following these

estimates, such that workers and �rms have even bargaining power.34 Finally, we obtain the

curvature of vacancy costs
 v = 1 from Dix-Carneiro et al. (2019)'s estimate for Brazilian

�rms, implying that vacancy costs are quadratic in the number of vacancies.

4.3.2 Internally calibrated parameters

We are left with 11 parameters to estimate: the parameters governing the e�ciencies of

learning from internal and external sourcesf �A; �Ae; � g, the elasticity of substitution between

the two modes of learning� , the exogenous learning-by-doing probability of moving up the

human capital ladder� , the degree of diminishing returns of learning time in producing new

human capital 
 , the depreciation rate of human capital� h, the constant in the matching

function cm , the constant in vacancy costscv, the shape parameter of the �rm productivity

34In Appendix F.3 we show that our quantitative �ndings are robust to considering di�erent values of � .
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distribution � , and the exogenous separation rate of workers� .

Table 4.1: Parameter values

Label Description Value Source

Panel A: Externally calibrated parameters

� Discount rate 0.99 Annual interest rate of 0.04
J Working life 160 Working life of 40 years

 h Step size of human capital ladder 0.05 Authors' choice
h1 Lower bound of human capital ladder 1 Normalization
� Elasticity of matches to vacancies 0.3 Shimer (2005)
� Workers' bargaining power 0.5 Estimates in literature

 v Curvature of vacancy cost 1 Dix-Carneiro et al. (2019)

Panel B: Internally calibrated parameters

�A Constant in e�ciency of internal learning 0.59
9
>>>>>>>>>>>>>>>>=

>>>>>>>>>>>>>>>>;

Joint estimation

�Ae Constant in e�ciency of external learning 0.27
� Elasticity of learning e�ciency to �rm productivity 0.89
� Elasticity of substitution between internal/external learning 3.75
� Exogenous human capital gain 0.02

 Degree of diminishing returns in learning 0.39
� h Depreciation rate of human capital 0.03
cm Constant in matching function 0.45
cv Constant in vacancy costs 0.33
� Shape parameter of �rm productivity distribution 4.36
� Exogenous separation rate 0.03

We jointly estimate these parameters using the method of moments to minimize the squared

di�erences between the model and data moments. To do this, we target 11 data moments of

which the �rst 7 are: the unemployment rate from 1994 to 2007 from FRED; the labor market

tightness captured by the ratio of the number of vacancies to the number of unemployed

people from 2000 to 2007 from FRED; the tail shape parameter of the �rm employment

distribution as estimated byAxtell (2001); the share of workers that remain employed in the

next quarter from Donovan et al.(2020); the ratio of new (1 year of experience) to all workers'

average external learning time from the NHES data;35 and the average quarterly returns to

experience within 0�40 years of experience and within 0�25 years of experience fromLagakos

35Since the NHES data only provides extensive margin measures of learning, we use the average participation
rate in external learning of new workers relative to all workers to construct the relative share of time spent
on external learning by these two groups. Given the importance of this moment to estimating the elasticity
of substitution between learning modes, and since the lack of the intensive margin in the data may lead
to an underestimate of this share, in Appendix F.3 we show that our quantitative results are robust to
considering a higher value of this elasticity.
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et al. (2018), and speci�cally the returns stemming from human capital.36

Because the NHES data does not contain information on the time spent on learning nor

employers' information, we compute the remaining 4 moments using the 1995 US-SEPT

described in Section3.37 These moments correspond to the shares of total time spent on

internal and external learning respectively, the ratio of workers' average learning time in

�rms with 100+ workers to that in �rms with 50�99 workers, and the ratio of old workers'

average total learning time to all workers' average total learning time.38

Our choice of moments to target is motivated by the link of the parameters to the moments.

For instance, the constant in vacancy costs,cv, directly in�uences labor market tightness,

and given this tightness, the constant in the job matching function,cm , determines the un-

employment rate. The e�ciencies of internal and external learning,�A and �Ae, are informed

by the shares of time spent on internal and external learning, respectively. A higher elas-

ticity of learning e�ciency to �rm productivity, � , suggests a larger gap in the learning

environments of di�erent �rms. A higher elasticity of substitution between learning modes,

� , indicates a more substantial shift between learning sources from young to old. The degree

of diminishing returns to learning, 
 , informs how much larger the total learning time of

young workers is relative to that of older workers. Finally, given the strength of internal

and external learning, the lifetime and youth wage growth from human capital are infor-

mative of exogenous human capital gains� and human capital depreciation� h, respectively.

In Table E.1, we report the Jacobian matrix showing how changes in each parameter a�ect

the relevant chosen moments, further illustrating the aforementioned mapping between the

parameters and the moments.

Panel B of Table 4.1 displays the values of the internally calibrated parameters. Overall,

the parameter values are reasonable and consistent with other studies. For example, the

elasticity of learning e�ciency to �rm productivity is � = 0:89, indicating higher learning

e�ciency in more productive �rms, consistent with estimates in papers that use similar

36We focus on the wage returns stemming from human capital since in our baseline model, we concentrate
on human capital and exclude other factors of lifetime wage growth, such as job ladders. To determine
the share of experience returns stemming from human capital, we follow the literature (Altonji et al.
(2013), Bagger et al. (2014)), which has found that human capital contributes to approximately 50% of
wage growth. As such, we aim to target 50% of the observed wage growth in our baseline model. In
Appendix F.1 we integrate on-the-job search and job ladders into the model and target the full observed
wage growth. This extension results in similar quantitative results.

37See AppendixA.2 for details on this data and learning de�nitions.
38We consider old workers as workers aged 55 or more in the data, and as workers in the last 10 years of

working life in the model.
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assumptions (e.g.,Engbom, 2021). The elasticity of substitution between the two modes

of learning is � = 3:75, suggesting moderate substitutability. The degree of diminishing

returns to learning is 
 = 0:39, which is similar to that estimated by Manuelli and Seshadri

(2014). Each person has a 2% chance to climb the human capital ladder exogenously in each

period. Our calibrated quarterly depreciation rate of human capital from learning,� h = 0:03,

aligns with the depreciation rate of training returns estimated byBlundell et al. (2021) using

British labor surveys. Our calibrated quarterly job destruction rate,� = 0:03, is close to

the employment-unemployment transition probability estimated byShimer (2012). With

these calibrated parameters, our model matches the targeted data moments well, as shown

in Table 4.2.

Table 4.2: Targeted moments in the data and model

Description Model Data

1. Unemployment rate 0.06 0.06
2. Labor market tightness (#vacancies/#unemployed) 0.57 0.55
3. Shape parameter of �rm employment distribution 1.23 1.10
4. Share of workers that remain employed in next quarter 0.96 0.94
5. Average wage growth from HC (per quarter) within 0�40 years of experience 0.0024 0.0023
6. Average wage growth from HC (per quarter) within 0�25 years of experience 0.0039 0.0040
7. Share of total time spent on external learning 0.032 0.033
8. Share of total time spent on internal learning 0.013 0.014
9. Ratio of total learning time in 100+ worker �rms to 50�99 worker �rms 1.15 1.13
10. Ratio of new to all workers' average time spent on external learning 1.49 1.51
11. Ratio of old to all workers' average learning time 0.49 0.51

4.4 Properties of equilibrium: workers' learning patterns

We now investigate some key properties of our model's stationary equilibrium. Speci�cally,

we show how learning is in�uenced by workers' lifecycles, their relative positions on the

human capital ladder, and employers' characteristics. To accomplish this, we begin by

presenting two examples of workers with distinct employment paths in Figure4.1. The plots

illustrate the progression of internal and external learning, human capital, and employer

productivity throughout workers' lifecycles. Despite the di�erent employment paths of these

two workers (for instance, the worker in panel (a) encounters many more separation shocks

than that in panel (b)), they share two characteristics that illustrate key patterns in the

model.

First, when these workers are young, they predominantly learn from internal sources. How-
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ever, as they age, these workers transition away from internal sources and toward external

sources, eventually leading to less learning overall as they ascend the human capital ladder.

We label this pattern the lifecycle pattern of worker learning. Second, when paired with

more productive �rms, these workers allocate more time to both internal and external learn-

ing, resulting in a quicker increase in human capital. We refer to this pattern as the�rm

productivity pattern of worker learning.

Figure 4.1: Examples of workers' lifecycles

(a) (b)

Notes: These �gures illustrate the lifetime progression of internal and external learning, human capital, and

employer (�rm) productivity for two workers in the model. �NE� denotes that the worker partly experiences

unemployment or becomes a trainer during the current year. If the worker spends the whole year being

unemployed or a trainer, then this year will have no observation of employer productivity.

4.4.1 The lifecycle pattern of worker learning

The lifecycle pattern of worker learningarises from the evolving incentives to engage in

di�erent sources of skill acquisition throughout the lifecycle. When workers are young and

possess low levels of human capital, they have a lengthy future career to reap the bene�ts

of human capital accumulation and also encounter a large group of coworkers with higher

human capital than their own. This encourages learning investments, particularly through

internal sources. As workers climb the human capital ladder, the share of coworkers with

higher human capital than their own narrows, reducing the likelihood of learning internally.

Consequently, �rms and workers opt to invest more in external learning, enabling the worker

to connect with trainers who, on average, possess higher levels of human capital than their

coworkers.39 Eventually, however, the prevalence of external learning decreases as workers
39This is illustrated in Figure E.2, which plots the distribution of human capital for production workers and

trainers, and shows that the latter is skewed left relative to the former. This follows from the fact that the
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age (which shortens the time to enjoy learning bene�ts) and become more productive (which

raises the opportunity costs of learning while reducing its success rate).40

Figure 4.2 illustrates these results by plotting the average shares of time spent on inter-

nal and external learning throughout the lifecycle. The model predicts that as workers

age, the time spent on internal learning decreases, while the time spent on external learn-

ing initially increases and then declines. This matches the empirical evidence presented in

Section3.2.

Figure 4.2: Lifecycle patterns of internal and external learning

(a) Internal learning (b) External learning

Notes: These �gures plot the share of time spent on internal and external learning, namelyl � g, and

l � (1 � g), respectively, for workers with di�erent years of experience in the model.

In Appendix G.1 we present evidence supporting three testable predictions that validate and

o�er empirical backing for these �ndings. Speci�cally, we provide empirical evidence showing

that: (1) trainers possess higher average human capital levels than production workers,

implying that they are better suited to teach more-experienced workers; (2) the proportion

of individuals engaging in learning-by-doing increases with human capital, aligning with the

rise in work hours and the decline in external and internal learning associated with seniority;

and (3) internal learners display lower levels of task complexity compared to external learners,

returns to human capital are higher in the training sector.
40Further, in Figure E.1 we show how the distribution of human capital changes as workers age by plotting

the distribution of human capital levels for a given cohort of workers observed at di�erent ages. We �nd
that workers' human capital growth is rapid during the �rst few years after entering the labor force, and
slows down in later years, consistent with the evidence on the lifecycle returns to experience (Rubinstein
and Weiss (2006)). In our model, this slowdown stems not only from the depreciation of human capital
or aging, but also from the reduction in the scope of learning that occurs as workers climb up the human
capital ladder and have fewer colleagues and trainers to learn from.
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which is consistent with internal learners having lower levels of human capital and being more

easily trained by coworkers.41

4.4.2 The �rm productivity pattern of worker learning

The �rm productivity pattern of worker learning arises from the higher returns to skill acqui-

sition prevalent in more productive �rms. Figure 4.3 illustrates these results by plotting the

average shares of time allocated to internal and external learning for workers of di�erent ages,

for �rms at the 50th, 75th, and 90th percentiles of the �rm productivity distribution. We �nd

that more productive �rms provide better learning environments by o�ering a greater variety

of learning options. This �nding matches our empirical evidence of Section3.2 showing that

workers in larger European �rms are presented with more learning opportunities, and the

evidence found byEngbom (2017), Arellano-Bover (2020), and Arellano-Bover and Saltiel

(2023) showing that workers in more productive �rms exhibit faster rates of skill acquisition.

This �nding is also consistent with the evidence found byGregory(2019) showing that having

Figure 4.3: Lifecycle patterns of internal and external learning by �rm productivity

(a) Internal learning (b) External learning

Notes: These �gures plot the share of time spent on internal and external learning, namelyl � g, and

l � (1 � g), respectively, for workers with di�erent years of experience and working in �rms with di�erent

productivity levels in the model.

41In addition, to validate our modeling of external learning, we cross-check the size of the external learning
costs suggested by our model with the data. The US-SEPT data reveals that the overall external training
payment amounts to 13% of trainees' wage costs due to lost production time. In this data, external
training payments include tuition reimbursements, direct payments to outside trainers, contributions to
outside training funds, and subsidies for training received from outside sources. In our model, the payments
to external trainers amount to 15% of trainees' wage costs due to lost production time, bearing a notable
similarity to the data.
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di�erent forms of training available is important for �rms' learning environments.42;43

The higher returns to skill acquisition prevalent in more productive �rms stem from the

supermodularity of the production function, as well as greater learning e�ciency and an

improved pool of coworkers due to positive assortative matching. This latter result is illus-

trated in Figure 4.4, which presents the human capital distribution within di�erent �rms

by using di�erent colors to indicate the share of workers of each human capital level in the

workforce of a �rm of each productivity level. We observe that more productive �rms have

relatively larger shares of high-skill workers. This aligns with the positive sorting between

employers and employees documented in the US (Barth et al. (2016), Abowd et al. (2018),

Song et al.(2019)). In our model, this positive sorting pattern is driven by the larger learning

investments and more favorable learning environments prevalent in more productive �rms,

which enable workers to ascend the human capital ladder more rapidly.

Figure 4.4: Human capital distribution within �rms

Notes: This �gure illustrates the human capital distribution within each �rm by using the di�erent colors

in the color scale referenced to the right of the plot to indicate the share of workers of each human capital

level in the workforce of a �rm of each productivity level.

42This �nding is also consistent with the evidence documented in FigureC.7 which shows that the lifecycle
patterns of learning documented in Germany are robust to considering di�erent �rm sizes, and that the
levels of both internal and external learning vary positively with �rm size.

43In Figure E.3 we plot how wages evolve with human capital for �rms with varying productivity levels.
Our �ndings reveal that wages increase with human capital, and that at all human capital levels, more
productive �rms o�er higher wages. Consequently, despite providing greater learning (partially funded by
reduced wages), more productive �rms still pay higher wages due to their higher productivity levels.
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5 Counterfactual analysis

To evaluate the contribution of each learning source to explaining lifecycle wage and human

capital dynamics, we now conduct counterfactual exercises that progressively shut down each

of the two learning sources, and observe how the stationary equilibrium shifts. To achieve

this, we subsequently set the constant e�ciency terms of external and internal learning,�A

and �Ae, to zero. As a result, the time devoted to learning from internal and external sources,

respectively, has no impact on the likelihood of climbing the human capital ladder.

5.1 Role of each learning source in aggregate human capital

Table 5.1 summarizes the average share of time spent on each source of learning along with

the average level of human capital in the stationary equilibrium of our baseline model, and

the stationary equilibria of the models without di�erent forms of learning. We �nd that

internal and external learning contribute equally to aggregate human capital: without either

external or internal learning, workers' average human capital decreases by 14%. Without

both sources of learning, average human capital decreases by 25%. In this case, there is

still some human capital accumulation due to the exogenous learning-by-doing probability.

Absent all learning sources, average human capital remains �xed at the initial human capital

level h1 = 1, and would thus be 28% lower than that in the calibrated economy.

Table 5.1: Learning and human capital in the baseline and counterfactual scenarios

Workers' share of time spent on learning

External learning Internal learning Avg human capital

Calibrated economy 1.35% 3.15% 1.39
W/o external learning 0 2.21% 1.20
W/o internal learning 2.43% 0 1.20
W/o both sources of learning 0 0 1.04
W/o any form of learning 0 0 1

Notes: This table presents the share of time workers spend on internal and external learning
along with the average level of human capital in the baseline calibrated model economy and the
counterfactual scenarios that respectively shut down: internal learning, external learning, both
sources of learning (internal and external learning), and all sources of learning (internal and
external learning and learning-by-doing).

In Figure 5.1 we further investigate the role of internal and external learning in human

capital formation by plotting the trajectory of human capital throughout the lifecycle in

the two counterfactual scenarios. We �nd that although lifetime human capital growth
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is considerably lower in the absence of either internal or external learning compared to the

baseline model, internal learning is relatively more critical to human capital formation during

youth, whereas external learning is relatively more critical at older ages.

Figure 5.1: Lifecycle human capital growth in the baseline and counterfactual scenarios

Notes: This �gure illustrates the lifetime progression of human capital by plotting the average log human

capital level for workers with di�erent years of experience in the baseline model and counterfactual scenarios

that shut down internal and external learning, respectively.

In addition, we �nd that the lifecycle patterns of worker learning also change in the two

counterfactual scenarios. As depicted in FigureE.4, the absence of external learning results

in lower levels of internal learning relative to the baseline case at all levels of experience, owing

to inadequate within-�rm knowledge pools as workers cannot learn from training experts. In

contrast, in the absence of internal learning workers spend signi�cantly more time learning

externally due to the lack of coworker mentoring. This is particularly marked during youth,

as the returns to learning are higher then. As a consequence, we �nd that in the absence

of internal learning, the time spent on external learning declines with worker experience.

This does not align with our data and thus emphasizes the importance of modeling the two

learning modes to accurately reproduce our empirical �ndings.

5.2 Role of learning sources in wage growth and dispersion

We now examine the changes in wages over the lifecycle in our benchmark and counterfactual

scenarios. To understand the factors in�uencing wage dynamics, we break down the wage

into several components:
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(10)
In Figure 5.2 we plot lifetime wage growth in the baseline and counterfactual scenarios,

along with the di�erent human capital components driving it.44 The contribution of human

capital to lifetime wage growth in the baseline model encompasses three components. First,

as workers accumulate human capital throughout their lives, they become more productive

in the production process, resulting in higher wages (red line). This represents the standard

gain of human capital examined in the literature. Second, as workers ascend the human

capital ladder, they are more likely to function as �teachers� within the �rm, generating

spillover e�ects for their colleagues, which they are compensated for (yellow line). Third,

learning investments and thus learning costs tend to decrease with human capital and age,

further boosting wages (green line). We �nd that the latter two components account for 36%

of the wage gains from human capital over 25 years of experience, with changes in learning

Figure 5.2: Lifecycle wage growth and its components in the baseline and counterfactual
scenarios

(a) Baseline model (b) Without internal learning (c) Without external learning

Notes: These �gures illustrate the lifetime progression of wage growth and its di�erent components (own productivity,

spillover e�ects to coworkers, and learning investments and associated costs) by plotting the average log value of each

of these (normalized to the �rst year's value) for workers with di�erent years of experience in the baseline model and

counterfactual scenarios that shut down internal and external learning, respectively.

44Since our model abstracts from job ladders, the �rst two components in Equation (10), namely the average
share of revenue attributed to workers, and the average productivity of the �rms workers are matched with
do not change signi�cantly over workers' lifetimes. Thus, we omit these two components for the sake of
clarity.
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investments accounting for 22 percentage points of this, and changes in spillover e�ects ac-

counting for the remaining 14 percentage points. This highlights the importance of including

spillover e�ects and learning investments when analyzing lifetime wage growth.

In the model without external learning, wage growth from all components is lower than

that in the baseline, yet the patterns remain qualitatively similar. On the other hand,

when we disable internal learning, spillover e�ects are absent as colleagues cannot serve as

�teachers,� and learning costs also vary more gradually throughout the lifecycle. In this

scenario, wage growth follows predominantly from increases in workers' own productivity.

Hence, incorporating internal learning is crucial for understanding lifecycle wage dynamics: a

model that excludes internal learning might inaccurately attribute wage growth to increases

in workers' own productivities, rather than increases in compensated non-own productivity,

such as coworker learning spillovers.

In Appendix G.2 we present empirical evidence supporting the importance of coworker in-

struction in many occupations in the US. To achieve this, we use data from the Department

of Labor's O*NET project, which describes the tasks pertaining to each occupation, along

with the mix of knowledge, skills, and abilities required to perform these tasks. Our �ndings

reveal that coworker tutoring plays a vital role in numerous non-teaching occupations, and

that highly skilled workers primarily perform these occupations.

In addition, in Appendix E.3.3we consider how wage dispersion changes over the lifecycle in

the baseline and counterfactual scenarios. We �nd that the dispersion in workers' own pro-

ductivity levels is more driven by external learning than by internal learning, since without

external learning, workers catch up to colleagues relatively fast. Nevertheless, we also �nd

that even with the broader own-productivity dispersion, wage dispersion is actually lower

when we shut down internal learning compared to when we shut down external learning.

This follows from the spillover e�ects linked to internal learning, which contribute signi�-

cantly to the wage gains of more-experienced workers. This further reinforces our �nding

that incorporating internal learning is key for understanding lifetime wage dynamics.

6 Impact of remote work on human capital and wages

We now use the model to examine the e�ects of remote work on human capital and wage

dynamics. To accomplish this, we use data from recent papers documenting the rise of

remote work after the Covid-19 pandemic and the impact of the disruption of face-to-face
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contact on the opportunities for internal learning. Speci�cally, we rely on the �ndings of

Barrero et al. (2021) who document a rise in the share of remote work days from 5% to 20%

before and after the pandemic, together with the �ndings ofEmanuel et al.(2023) showing a

15% reduction in the feedback provided by adjacent coworkers following the shift to remote

work. Using these two observations, we infer a 2.25% decrease in the rate of contact between

colleagues (15%� 15%) in the post-pandemic era. We incorporate this information into our

model by interpreting it as a 2.25% decrease in the success rate of internal learning. In

addition, we also examine an extreme scenario where the share of remote working days rises

to 100%, implying a 14.25% drop (95%� 15%) in the success rate of internal learning.

We summarize the results of the impact of remote work on average human capital and

lifecycle wage growth in Table6.1. Our �ndings suggest that the post-pandemic surge in

remote work leads to a 0.44% reduction in workers' average human capital, which constitutes

4.73% of the human capital accumulated through internal learning.45 In the extreme scenario

where all work is performed remotely, average human capital drops by 2.71%, and the gains

from internal learning fall by 28.82%. Given that internal learning concentrates among

younger workers, these results also imply that remote work can have signi�cant and enduring

spillover e�ects, as these younger workers who learn less due to remote work will be less

equipped to mentor future young employees when they are more senior.

Table 6.1: Impact of remote work on human capital and wage growth

Impact of remote work (rel. to baseline)

Baseline 20% remote work 100% remote work

Avg human capital 1.39 -0.44% -2.71%
Human capital gains from internal learning 0.19 -4.73% -28.82%

Lifecycle wage growth (25 years of experience) 0.49 -2.86% -21.29%
Wage growth from spillover e�ects 0.07 -3.80% -27.98%

Notes: This table presents the following in both the baseline model and the scenarios with 20% and
100% remote work: the average human capital level, the average human capital gains from internal
learning (built by subtracting the average human capital in the scenario where internal learning is shut
down from the average human capital in the baseline scenario), the average wage growth after 25 years
of experience, and the average wage growth stemming from coworker spillover e�ects. The remote work
results report the changes in the absolute values relative to the corresponding baseline results.

The surge in remote work also leads to a decrease in lifetime wage growth. Workers' average

45We determine the human capital gains of internal learning by subtracting the average human capital in
the scenario where internal learning is shut down from the average human capital in the baseline scenario.
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wage growth from human capital at 25 years of experience decreases by 2.86% due to the

post-pandemic rise in remote work, and by 21.29% in the scenario where all work is performed

remotely. As illustrated in FigureE.7, this drop is not only driven by lower own-productivity,

but also by the decline in the compensation of high-skill workers who can mentor their

colleagues. In particular, wage growth from spillover e�ects, as de�ned in Equation (10),

declines by 3.80% and 27.98% in each of the two remote work scenarios, respectively.

Table 6.2: Impact of remote work on wage growth components

Decomposition of wage main components

� log wage Own productivity Spillover to colleagues Others

Panel A: Baseline

0�5 years of experience 0.326 0.208 0.045 0.073
5�25 years of experience 0.202 0.13 0.029 0.043

Panel B: 20% remote work (relative to baseline)

0�5 years of experience -0.011 -0.004 (39%) -0.003 (24%) -0.004 (37%)
5�25 years of experience -0.002 0.002 (-110%)46 -0.001 (37%) -0.003 (147%)

Panel C: 100% remote work (relative to baseline)

0�5 years of experience -0.066 -0.025 (37%) -0.014 (22%) -0.027 (41%)
5�25 years of experience -0.027 0.001 (-3%) -0.010 (36%) -0.018 (67%)

Notes: This table presents the impact of remote work on lifetime wage growth and its di�erent compo-
nents (own productivity, spillover e�ects to coworkers, and others) at 0�5 years of experience and 5�25
years of experience in both the baseline model (panel A) and the scenarios with 20% and 100% remote
work (panels B and C, respectively). The remote work results of panels B and C report the changes in
the absolute values relative to the corresponding baseline results.� log wage denotes the rise in average
wages. The �Others� component of wage growth mainly re�ects learning investments and associated
costs which also change with remote work. The values in parentheses report the percentage of wage
growth losses in the remote work scenarios explained by each component.

However, the relative importance of the loss of these compensated spillover e�ects varies

throughout the lifecycle, as documented in Table6.2, which summarizes the change in wage

growth and its components in the baseline and counterfactual scenarios at di�erent levels

of experience. At younger ages (0�5 years of experience), the decline in own productivity

following the lack of senior mentoring after the move to remote work accounts for a larger
46Despite a slow start, workers' own productivity growth at older ages is slightly faster in the case of remote

work than in the baseline model. This is partly driven by substitution toward external learning and slower
depreciation of human capital (due to the lower absolute level of human capital). Because the overall
change in wage growth at 5�25 years of experience is small in the case of 20% remote work, the faster
workers' own productivity growth becomes relatively important in this scenario.
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portion (37�39%) of the decline in wage growth than changes in spillovers (22�24%). This

matches the �ndings ofEmanuel et al. (2023), who �nd that the decrease in feedback from

coworkers after remote work particularly a�ects the learning prospects of young workers who

were the main bene�ciaries of close collaboration with more senior coworkers. At older ages

(5�25 years of experience), the decline in spillover compensation following the lack of junior

colleagues to teach after the move to remote work becomes more important, accounting for

36�37% of the overall decline in wage growth. This implies that remote work not only a�ects

the wages of younger workers through learning, but also the wages of more senior workers

through compensation tied to their ability to teach and mentor.47

Figure 6.1: Impact of remote work on lifecycle learning patterns

(a) Internal learning (b) External learning

Notes: These �gures plot the share of time spent on internal and external learning, namelyl � g, and

l � (1 � g), respectively, for workers with di�erent years of experience in the baseline model and 20% and

100% remote work scenarios.

Finally, we show that the decrease in internal learning after transitioning to remote work

is partially o�set by an increase in external learning for younger workers. In Figure6.1

we present the shares of time allocated to internal learning and external learning in the

baseline and remote work scenarios. Upon shifting to 20% or 100% of remote work, young

workers slightly replace internal learning with external learning.48 This suggests that external

learning can help alleviate the negative impact of remote work on human capital as young

workers can shift from internal to external learning.
47Another key driver of the decline in wage growth at all ages is the change in learning investments, captured

under �Others.� Since remote work reduces the opportunities to learn, changes in learning investments
over the lifecycle are attenuated, thus reducing their contribution to lifetime wage growth.

48Older workers' external learning remains relatively stable in the 20% remote work scenario, but decreases
in the 100% remote work scenario due to the overall deterioration of knowledge pools in the economy.
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7 Model extensions and robustness

We consider several model extensions and alternative parameterizations to evaluate the ro-

bustness of our quantitative results. We present the details of each of these model extensions

in Appendix F. We summarize the quantitative results of the importance of each learning

source for aggregate human capital in each scenario in TableF.1, and the results of the

impacts of remote work on human capital and wage growth in TableF.2.

In Appendix F.1 we integrate on-the-job search into the model since job ladders are an impor-

tant driver of lifetime wage growth (Cahuc et al., 2006). We �nd that our main quantitative

results remain very consistent, with the properties of equilibrium and impacts of internal and

external learning on aggregate human capital closely matching the baseline results. However,

there are two noteworthy di�erences in this case. First, overall wage growth and dispersion

rise due to the introduction of job-to-job transitions, though the role of spillovers and learning

costs in wage growth and dispersion driven by human capital is unaltered. Second, we �nd

a larger decline in human capital in the remote work exercise relative to the baseline model.

By hindering coworker learning, remote work disproportionately reduces the incentives of

highly productive �rms to post job vacancies since these �rms have more skilled workers

and thus higher intensity of coworker learning than unproductive �rms. This disincentive is

more severe with on-the-job search since through poaching, skilled workers tend to be more

concentrated in highly productive �rms than in the baseline model.

In Appendix F.2 we incorporate time costs of mentoring for the colleagues workers are

learning from (internal trainers). We target the share of internal trainers' wage costs relative

to learners' wage costs to calibrate this time cost, and �nd that our results remain very

consistent. In particular, we �nd that even after accounting for the time costs of mentoring,

12.5% of wage growth over 25 years of experience can be attributed to spillover e�ects from

teaching colleagues, which is similar to the baseline result (14%). We also show that the

contributions of external and internal learning to aggregate human capital and the impacts

of remote work are very similar to the baseline results in this model extension.

Finally, in Appendix F.3, we consider the robustness of our results to considering di�erent

values for two key parameters driving wage bargaining and human capital formation in the

model, namely workers' bargaining power (� ), and the elasticity of substitution between

learning modes (� ). Our quantitative results remain very consistent in both cases.
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8 Conclusions

In this paper, we study how di�erent sources of on-the-job learning shape lifecycle human

capital and wage dynamics. We document two novel facts that speak to the importance of

internal and external sources of learning from both �rms' and workers' perspectives. First,

both internal and external sources of learning are widely provided by �rms to their workers,

and larger �rms provide better learning environments by o�ering a greater variety of learn-

ing options. Second, both sources of learning are important to workers, and have markedly

di�erent lifecycle patterns: the prevalence of internal learning decreases with workers' ex-

perience, whereas the prevalence of external learning has an inverted U-shape in workers'

experience. To shed light on the mechanisms behind these facts and quantify the importance

of the two learning sources, we develop a quantitative search model featuring a two-source

learning technology. In this framework, the incentives to engage in each source of skill ac-

quisition evolve throughout the lifecycle due to aging and shifts in the relative position of

the worker in the human capital distribution. Using the calibrated model, we �nd that

internal learning is critical to early-career human capital formation, and also plays a key

role in driving the lifecycle increase in wage growth and dispersion due to compensation

for the learning spillovers high-skill workers trigger for their colleagues. In particular, we

�nd that compensation stemming from coworker learning spillovers accounts for 14% of the

wage growth spurred by human capital over 25 years of experience; and that the disruption

to internal learning triggered by remote work not only a�ects the wages of younger work-

ers through learning, but also the wages of more senior workers through compensation tied

to their ability to teach and mentor. We also show that remote work can have important

long-lasting spillover e�ects as the young workers who learn less due to remote work will be

less equipped to mentor future young employees when they are more senior. However, the

availability of external learning helps alleviate the negative impact of remote work on human

capital as young workers can shift from internal to external learning.

Our results have several implications. First, our results suggest that the role of human capital

in lifecycle wage growth is multifaceted, and thus that interpreting wage growth as primarily

re�ecting productivity growth may be mistaken due to the importance of non-own produc-

tivity compensation stemming from learning costs and coworker spillovers, particularly for

more-experienced workers. Second, our results suggest that policies and technologies that

address the communication gap created by remote work or provide alternate learning options

for workers who work from home can be bene�cial in both the short and long terms since
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they will enhance the learning of workers who will eventually become mentors themselves.

Finally, our results suggest that other sources of human capital, such as schooling, may also

be important for incentivizing on-the-job human capital accumulation since they improve

the knowledge pool in the economy. Studying the interactions between sources of learning

occurring at di�erent stages of the lifecycle is an interesting avenue for future research.
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A Appendix: Data

A.1 EU Continuing Vocational Training Survey

The European Union's Continuing Vocational Training Enterprise Survey (EU-CVT) collects

information from enterprises (�rms) in the European Union, and focuses on their investments

in continuing vocational training of their sta�. The survey provides information on the types,

content, costs, and volume of continuing training, and �rms' use of own and external training

providers and resources. CVT surveys have been carried out for the reference years 1993,

1999, 2005, 2010 and 2015. However, due to data availability, we rely on the three waves in

2005, 2010, and 2015, labeled as CVT3, CVT4, and CVT5. These three surveys provide a

sample of 78,000, 101,000, and 111,000 �rms, respectively, from all EU member states and

Norway.

A.1.1 Internal and external learning

To build our measures of internal and external learning, we combine information measuring

the provision of external, internal, and other types of CVT activities from the EU-CVT

survey manuals. In particular, �rms are considered to o�er internal learning if they o�er

either �internal CVT courses� or �other forms of CVT� that draw on the internal knowledge

pool. Similarly, �rms are considered to o�er external learning if they o�er �external CVT

courses� or �other forms of CVT� that draw on external knowledge. We now explore each

of these categories closely.

ˆ CVT courses refer to education or training activities that are planned in advance,

organized, or supported with the speci�c goal of learning, and are �nanced at least

partially by the enterprise. These activities aim to generate �the acquisition of new

competences or the development and improvement of existing ones� for �rms' employ-

ees. These courses are typically separated from the active workplace (for example, they

take place in a classroom or at a training institution), show a high degree of organiza-

tion, and include content explictly designed for a group of learners (e.g., a curriculum

exists). We consider two types of CVT courses:

� Internal CVT courses: Courses, seminars or activities that take place inside �rms

and employ internal trainers.

� External CVT courses: Courses, seminars or activities that take place outside

�rms or employ external trainers.
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ˆ Other forms of CVT are geared toward learning and are typically connected to active

work and the active workplace, but can also include participation in conferences, trade

fairs, etc. These activities are often characterized by self-organization by the individual

learner or by a group of learners and are typically tailored to the workers' needs.

Speci�cally, we use the following types of �other forms of CVT:�49

� Guided on-the-job training: �It is characterized by planned periods of training,

instruction or practical experience in the workplace using the normal tools of

work, either at the immediate place of work or in the work situation. The training

is organized (or initiated) by the employer. A tutor or instructor is present. It

is an individual-based activity, i.e. it takes place in small groups only (up to �ve

participants).� This is categorized as internal learning.

� Job rotation, exchanges, secondments, or study visits: �Job rotation within the

enterprise and exchanges with other enterprises as well as secondments and study

visits are other forms of CVT only if these measures are planned in advance with

the primary intention of developing the skills of the workers involved. Transfers

of workers from one job to another which are not part of a planned developmental

programme should be excluded.� This is categorized as internal learning.

� Learning or quality circles: �Learning circles are groups of persons employed

who come together on a regular basis with the primary aim of learning more

about the requirements of the work organisation, work procedures and workplaces.

Quality circles are working groups, having the objective of solving production and

workplace-based problems through discussion. They are counted as other forms of

CVT only if the primary aim of the persons employed who participate is learning.�

This is categorized as internal learning.

� Participation in conferences, workshops, trade fairs, and lectures: �Participation

(instruction received) in conferences, workshops, trade fairs and lectures are con-

sidered as training actions only when they are planned in advance and if the

primary intention of the person employed for participating is training/learning.�

This is categorized as external learning.

49Among the �other types of CVT activities,� the survey also contemplates self-directed learning, which is
more akin to learning-by-doing and thus not considered here.
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A.1.2 Summary statistics in EU-CVT data

Table A.1: Share of �rms providing CVT courses and other types of CVT activities in EU-CVT

Country

CVT courses Other types of CVT activities

Internal
CVT

courses

External
CVT

courses

Conferences,
workshops or

lectures

Guided
on-the-job

training

Job
rotation

Learning
and quality

circles

Germany 0.436 0.532 0.438 0.524 0.085 0.151
France 0.329 0.666 0.193 0.253 0.094 0.082
United Kingdom 0.418 0.532 0.399 0.655 0.204 0.218
Italy 0.263 0.403 0.263 0.260 0.100 0.035
Spain 0.186 0.564 0.198 0.354 0.108 0.127
Poland 0.134 0.219 0.123 0.189 0.054 0.022
Romania 0.117 0.157 0.084 0.139 0.069 0.051
Belgium 0.457 0.605 0.364 0.437 0.159 0.161
Portugal 0.212 0.360 0.216 0.389 0.064 0.099
Czech Rep. 0.391 0.611 0.243 0.367 0.048 0.088
Hungary 0.171 0.307 0.211 0.198 0.034 0.057
Sweden 0.600 0.724 0.499 0.611 0.355 0.103
Bulgaria 0.163 0.177 0.130 0.227 0.057 0.087
Denmark 0.485 0.640 0.513 0.452 0.157 0.189
Slovak Rep. 0.352 0.531 0.427 0.326 0.091 0.188
Finland 0.352 0.671 0.346 0.391 0.119 0.119
Norway 0.676 0.694 0.481 0.704 0.327 0.221
Latvia 0.124 0.271 0.145 0.475 0.059 0.056
Estonia 0.326 0.552 0.279 0.439 0.163 0.103
Cyprus 0.185 0.447 0.266 0.328 0.089 0.166
Luxembourg 0.473 0.580 0.390 0.444 0.170 0.197
Malta 0.284 0.322 0.320 0.435 0.142 0.136

Total 0.275 0.433 0.242 0.328 0.101 0.091

Notes: This table presents the share of �rms in which workers participate in di�erent types of CVT courses and
activities for each country in the EU-CVT data. The results are the simple averages of the respective proportions
from three di�erent CVT survey waves: CVT3, CVT4 and CVT5. The �Total� in the last row is an average for
all waves and all countries sampled. The sample encompasses �rms with 5 or more workers, since smaller �rms
encompass a very small portion of the sample. The results are weighted using the weighting factors provided in
the surveys.

49



A.2 US Survey of Employer Provided Training

The 1995 Survey of Employer-Provided Training (US-SEPT) was conducted by the Bureau

of Labor Statistics (BLS), and collected information on training from �rms and randomly

selected employees in establishments with 50 or more workers in the United States.50 The

employer portion of the survey focuses on the intensity and costs of employer-provided formal

training. The employee portion of the survey focuses on the time that employees spent on

both formal and informal training. This survey provides a sample of 1,062 establishments and

over 1,000 employees covering all nine major industry classi�cations across all 50 states.

The micro-level data for this survey is not available for researchers outside the BLS. In

addition, information about both informal and formal training, which we map into internal

and external learning, is only available in the employee portion of the survey. Thus, we rely

on aggregate statistics on the share of employees exposed to di�erent types of training with

the current employer, along with the number of hours that employees spent on these di�erent

sources of learning across �rms of di�erent sizes to support the results in Section3.2. We

also use this data for the calibration of our model in Section4.

A.2.1 Internal and external learning

To build our measures of external and internal learning in this data, we rely on information

about formal and informal training investments, respectively, which roughly, but not per-

fectly, map onto our two learning sources of interest. We now describe each of these two

forms of training in detail:

ˆ Formal training is de�ned in the survey as training that is planned in advance and

has a structured format and de�ned curriculum. Examples include attending a class

conducted by an employee of the company, attending a seminar given by a professional

trainer, or watching a planned audio-visual presentation.

ˆ Informal training is de�ned in the survey as training that is unstructured, unplanned,

and easily adapted to situations or individuals. Examples include having a coworker

show a colleague how to use a piece of equipment or having a supervisor teach a skill

related to the job.51

50The BLS also conducted a similar survey in 1994, which focused on the existence and types of formal
training programs provided or �nanced by establishments. Due to data availability, we focus only on the
1995 wave of the survey.

51Please note that in the survey informal training is di�erent from self-learning activities such as learning-
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A.3 German Worker Quali�cation Survey

The Worker Quali�cation Survey is conducted by the BIBB (Bundesinstitut fr Berufsbil-

dung, Bonn), a federal agency devoted to vocational education, in conjunction with the

IAB (until 1999) and BAuA (after 1999). These BIBB/IAB/BAuA surveys span 7 waves

conducted in 1979, 1985, 1992, 1999, 2006, 2012, and 2018, and cover a representative sam-

ple of 20,000 to 35,000 members of the labor force (excluding apprentices) in each wave.

The survey provides comprehensive data to analyze both the cross-sectional and temporal

evolution of the quali�cations and working conditions of the German workforce (excluding

apprentices).

This data has two important limitations. First, there is variation in the questions asked

across survey waves. This partially compromises the comparability of our measures of skill

acquisition across waves, and thus the longitudinal nature of the data. However, these

changes do not matter for the aggregate lifecycle patterns of on-the-job learning if the age

distribution of respondents is constant across waves. More importantly, TableC.1 indicates

that the results we �nd are robust to controlling for survey wave �xed e�ects, while FigureC.5

shows the results are robust to considering each wave separately. Second, the response rate

to the survey is relatively low, reaching levels as low as 44%. To address this issue, we adjust

all of our results using the weighting schemes provided by BIBB to account for the selection

probabilities of both households and targeted persons caused by the sample design and the

selective failures due to refusals.

A.3.1 Internal learning, external learning, and experience

The questions regarding human capital accumulation change considerably throughout survey

waves in this data. Therefore, to construct the variables that capture whether the worker

engages in internal or external learning, di�erent questions (and variables) have to be used

as indicators. In this section we provide the guidelines used for the construction of the skill

acquisition variables of interest, along with the measures of experience.

ˆ Internal learning is constructed as a binary variable that indicates whether an indi-

vidual has acquired the skills/knowledge necessary to complete the tasks required in

their current job through colleagues or superiors. This question remains relatively sta-

ble throughout the surveys, except for (1) the 1979 survey, which did not distinguish

between learning-by-doing and internal learning (and is thus excluded); (2) the 2006

by-doing and learning through hobbies.
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survey, which asked about having received professional development through coaching

from superiors; and (3) the 2011/2012 and 2017/2018 surveys, when no related ques-

tion was asked. It is also important to note that the skill acquisition questions in the

1979�1999 surveys had a slight change after the 1986 survey. In the 1979 and 1986

surveys, individuals could list all the sources through which they acquired the skills

needed for their current jobs, whereas in 1992 and 1999, they only listed the two main

ones.

ˆ External learning is constructed as a binary variable that indicates whether an indi-

vidual received external on-the-job training in the previous 2�5 years, or acquired the

skills/knowledge necessary to complete the tasks in their current job through external

training.

� 1979, 1985/1986: For these two waves, external learning corresponds to (1) report-

ing that the sources of professional knowledge/skills for the job include on-the-job

training or continued training; and/or (2) attending any courses with the purpose

of training in the 5 years that preceded the survey.

� 1991/1992, 1998/1999: For these two waves, external learning corresponds to (1)

reporting that the two main sources of professional knowledge/skills for the job are

on-the-job training or continued training; and/or (2) attending any courses with

the purpose of training in the 5 years that preceded the survey, speci�cally: vis-

iting trade fairs, congresses, or technical lectures; instruction by external agents,

or reading circles at the workplace; and reading of trade journals, or specialist

literature.

� 2005/2006: For this wave external learning corresponds to (1) attending any

courses with the purpose of training in the 2 years that preceded the survey,

speci�cally: visiting trade fairs, congresses, or technical lectures; instruction by

external agents, or reading circles at the workplace; reading of trade journals,

or specialist literature; and learning from computer-based or internet sources;

and/or (2) claiming it is important to attend seminars or courses to perform

one's occupational activity.

� 2011/2012, 2017/2018: For these waves, external learning corresponds (1) at-

tending any courses with the purpose of training in the 2 years that preceded the

survey (no speci�c types); and/or (2) claiming it is important to attend seminars
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or courses to perform one's occupational activity.

ˆ Potential experience is constructed as:Age� Y ears of schooling� 6

� Y ears of schoolingis constructed using:Y ear of graduation of highest degree�

Birth year � 6.

ˆ Number of years with current employer is constructed directly from the correspond-

ing variable in the survey for the years 1979, 1985/1986 and 1991/1992, and from

Current year � Y ear start with current employer for 1998/1999, 2005/2006, 2011/2012

and 2017/2018. Promotions within the same company are not considered employer

switches. For self-employed workers or business owners, this variable captures the

years since the start of running the current business or occupation.

A.3.2 Other variables

ˆ Hourly wages are constructed using data on the monthly wage and regular hours. In the

�rst few surveys, monthly wage was captured in an ordinal fashion, with interviewees

picking among di�erent wage ranges. In more recent surveys, the answer is given in

exact numbers. Thus, individual wages in the early waves are imputed by using the

mid-point of the reported wage range. Wages are de�ated using the German CPI with

the base year 2015 and currency is adjusted to account for the change to the Euro.

A.4 US Adult Training and Education Module in National House-
hold Education Survey

The National Household Education Survey (NHES) has been deployed in 1993, 1995, 1996,

1999, 2001, 2003, 2005, 2007, 2012 and 2016. The Adult Training and Education (ATES)

module was not included in every survey, however, and limited to 1991, 1995, 1999, 2001,

2003, 2005, and 2016. Moreover, information on internal learning was only �rst included in

the 2016 wave. The ATES in 2016 was collected via telephone surveys. The survey focuses

on non-institutionalized adults (aged 16�65) who are not enrolled in grade 12 or below and

comprises 47,744 individuals who are representative of the US population at large.

A.4.1 Internal learning, external learning, and experience

In this section, we provide further information about the construction of the skill acquisition

variables of interest, along with the measure of potential experience.
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ˆ Internal learning is constructed as a binary variable that takes a value of one for workers

who reported receiving instruction or training from a coworker or supervisor in their

last work-experience program, and a value of zero for all other workers surveyed. As

such, both workers who reported participating in a work-experience program but did

not receive instruction from coworkers or supervisors, and workers who did not report

having recently participated in a work-experience program are assumed to not have this

source of learning. This follows from the de�nition of work-experience program, which

is de�ned as a job with learning attributes, such as an internship, co-op, practicum,

clerkship, externship, residency, clinical experience, apprenticeship, or other learning

components.52

ˆ External learning is constructed as a binary variable that takes a value of one for

workers who either reported taking classes or training from a company, association,

union, or private instructor in their last work-experience program; or ever earned a

training certi�cate from an employment-related training program. The variable takes

a value of zero for all other workers. Therefore, workers who failed to report either

participating in a work-experience program and receiving training, having recently

participated in a work-experience program, or ever receiving an employment-related

training certi�cate are assumed to not have this source of learning.53

ˆ Potential experience is constructed as:Age� Y ears of schooling� 6

� Y ears of schooling is constructed by mapping the educational attainment to

the corresponding years of schooling. We omit workers with an educational at-

tainment of less than secondary since we cannot directly map this into years of

schooling.

A.4.2 Other variables

ˆ Hourly wages are constructed using data on yearly work earnings, weeks worked, and

regular hours. Yearly work earnings and weeks worked are answered in an ordinal

52In panel (a) of Figure C.8, we show that our documented lifecycle pattern of internal learning is robust if
we only consider individuals reporting participating in a work-experience program.

53In panels (c) and (d) of Figure C.8, we show that our documented lifecycle pattern of external learning
is robust to decomposing across the two learning components of external learning: taking classes during
a last work-experience program, or ever receiving an employment-related training certi�cate. In panel (b)
of Figure C.8, we show that our documented lifecycle pattern of external learning is robust if we only
consider individuals reporting participating in a work-experience program.
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fashion. Thus, yearly wage earnings and weeks worked are imputed by the mid-point

of the reported range.

A.4.3 Summary statistics in German BIBB/BAuA and US NHES data

Table A.2: Summary statistics in German BIBB/BAuA and US NHES data

Germany

Mean Std. dev. Minimum Maximum # Obs.

Reports internal learning 0.31 0.46 0 1 109478
Reports external learning 0.68 0.47 0 1 173391
Woman 0.42 0.49 0 1 174647
Age 40.15 11.17 15 74 174647
Years of education 10.75 2.67 0 25 174647
Potential years of experience 23.40 11.59 1 45 174647
Years with current employer 11.34 9.91 0 70 166964
Hourly wage (Euros of 2015) 8.96 9.07 0 207.15 117293
Firm size: 1�9 workers 0.23 0.42 0 1 165770
Firm size: 10�99 workers 0.37 0.48 0 1 165770
Firm size: 100+ workers 0.40 0.49 0 1 165770

United States

Mean Std. dev. Minimum Maximum # Obs.

Reports internal learning 0.23 0.42 0 1 29399
Reports external learning 0.44 0.5 0 1 29399
Woman 0.52 0.5 0 1 29399
Age 41.03 12.48 16 66 29399
Years of education 14.58 2.12 12 20 29399
Potential years of experience 20.72 12.49 1 45 29217
Hourly wage (Dollars of 2016) 27.34 37.93 1.23 2307.69 27767

Notes: This table presents summary statistics for key variables in the German BIBB/BAuA and US
NHES data. The samples encompass individuals who are currently employed and have between 1 and
45 years of potential experience in both settings. The results are weighted using the observational
weights provided in the surveys.
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A.5 OECD Program for the International Assessment of Adult Com-
petencies (PIAAC)

The Program for the International Assessment of Adult Competencies (PIAAC) is an inter-

national survey conducted by the Organization for Economic Cooperation and Development

(OECD). The survey aims to assess and compare the learning environments, skills, and com-

petencies of adults aged 16 to 65 in more than 40 OECD countries. 24 countries participated

in round 1 of the survey, which collected data from 1 August 2011 to 31 March 2012. Round

2 of the assessment included 9 participating countries, with data collection taking place from

April 2014 to the end of March 2015. Finally, round 3 included participation from 6 coun-

tries, with data collection taking place from July to December 2017. In total, this survey

covers a sample of around 230,000 individuals.

PIAAC collects information about workers' learning investments in skills, along with infor-

mation on how adults utilize these skills in various settings, namely home, work, and the

wider community. In addition, PIAAC measures workers' pro�ciency in three key domains:

literacy, numeracy, and problem-solving in technology-rich environments. In every country,

PIAAC provides methodological documents and guidelines to facilitate the proper collection

of data and ensure harmony in the de�nitions and concepts across countries.

This survey contains rich information allowing us to construct measures of internal and

external learning for workers in participating countries, along with potential years of experi-

ence and a measure of realized years of experience. However, this data has some important

limitations. First, the sample of individuals interviewed in each country is relatively small,

with the number of observations suitable for our analysis ranging from about 700 to 2,500

in each country. This is further complicated when we divide the samples across experience

bins. Second, several important variables are excluded in some countries due to privacy laws,

further limiting our analysis. For example, the US excludes data on workers' age and years

of experience from the publicly available �les, which precludes the construction of both the

realized and potential years of experience variables, and therefore restricts our use of data

from this source.

As before, we limit our sample to individuals who are currently employed and have 1�45

years of both potential and realized experience. In addition, we exclude military personnel

from our data. After these re�nements and data construction for our main variables of

interest (internal and external learning and realized and potential years of experience), the

countries included in our analysis from each round of the survey encompass:
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ˆ Round 1 (2011�2012): Czech Republic, Denmark, Estonia, Finland, France, Ireland,

Italy, Japan, Korea, Netherlands, Norway, Poland, Russia, Slovakia, Spain, Sweden,

and the UK.

ˆ Round 2 (2014�2015): Chile, Greece, Israel, Lithuania, Slovenia, and Turkey.

ˆ Round 3 (2017): Ecuador, Kazakhstan, Mexico, and Peru.

A.5.1 Internal learning, external learning, and experience

In this section, we provide further information about the construction of the skill acquisition

variables of interest, along with the measures of potential and realized years of experi-

ence.

ˆ Internal learning is constructed as is a binary variable that takes a value of one for

workers who either reported participating in courses led by coworkers or supervisors in

the last 12 months, or reported learning skills from coworkers more than once a month

in their current work.

ˆ External learning is constructed as a binary variable that takes a value of one for

workers who reported participating in seminars, workshops, private lessons or other

courses led by outsiders in the last 12 months.

ˆ Realized years of experience captures the number of years of paid work up to date of

measurement. Only years when workers spent 6 months or more on full- or part-time

work are included.

ˆ Potential experience is constructed as:Age� Y ears of schooling� 6

� Y ears of schooling is constructed by mapping the educational attainment to

the corresponding years of schooling (this mapping is directly constructed and

provided by PIAAC). We omit workers with an educational attainment of less

than secondary, since we cannot directly map this into years of schooling.

A.5.2 Other variables

ˆ Hourly wages are constructed using data on monthly work earnings (including bonuses)

for wage, salary, and self-employed workers, along with data on hours worked last week.

Wages are in US dollars of the year of the survey in each country, and PPP corrected.
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A.5.3 Summary statistics in PIAAC data

Table A.3: Summary statistics in PIAAC data

Mean Std. dev. Minimum Maximum # Obs.

Reports internal learning 0.75 0.43 0 1 55112
Reports external learning 0.31 0.46 0 1 60244
Woman 0.46 0.5 0 1 60274
Age 39.87 11.06 19 65 60275
Years of education 14.48 2.41 12 23 60275
Realized years of experience 16.56 10.81 1 45 60275
Potential years of experience 19.4 11.25 1 45 60275
Hourly wage (Dollars of survey year, PPP) 18.76 156.24 0 55411.45 49624
Firm size: 1�10 workers 0.3 0.46 0 1 53620
Firm size: 11�250 workers 0.52 0.5 0 1 53620
Firm size: 251+ workers 0.18 0.39 0 1 53620

Notes: This table presents summary statistics for key variables in the OECD PIAAC data. The
sample encompasses individuals who are currently employed and have between 1 and 45 years of both
potential and realized experience. The results are weighted using the observational weights provided
in the survey.

B Appendix: Robustness of Fact 1

B.1 EU-CVT data

Table B.1: Share of �rms providing internal and external learning activities

External learning
0 1

Internal learning
0 0.33 0.15
1 0.11 0.41

Notes: This table presents the proportion of �rms reporting having employees participating in
internal and external learning activities in the EU-CVT data (CVT3, CVT4 and CVT5 surveys).
The sample encompasses �rms with 5 or more workers, since smaller �rms encompass a very
small portion of the sample. The results are weighted using the weighting factors provided in the
surveys.
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Table B.2: Correlation between di�erent types of CVT provision and �rm size

CVT Internal CVT External CVT

Firm size: 20�49 wks. 0.116*** 0.117*** 0.117*** 0.110*** 0.109*** 0.109*** 0.118*** 0.119*** 0.121***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

Firm size: 50�99 wks. 0.200*** 0.199*** 0.199*** 0.205*** 0.200*** 0.200*** 0.227*** 0.227*** 0.228***
(0.007) (0.007) (0.007) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)

Firm size: 100�250 wks. 0.282*** 0.280*** 0.280*** 0.312*** 0.304*** 0.304*** 0.324*** 0.324*** 0.325***
(0.006) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

Firm size: 251+ wks. 0.297*** 0.293*** 0.293*** 0.381*** 0.372*** 0.372*** 0.352*** 0.349*** 0.350***
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

Observations 286,321 286,321 286,321 286,321 286,321 286,321 286,321 286,321 286,321
R-squared 0.171 0.179 0.179 0.154 0.160 0.160 0.157 0.168 0.170
Country-Year FE Y Y Y Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Socioec. controls Y Y Y

Notes: This table shows the coe�cients from regressing a variable indicating whether �rms in the EU-CVT data
(CVT3, CVT4 and CVT5 surveys) report having employees participating in any kind of CVT, internal CVT, or
external CVT activities on di�erent �rm size categories, where the omitted category encompasses �rms with 5�
19 workers. The sample encompasses �rms with 5 or more workers, since smaller �rms encompass a very small
portion of the sample. Regressions are weighted using the using the observational weights provided in the surveys.
Year �xed e�ects correspond to the year of the CVT survey. Industry categories are at the 1-digit level (NACE).
Socioeconomic controls encompass the logarithm of per-capita GDP. Robust standard errors are in parentheses. *
p < 0:1, ** p < 0:05, *** p < 0:01.

Table B.3: Average number and share of hours spent by each worker on CVT courses by
�rm size

CVT courses Internal CVT courses External CVT courses

Panel A: Average share of working hours

Small �rms, 5�19 workers 0.0027 0.0011 0.0016
Medium �rms, 20�99 workers 0.0037 0.0015 0.0022
Large �rms, 100+ workers 0.0058 0.0028 0.0030
Total 0.0040 0.0018 0.0023

Panel B: Average number of hours per worker

Small �rms, 5�19 workers 4.861 2.006 2.855
Medium �rms, 20�99 workers 6.077 2.451 3.626
Large �rms, 100+ workers 9.491 4.505 4.987
Total 6.550 2.834 3.716

Notes: This table shows the average share and number of hours spent by each worker in any kind of
CVT courses, internal CVT courses, and external CVT courses in the last calendar year in �rms of
di�erent sizes in the EU-CVT data. Shares and numbers of hours are calculated for all �rms in each size
category, and are presented in panels A and B, respectively. Results are simple averages of the respective
calculations across �rms from three di�erent CVT survey waves: CVT3, CVT4 and CVT5. The sample
encompasses �rms with 5 or more workers, since smaller �rms encompass a very small portion of the
sample. The results are weighted using the weighting factors provided in the surveys.
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Table B.4: Correlation between hours spent by each worker on CVT courses and �rm size

CVT courses Internal CVT courses External CVT courses

Firm size: 20�49 0.703** 0.737** 0.759** 0.432* 0.424* 0.429* 0.270* 0.313* 0.330**
(0.314) (0.316) (0.317) (0.247) (0.247) (0.249) (0.164) (0.165) (0.165)

Firm size: 50�99 1.476*** 1.432*** 1.450*** 0.773*** 0.710*** 0.714*** 0.703*** 0.723*** 0.736***
(0.280) (0.284) (0.284) (0.192) (0.193) (0.193) (0.169) (0.173) (0.172)

Firm size: 100�250 3.111*** 3.034*** 3.047*** 1.704*** 1.605*** 1.608*** 1.407*** 1.429*** 1.439***
(0.319) (0.321) (0.321) (0.204) (0.204) (0.204) (0.200) (0.202) (0.202)

Firm size: 251+ 3.615*** 3.427*** 3.441*** 2.567*** 2.413*** 2.417*** 1.048*** 1.013*** 1.024***
(0.266) (0.285) (0.283) (0.176) (0.182) (0.181) (0.149) (0.163) (0.162)

Observations 273,870 273,870 273,870 273,870 273,870 273,870 273,870 273,870 273,870
R-squared 0.015 0.021 0.022 0.008 0.010 0.010 0.016 0.023 0.023
Country-Year FE Y Y Y Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Socioec. controls Y Y Y

Notes: This table shows the coe�cients from regressing the number of hours spent by each worker on any kind of CVT courses,
internal CVT courses, and external CVT courses in the last calendar year in the EU-CVT data (CVT3, CVT4 and CVT5 surveys)
on di�erent �rm size categories, where the omitted category encompasses �rms with 5�19 workers. The sample encompasses �rms
with 5 or more workers, since smaller �rms encompass a very small portion of the sample. Regressions are weighted using the using
the observational weights provided in the surveys. Year �xed e�ects correspond to the year of the CVT survey. Industry categories
are at the 1-digit level (NACE). Socioeconomic controls encompass the logarithm of per-capita GDP. Robust standard errors are in
parentheses. * p < 0:1, ** p < 0:05, *** p < 0:01.

Figure B.1: Histograms of share of hours spent on CVT courses by �rm size

All �rms
(a) CVT courses (b) Internal CVT courses (c) External CVT courses

All �rms, with zero share of learning hours not plotted
(d) CVT courses (e) Internal CVT courses (f) External CVT courses

Notes: These �gures plot the histograms of the share of working hours spent by each worker on any kind of CVT courses, internal
CVT courses, and external CVT courses by �rm size categories for all �rms in the EU-CVT data (CVT3, CVT4 and CVT5 surveys),
and for all �rms in the EU-CVT data (CVT3, CVT4 and CVT5 surveys) but with zero learning hours not plotted. The sample
encompasses �rms with 5 or more workers, since smaller �rms encompass a very small portion of the sample. The results are weighted
using the weighting factors provided in the surveys.
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B.2 US-SEPT Data

Table B.5: Share of workers trained and average number of training hours by �rm size

Informal training Formal training

Panel A: Share of workers who have received training with current employer

Small �rms, 50�99 workers 78.9 97.1
Medium �rms, 100�499 workers 84.7 95.0
Large �rms, 500+ workers 87.7 96.1
Total 84.4 95.8

Panel B: Average number of hours per worker

Small �rms, 50�99 workers 8.2 31.9
Medium �rms, 100�499 workers 13.5 34.5
Large �rms, 500+ workers 16.6 26.0
Total 13.4 31.1

Notes: This table shows the share of workers who ever received formal or informal training with the current
employer, along with the average number of hours spent by each worker in these activities in the last 6 months in
the 1995 US-SEPT data. Shares of workers and numbers of hours are calculated for all �rms in each size category,
and are presented in panels A and B, respectively. Results follow from aggregate statistics presented by the BLS.
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C Appendix: Robustness of Fact 2

C.1 German BIBB/BAuA and US NHES data

Table C.1: Correlations between internal and external learning and potential experience

Germany

Internal learning External learning

Potential years of experience -0.0104*** -0.00630*** -0.00296*** 0.0105*** 0.00536*** 0.00212***

(0.000672) (0.000781) (0.00103) (0.000552) (0.000600) (0.000722)

Potential years of experience 2 0.000167*** 8.37e-05*** 4.66e-05** -0.000247*** -0.000126*** -7.69e-05***

(1.37e-05) (1.61e-05) (2.16e-05) (1.14e-05) (1.23e-05) (1.49e-05)

Constant 0.439*** 0.337*** 0.359*** 0.602*** 0.674*** 0.678***

(0.00734) (0.0141) (0.0178) (0.00592) (0.0109) (0.0138)

Observations 109,478 69,495 36,813 173,391 126,129 85,280

R-squared 0.006 0.129 0.077 0.005 0.193 0.205

Year FE Y Y Y Y

Demographic controls Y Y Y Y

Worker type FE Y Y Y Y

Industry FE Y Y Y Y

Occupation FE Y Y Y Y

Firm size FE Y Y Y Y

Wage controls Y Y

United States

Internal learning External learning

Potential years of experience -0.00489*** -0.00943*** -0.00999*** 0.0153*** 0.0110*** 0.0114***

(0.00120) (0.00103) (0.00105) (0.00141) (0.00139) (0.00142)

Potential years of experience 2 -4.13e-05* 9.76e-05*** 0.000110*** -0.000277*** -0.000180*** -0.000188***

(2.49e-05) (2.14e-05) (2.17e-05) (3.05e-05) (3.02e-05) (3.08e-05)

Constant 0.352*** 0.270*** 0.262*** 0.289*** 0.278*** 0.276***

(0.0119) (0.0141) (0.0146) (0.0129) (0.0176) (0.0180)

Observations 29,217 29,217 27,585 29,217 29,217 27,585

R-squared 0.040 0.228 0.224 0.013 0.073 0.075

Demographic controls Y Y Y Y

Worker type FE Y Y Y Y

Industry FE Y Y Y Y

Occupation FE Y Y Y Y

Wage controls Y Y

Notes: This table shows the coe�cients from regressing internal and external learning on potential experience and
potential experience squared in the German BIBB/BAuA data and US NHES data. The samples encompass individuals
who are currently employed, and have between 1 and 45 years of potential experience. Regressions are weighted using
the using the observational weights provided in the surveys. Germany: Year �xed e�ects correspond to the year of the
survey. Demographic controls include educational attainment level and gender. Worker type categories include laborer,
private employee, government employee, self-employed, freelancer, or family caregiver. Industry categories are at the
1-digit level. Occupation categories are at the 2-digit level (ISCO 88). Firm size is a categorical variable indicating
whether the �rm where the worker works has fewer than 4 workers, 5�9 workers, 10�49 workers, 50�99 workers, 100�499
workers, 500�999 workers, and 1000 or more workers. Wage controls include the current hourly wage. US: Demographic
controls include educational attainment level, race, census region, and gender. Worker type categories include private
employee, government employee, self-employed, or working without pay. Industry and occupation categories are at the
2-digit level (ACS 2015). Wage controls include the current hourly wage. We do not include age �xed e�ects due to high
collinearity between potential experience, education, and age. Robust standard errors are in parentheses. * p < 0:1, **
p < 0:05, *** p < 0:01.
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C.1.1 Decomposition and alternate speci�cations

Figure C.1: Sources of learning by age

Germany United States

(a) Internal learning (b) External learning (c) Internal learning (d) External learning

Notes: These �gures plot the proportion of workers reporting engaging in internal and external learning across di�erent age
bins in the German BIBB/BAuA and US NHES data. The samples encompass individuals who are currently employed, have
between 1 and 45 years of potential experience, and are 21�60 years of age in both settings. The results are weighted using the
observational weights provided in the surveys. 95% con�dence intervals are plotted.

Figure C.2: Sources of learning throughout workers' lifecycles by one-year experience bins

Germany United States

(a) Internal learning (b) External learning (c) Internal learning (d) External learning

Notes: These �gures plot the proportion of workers reporting engaging in internal and external learning across di�erent levels
of potential experience in the German BIBB/BAuA and US NHES data. The samples encompass individuals who are currently
employed and have between 1 and 45 years of potential experience in both settings. The results are weighted using the
observational weights provided in the surveys. 95% con�dence intervals are plotted.

Figure C.3: Sources of learning throughout workers' lifecycles by gender

Germany United States

(a) Internal learning (b) External learning (c) Internal learning (d) External learning

Notes: These �gures plot the proportion of male and female workers reporting engaging in internal and external learning across
di�erent potential experience bins in the German BIBB/BAuA and US NHES data. The samples encompass individuals who
are currently employed and have between 1 and 45 years of potential experience in both settings. The results are weighted
using the observational weights provided in the surveys. 95% con�dence intervals are omitted for clarity.
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Figure C.4: Sources of learning throughout workers' lifecycles by educational level

Germany United States

(a) Internal learning (b) External learning (c) Internal learning (d) External learning

Notes: These �gures plot the proportion of workers with di�erent educational attainment levels reporting engaging in internal
and external learning across di�erent potential experience bins in the German BIBB/BAuA and US NHES data. The samples
encompass individuals who are currently employed and have between 1 and 45 years of potential experience in both settings.
The results are weighted using the observational weights provided in the surveys. 95% con�dence intervals are omitted for
clarity.

Figure C.5: Sources of learning throughout workers' lifecycles by survey wave in Germany

(a) Internal learning (b) External learning

Notes: These �gures plot the proportion of workers reporting engaging in internal and external learning across di�erent potential
experience bins in di�erent survey waves of the German BIBB/BAuA data. The sample encompasses individuals who are
currently employed and have between 1 and 45 years of potential experience. The results are weighted using the observational
weights provided in the surveys. 95% con�dence intervals are omitted for clarity.

Figure C.6: Sources of learning throughout workers' lifecycles by cohort in Germany

(a) Internal learning (b) External learning

Notes: These �gures plot the proportion of workers of di�erent cohorts reporting engaging in internal and external learning
across di�erent potential experience bins in the German BIBB/BAuA data. The sample encompasses individuals who are
currently employed and have between 1 and 45 years of potential experience. The results are weighted using the observational
weights provided in the surveys. 95% con�dence intervals are omitted for clarity.
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Figure C.7: Sources of learning throughout workers' lifecycles by �rm size in Germany

(a) Internal learning (b) External learning

Notes: These �gures plot the proportion of workers employed in �rms of di�erent sizes reporting engaging in internal and external
learning across di�erent potential experience bins in the German BIBB/BAuA data. The sample encompasses individuals who
are currently employed and have between 1 and 45 years of potential experience. The results are weighted using the observational
weights provided in the surveys. 95% con�dence intervals are omitted for clarity.

Figure C.8: Decomposing di�erent types of internal and external learning in the US

(a) Prevalence of inter-
nal learning within work-
experience program partic-
ipants

(b) Prevalence of exter-
nal learning within work-
experience program partic-
ipants

(c) External learning via
participation in work-
experience program

(d) External learning via
certi�cate in employer-
sponsored training

Notes: These �gures plot the proportion of work-experience program participants reporting engaging in internal and external
learning (panels (a) and (b), respectively), and the proportion of workers reporting engaging in external learning via participation
in a work-experience program and certi�cate in an employer-sponsored program (panels (c) and (d), respectively) across di�erent
potential experience bins in the US NHES data. The sample encompasses individuals who are currently employed and have
between 1 and 45 years of potential experience. The results are weighted using the observational weights provided in the survey.
95% con�dence intervals are plotted.

Figure C.9: Sources of learning by tenure in the current �rm in Germany
(a) Internal learning (b) External learning

Notes: These �gures plot the proportion of workers reporting engaging in internal and external learning across di�erent tenure
bins in the German BIBB/BAuA data. The sample encompasses individuals who are currently employed, have between 1 and
45 years of potential experience, and have 42 years of tenure or less (we choose 42 speci�cally since it is one 3-year bin below
our 45-year cut for potential experience). The results are weighted using the observational weights provided in the surveys.
95% con�dence intervals are plotted.
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Table C.2: Correlations between di�erent sources of learning and tenure in Germany

Internal learning External learning

Years w/ current emp. -0.00591*** -0.00422*** -0.00311*** -0.00210** 0.00891*** 0.00474*** 0.00442*** 0.00693***

(0.000560) (0.000669) (0.000901) (0.000968) (0.000473) (0.000514) (0.000629) (0.000668)

Years w/ current emp. 2 5.63e-05*** 4.53e-05** 6.77e-05** 4.98e-05* -0.000145*** -9.65e-05*** -0.000103*** -0.000118***

(1.67e-05) (1.99e-05) (2.74e-05) (2.91e-05) (1.39e-05) (1.48e-05) (1.82e-05) (1.90e-05)

Constant 0.372*** 0.283*** 0.342*** 0.332*** 0.609*** 0.691*** 0.671*** 0.632***

(0.00354) (0.0125) (0.0162) (0.0167) (0.00304) (0.00963) (0.0128) (0.0131)

Observations 102,761 68,877 36,703 36,701 165,275 124,372 84,222 84,219

R-squared 0.007 0.127 0.077 0.079 0.009 0.193 0.206 0.211

Year FE Y Y Y Y Y Y

Demographic controls Y Y Y Y Y Y

Worker type FE Y Y Y Y Y Y

Industry FE Y Y Y Y Y Y

Occupation FE Y Y Y Y Y Y

Firm size FE Y Y Y Y Y Y

Wage controls Y Y Y Y

Age FE Y Y

Notes: This table shows the coe�cients from regressing internal and external learning on years with current employer (tenure)
and years with current employer squared in the German BIBB/BAuA data. The sample encompasses individuals who are
currently employed, and have between 1 and 45 years of potential experience. Regressions are weighted using the using the
observational weights provided in the surveys.Germany: Year �xed e�ects correspond to the year of the survey. Demographic
controls include educational attainment level and gender. Worker type categories include laborer, private employee, government
employee, self-employed, freelancer, or family caregiver. Industry categories are at the 1-digit level. Occupation categories are
at the 2-digit level (ISCO 88). Firm size is a categorical variable indicating whether the �rm where the worker works has fewer
than 4 workers, 5�9 workers, 10�49 workers, 50�99 workers, 100�499 workers, 500�999 workers, and 1000 or more workers. Wage
controls include the current hourly wage. Robust standard errors are in parentheses. *p < 0:1, ** p < 0:05, *** p < 0:01.

C.1.2 Correlation between sources of learning

We study the correlation between internal and external learning by regressing the former on

the latter and including a set of controls and �xed e�ects.54 The results are summarized in

Table C.3. We �nd a negative correlation between the two forms of learning in Germany,

and a positive correlation in the US. This latter result likely re�ects the fact that in the US

both forms of learning occur in the context of a �work-experience program,� namely a job

with learning attributes. As such, several sources of learning are more likely to coexist.

54Please note that we include age �xed e�ects and education controls in these regressions, and thus do not
include potential experience due to high collinearity between potential experience, education, and age.
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Table C.3: Correlation between di�erent sources of learning

Germany

Internal learning

External learning -0.203*** -0.154*** -0.149***

(0.00354) (0.00456) (0.00606)

Constant 0.438*** 1.176*** 1.227***

(0.00301) (0.0159) (0.0200)

Observations 109,478 69,495 36,813

R-squared 0.045 0.150 0.101

Year FE Y Y

Demographic controls Y Y

Age FE Y Y

Worker type FE Y Y

Industry FE Y Y

Occupation FE Y Y

Firm size FE Y Y

Wage controls Y

United States

Internal learning

External learning 0.0949*** 0.0903*** 0.0936***

(0.00773) (0.00697) (0.00710)

Constant 0.185*** 0.0924*** 0.0807***

(0.00474) (0.0105) (0.0114)

Observations 29,399 29,398 27,766

R-squared 0.013 0.240 0.237

Demographic controls Y Y

Age FE Y Y

Worker type FE Y Y

Industry FE Y Y

Occupation FE Y Y

Wage controls Y

Notes: This table shows the coe�cients from regressing internal learning on external learning in the German BIBB/BAuA data and US
NHES data. The samples encompass individuals who are currently employed, and have between 1 and 45 years of potential experience.
Regressions are weighted using the using the observational weights provided in the surveys. Germany: Year �xed e�ects correspond to the
year of the survey. Demographic controls include educational attainment level and gender. Worker type categories include laborer, private
employee, government employee, self-employed, freelancer, or family caregiver. Industry categories are at the 1-digit level. Occupation
categories are at the 2-digit level (ISCO 88). Firm size is a categorical variable indicating whether the �rm where the worker works has
fewer than 4 workers, 5�9 workers, 10�49 workers, 50�99 workers, 100�499 workers, 500�999 workers, and 1000 or more workers. Wage
controls include the current hourly wage. US: Demographic controls include educational attainment level, race, census region, and gender.
Worker type categories include private employee, government employee, self-employed, or working without pay. Industry and occupation
categories are at the 2-digit level (ACS 2015). Wage controls include the current hourly wage. We do not not include potential experience
in these regressions due to high collinearity between potential experience, education, and age. Robust standard errors are in parentheses.
* p < 0:1, ** p < 0:05, *** p < 0:01.

67



C.2 OECD PIAAC data

Figure C.10: Prevalence of di�erent sources of learning throughout workers' lifecycles (with
realized years of experience)

(a) Internal learning (b) External learning

Notes: These binned scatterplots plot the proportion of workers reporting engaging in internal and external learning across
di�erent realized years of experience bins in the PIAAC data using pooled data from all countries considered and controlling
for country �xed e�ects. The sample encompasses individuals who are currently employed, have between 1 and 45 years of both
potential and realized experience. The results are weighted using the observational weights provided in the survey.

Table C.4: Correlations between di�erent sources of learning and realized experience

Internal learning External learning

Realized years of experience -0.000834 -0.00432*** -0.00512*** 0.00477*** 0.00177 0.00148

(0.00123) (0.00121) (0.00130) (0.00108) (0.00115) (0.00126)

Realized years of experience2 -7.28e-05** -4.07e-06 1.09e-05 -0.000103*** -3.97e-05 -3.06e-05

(3.15e-05) (3.06e-05) (3.31e-05) (2.67e-05) (2.83e-05) (3.10e-05)

Constant 0.793*** 0.719*** 0.690*** 0.266*** 0.111*** 0.106

(0.00978) (0.0521) (0.153) (0.00907) (0.0359) (0.111)

Observations 55,112 47,430 40,268 60,244 47,448 40,282

R-squared 0.043 0.121 0.123 0.051 0.159 0.158

Country FE Y Y Y Y Y Y

Demographic controls Y Y Y Y

Worker type FE Y Y Y Y

Industry FE Y Y Y Y

Occupation FE Y Y Y Y

Firm size FE Y Y Y Y

Wage controls Y Y

Notes: This table shows the coe�cients from regressing internal and external learning on realized years of experience and realized
years of experience squared in the PIAAC data. The sample encompasses individuals who are currently employed, and have between
1 and 45 years of potential experience. Regressions are weighted using the using the observational weights provided in the survey.
Demographic controls include educational attainment level and gender. Worker type categories include private employee, government
employee, non-pro�t employee and self-employed. Industry and occupation categories are at the 2-digit level (ISIC rev. 4 and ISCO
2008, respectively). Wage controls include the current hourly wage. We do not include age �xed e�ects due to the high collinearity
between realized experience, education, and age. Robust standard errors are in parentheses. * p < 0:1, ** p < 0:05, *** p < 0:01.
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Figure C.11: Prevalence of di�erent sources of learning throughout workers' lifecycles (with
potential years of experience)

(a) Internal learning (b) External learning

Notes: These binned scatterplots plot the proportion of workers reporting engaging in internal and external learning across
di�erent potential years of experience bins in the PIAAC data using pooled data from all countries considered and controlling
for country �xed e�ects. The sample encompasses individuals who are currently employed, have between 1 and 45 years of both
potential and realized experience. The results are weighted using the observational weights provided in the survey.

D Appendix: Additional results of quantitative model

D.1 Derivation of Match Value

We now provide a step-by-step discussion of how we derive the match value Equation (3).

First, note that without accounting for spillover e�ects, the value function of a match between

a worker i of ageai and human capital hm i and a �rm with productivity z, employing the

workforce I (z) with human capital distribution H(z) encompasses the current output value

net of training costs stemming from foregone production and payments to external trainers

and the discounted future values contingent on whether worker i climbs the human capital

ladder in the current period or not:

M ai (hm i ; z;H(z)) = max
l;g

"

zhm i (1 � l)
| {z }

output value

� (1 � g)l � qpe(hm i )| {z }
pay for external trainers

+ s(hm i ; H(z)) � � E
�
(1 � � )M ai +1 (hm i +1 ; z;H0(z)) + � maxf V ai +1

U (hm i +1 ); V ai +1
T R (hm i +1 )g

�

| {z }
future value if successfully climb human capital ladder

+ [1 � s(hm i ; H(z))] � � E
�
(1 � � )M ai +1 (hm i ; z;H0(z)) + � maxf V ai +1

U (hm i ); V ai +1
T R (hm i )g

�

| {z }
future value if don't successfully climb human capital ladder

#

:

(D.1)
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This match value does not account for spillover e�ects across workers in the same �rm.

These spillovers arise because coworkers a�ect the human capital distribution of the �rm,

H(z), and thus in�uence its internal learning environment by impacting the probability each

worker has of climbing the human capital ladder.

In particular, recall that the probability of climbing the human capital ladder, s(�), follows

s(hm i ; H(z)) = min

(
h
[A(z)p(hm i ; H(z))g]

� � 1
� + [ Ae(z)pe(hm i )(1 � g)]

� � 1
�

i �
� � 1

l 
 + �; 1

)

, and

thus encompasses the role of these spillovers by considering the probability of matching with

a coworker with higher human capital than the own within the same �rm,p(hm i ; H(z)), when

learning internally.

To incorporate these spillover e�ects, we expand Equation (D.1) as:

M a i (hm i ; H(z)) = max
l;g

"

zhm i (1 � l )
| {z }
output value

� (1 � g)l � qpe(hm i )| {z }
pay for external trainers

+
�

j 2 I (z) ;j 6= i
M a j (hm j ; z;H(z)) � M a j (hm j ; z;H(z)nf ig)dj

| {z }
spillover e�ects to other workers

�
�

j 2 I (z) ;j 6= i
M a i (hm i ; z;H(z)) � M a i (hm i ; z;H(z)nf j g)dj

| {z }
spillover e�ects to worker i

+ s(hm i ; H(z)) � � E
�
(1 � � )M a i +1 (hm i +1 ; z;H0(z)) + � maxf V a i +1

U (hm i +1 ); V a i +1
T R (hm i +1 )g

�

| {z }
future value if successfully climb human capital ladder

+ [1 � s(hm i ; H(z))] � � E
�
(1 � � )M a i +1 (hm i ; z;H0(z)) + � maxf V a i +1

U (hm i ); V a i +1
T R (hm i )g

�

| {z }
future value if don't successfully climb human capital ladder

#

:

(D.2)

In the second line, we �rst incorporate the spillover e�ects to other workers in this �rm

stemming from the presence of workeri . Then, to avoid double accounting, and considering

that workers may take a wage cut to fund human capital acquisition and compensate mentors

inside the �rm for the spillover e�ects they generate in their learning environment (Jarosch

et al., 2021), we subtract the spillover e�ects to worker i stemming from the presence of

other workers in this �rm.

We isolate a workerj 's e�ect on another workeri 's match value by computing the increment

in the match value workeri obtains from the fact that worker j is part of their same �rm. In

particular, we compare the match value workeri obtains from the match with �rm z when

worker j is in this �rm's workforce in the current period, to the match value workeri would

obtain if worker j were not in the �rm's workforce in the current period, taking all else as

given.55 Thus, using the match value above, workerj 's e�ect on another worker i 's match

55As before, we write H(z)nf j g to denote the human capital distribution of the �rm's workforce absent
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value can be written as:

M a i (hm i ; z;H(z)) � M a i (hm i ; z;H(z)nf j g)

= [ zhm i (1 � la i (hm i ; z;H(z))) � (1 � ga i (hm i ; z;H(z))) la i (hm i ; z;H(z)) � qpe(hm i )]

� [zhm i (1 � la i (hm i ; z;H(z)nf j g)) � (1 � ga i (hm i ; z;H(z)nf j g)) la i (hm i ; z;H(z)nf j g) � qpe(hm i )]

+ [ s(hm i ; H(z)) � s(hm i ; H(z)nf j g)] � � E
�
(1 � � )M a i +1 (hm i +1 ; z;H0(z)) + � maxf V a i +1

U (hm i +1 ); V a i +1
T R (hm i +1 )g

�

� [s(hm i ; H(z)) � s(hm i ; H(z)nf j g)] � � E
�
(1 � � )M a i +1 (hm i ; z;H0(z)) + � maxf V a i +1

U (hm i ); V a i +1
T R (hm i )g

�

�
@s(hm i ; H(z))
@p(hm i ; H(z))

[p(hm i ; H(z)) � p(hm i ; H(z)nf j g)] � � E
�
(1 � � )� M a i +1 (hm i +1 ; z;H0(z)) + � � max f V a i +1

U (hm i +1 ); V a i +1
T R (hm i +1 )g

�

(D.3)

The second equality is derived due to the envelope theorem, as the optimal training time

lai (hm i ; z;H(z))) and time allocation gai (hm i ; z;H(z))) are derived to maximize the match

value. In addition, we can ignore the integral terms capturing spillover e�ects in this ex-

pression since we consider a continuum of workers, and thus each worker's impact on other

workers' spillover e�ects is negligible. Finally, since we only consider workerj 's spillover e�ect

in the current period, we take the future human capital distributionH0(z) as given.56

We can use this expression to show that the spillover e�ects to workeri stemming from the

presence of other workers in this �rm is approximately equal to zero. In particular, denote

Oai +1 (hm i ; z;H0(z)) =
�
(1 � � )� M ai +1 (hm i +1 ; z;H0(z)) + � � max f V ai +1

U (hm i +1 ); V ai +1
T R (hm i +1 )g

�

and notice that using the expression above, the value of these spillovers can be written as:
�

j 2 I (z);j 6= i
M ai (hm i ; z;H(z)) � M ai (hm i ; z;H(z)nf j g)dj

| {z }
spillover e�ects to worker i

=
�

j 2 I (z);j 6= i

@s
@p

[p(hm i ; H(z)) � p(hm i ; H(z)nf j g)] � Oai +1 (hm i ; z;H0(z))dj

=
@s
@p

Oai +1 (hm i ; z;H0(z))
�

j 2 I (z);j 6= i
[p(hm i ; H(z)) � p(hm i ; H(z)nf j g)] � dj

(D.4)

Notice however that this is approximately equal to zero, since we consider a continuum of

worker j : H(z)nf j g = f hm i gi 2 I (z) ;i 6= j .
56In principle, the hypothetical scenario of worker j not being part of the �rm's workforce in the current

period can also a�ect the future human capital distribution by a�ecting human capital evolution. However,
given that we consider a continuum of workers, each worker's e�ect on overall human capital evolution is
negligible.
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workers in the workforce, and thus have

�

j 2 I (z);j 6= i
[p(hm i ; H(z)) � p(hm i ; H(z)nf j g)] dj

�
�

j 2 I (z);j 6= i

�
1f hm j >h m i g

1
D(z)

� p(hm i ; H(z))
1

D(z)

�
dj = p(hm i ; H(z)) � p(hm i ; H(z)) = 0 ;

whereD(z) captures the size of the workforce in �rmz. In this equation, the �rst equality

approximates the impact of workerj on worker i 's learning probability which stems from

two sources: (1) an increase in the mass of potential trainers if workerj 's human capital is

higher than workeri ; and (2) an increase in the size of the workforce in �rmz which reduces

the chance of workeri to meet potential trainers. These two terms cancel out if we take an

integral across the workforce, as we are considering the joint impact of all other workers,

including those with both higher and lower human capital to workeri , in the �rm.

D.2 Worker and �rm values

Worker's value. The value for a worker of ageai and human capitalhm i matched with a

�rm with productivity z employing the workforceI (z) with human capital distribution H(z),

and who perceives the share of revenuer is given by:

V a i (r; h m i ; z;H(z)) = r

"

zhm i (1 � l )
| {z }

output value
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+
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future value if don't successfully climb human capital ladder

Firm's value. The value for a �rm with productivity z, employing the workforceI (z) with

human capital distribution H(z), of matching with a worker of ageai and human capitalhm i

who perceives the share of revenuer is given by:

J a i (r; h m i ; z;H(z)) =(1 � r )

"

zhm i (1 � l )
| {z }

output value

� (1 � g)l � qpe(hm i )| {z }
pay for external trainers

�

j 2 I (z) ;j 6= i

@s
@p

�
p(hm j ; H(z)) � p(hm j ; H(z)nf ig)

�
Oa j +1 (hm j ; z;H0(z))dj

| {z }
spillover e�ects to other workers in �rm

+ s(hm i ; H(z)) � � E(1 � � )J a i +1 (r; h m i +1 ; z;H0(z))
| {z }

future value if successfully climb human capital ladder

+ [1 � s(hm i ; H(z))] � � E(1 � � )J a i +1 (r; h m i ; z;H0(z))
| {z }

future value if don't succesfully climb human capital ladder

:

72



D.3 Proof of Proposition 1

Firms and workers jointly maximize the match value in Equation (3). Given the de�nitions of

s(hm i ; H(z)) and sE (hm i ; H(z)) in Equations (1) and (2), if s(hm i ; H(z)) < 1, which ensures

internal solutions, the �rst-order condition with respect to l implies:

zhm i + (1 � g)qpe(hm i ) = 
s E (hm i ; H(z)) l 
 � 1Oai +1 (hm i ; z;H0(z)) :

Thus, we can solvel as:

l =
�


s E (hm i ; H(z))Oai +1 (hm i ; z;H0(z))
zhm i + (1 � g)qpe(hm i )

� 1=(1� 
 )

:

The �rst-order condition with respect to g implies

lqpe(hm i ) +

"

sE (hm i ; H(z))
1
�

 
(A(z)p(hm i ; H(z)))

� � 1
�

g
1
�

�
(Ae(z)pe(hm i ))

� � 1
�

(1 � g)
1
�

!#

� Oai +1 (hm i ; z;H0(z)) l 
 = 0:

Combining the above two equations we obtain:

1 =
zhm i + (1 � g)qpe(hm i )


qpe(hm i )
�

(Ae(z)pe(hm i ))
� � 1

� (1 � g)� 1
� � (A(z)p(hm i ; H(z)))

� � 1
� g� 1

�

(Ae(z)pe(hm i ))
� � 1

� (1 � g)
� � 1

� + ( A(z)p(hm i ; H(z)))
� � 1

� g
� � 1

�

(D.5)

All else being equal, it can be shown thatg increases withp(hm i ; H(z)). This is because

the right-hand side of Equation (D.5) increases with bothp(hm i ; H(z)) and g, suggesting a

positive partial derivative of g with regard to p(hm i ; H(z)).57 Similarly, we can show thatg

decreases withq.

D.4 General equilibrium

De�ne D a(hm ; z) and D a
t (hm ) to be the measures of employed workers of agea and human

capital level hm (m = 1; 2; :::) at �rm z and in the training sector, respectively. We de�ne

the general equilibrium of our model as follows:

57It is easy to show that the right-hand side declines withp(hm i ; H(z)) by taking the derivative. For the right-

hand side to increase withg, � (1 � � � 1
� 
 )qpe (hm i )

zh m i +(1 � g)qpe (hm i ) + 1
�

(A e (z)pe (hm i ))
� � 1

� (1 � g) � 1
� � 1 + (A (z)p(hm i ;H(z)) )

� � 1
� g� 1

�

(A e (z)pe (hm i ))
� � 1

� (1 � g) � 1
� � 1 � (A (z)p(hm i ;H(z)) )

� � 1
� g� 1

�

>

0 needs to hold, which is always true for all �rms and human capital levels in our baseline calibration.
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De�nition 1. The general equilibrium consists of meeting ratesf � Ug, employment distribu-

tions f D a
U (hm ); D a(hm ; z); D a

t (hm )g, �rms' vacancy postings v(z), the worker-�rm joint de-

cision of human capital accumulationf ga(hm ; z;H(z)); la(hm ; z;H(z))g, workers' wage rates

wa(hm ; z;H(z)), and the price of external training servicesq. These variables satisfy:

(i) the wage ratewa(hm ; z;H(z)) is determined by the bargaining processes in Section4.2.2;

(ii) the worker-�rm joint decision of human capital accumulationf ga(hm ; z;H(z)); la(hm ; z;H(z))g

satis�es Equations (4) and (5) in Proposition 1, where the learning probabilities of internal

and external learning sources are determined by the employment distributions (D a(hm ; z)

within each �rm and D a
t (hm ) in the training sector);

(iii) �rms' optimal vacancy postings v(z) are given by Equation(9);

(iv) the meeting rate � U is determined by the number of unemployedU =
P

a

P
m D a

U (hm )

and the total number of vacanciesV =
�

v(z)ds(z);

(v) the employment distributionsf D a
U (hm ); D a(hm ; z); D a

t (hm )g are consistent with vacancy

postingsv(z), the worker-�rm decision of human capital accumulationf ga(hm ; z); la(hm ; z)g,

exogenous job separations, and unemployed workers' sectoral choices; and

(vi) the training price q clears the market for external training services such that the total

demand for external training services (external training time aggregated across all production

workers) equals the total supply (training units provided by all external trainers).
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E Appendix: Additional quantitative results

E.1 Identi�cation of parameters

Table E.1: Elasticities of targeted moments to parameters

Parameter

Moment �A �Ae � � � � h cm cv � �

Unemployment rate -0.07 -0.05 -0.03 0.03 0.00 0.11 -1.98 0.31 0.41 1.28
Labor market tightness (#vacancies/#unemployed) 0.17 0.09 0.09 -0.05 0.03 -0.19 1.39 -0.65 -0.82 -0.94
Shape parameter of �rm employment distribution -0.01 -0.01 -0.02 0.00 0.00 0.00 0.00 0.00 0.10 0.01
Share of workers that remain employed in next quarter 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00-0.03
Ratio of new to all workers' avg external learning time 1.07 -0.79 -0.07 3.08 -0.01 0.42 0.00 0.00 0.22 0.04
Average wage growth (per quarter), 0�40 yrs of exp 1.61 0.66 0.53 -0.22 0.43 -1.47 0.14 0.02 -0.32 -0.12
Average wage growth (per quarter), 0�25 yrs of exp 1.68 0.70 0.58 -0.12 0.41 -1.66 0.20 0.07 -0.30 -0.12
Share of total time spent on external learning 0.28 1.87 0.47 -0.73 0.06 -0.81 -0.01 0.00 -0.38 -0.17
Share of total time spent on internal learning 2.30 -0.04 0.57 -0.09 0.20 -1.18 0.00 0.00 -0.22 -0.19
Ratio of learning time in 100+ to 50�99 worker �rms 0.00 -0.02 0.23 -0.01 0.02 0.17 0.00 0.00 -0.13 -0.07

Notes: This table presents the elasticity of each moment targeted in the model calibration to each internally calibrated parameter.
These elasticities are determined by calculating the percentage increase in each moment after a 10% change in the calibrated parameter
value while holding the remaining parameters �xed. For each moment, we highlight in bold the elasticities surpassing an absolute value
of 0.5, or the largest elasticity if no elasticities pertaining to that moment surpass this level.

E.2 Properties of equilibrium

E.2.1 Distribution of human capital levels at di�erent ages

Figure E.1: Distribution of human capital at di�erent ages

Notes: This �gure illustrates how the distribution of human capital changes as workers age in the model

by plotting the share of workers of each human capital level within a given cohort of workers observed at

di�erent ages.

75



E.2.2 Distribution of Trainers' and Workers' Human Capital

Figure E.2: Distribution of trainers' and workers' human capital

Notes: This �gure illustrates the human capital distribution of production workers and external trainers in

the model by plotting the share of workers of each human capital level within these two groups.

E.2.3 Wages by �rm productivity and human capital

Figure E.3: Wages by �rm productivity and human capital

Notes: This �gure plots the wages perceived by workers of each human capital level when working in �rms

with di�erent productivity levels in the model.
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E.3 Counterfactual exercises

E.3.1 Lifetime patterns of internal and external learning

Figure E.4: Lifecycle patterns of internal and external learning in baseline and counterfactual
scenarios

(a) Internal learning (b) External learning

Notes: These �gures plot the share of time spent on internal and external learning, namelyl � g, and l � (1� g),

respectively, for workers with di�erent years of experience in the baseline model and counterfactual scenarios

that shut down internal and external learning, respectively.

E.3.2 Human capital distribution

Figure E.5: Human capital distribution in baseline and counterfactual scenarios

Notes: This �gure plots the share of workers with di�erent human capital levels in the baseline model and

counterfactual scenarios that shut down internal and external learning, respectively.
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E.3.3 Role of each learning source in wage dispersion

In Figure E.6 we plot the standard deviation of log wages among workers in the baseline and

counterfactual scenarios, along with the various components driving it.58 We highlight three

notable �ndings. First, wage dispersion increases over the lifecycle in the baseline model,

consistent with the literature.59 This increase partially re�ects the growing dispersion in

workers' own productivity levels: all new workers begin with the same level of productivity,

but some individuals have better luck and climb the human capital ladder more rapidly.

Furthermore, we �nd that spillover e�ects to colleagues also become more dispersed as work-

ers age, collectively contributing to the rise in wage dispersion. As workers refrain from

investing in human capital when nearing retirement, the dispersion of learning costs declines

at the oldest ages.

Figure E.6: Lifecycle wage dispersion and its components in the baseline and counterfactual
scenarios

(a) Baseline model (b) Without internal learning (c) Without external learning

Notes: These �gures illustrate the lifetime progression of wage dispersion and its di�erent components (own

productivity, spillover e�ects to coworkers, and learning investments and associated costs) by plotting the

standard deviation of the log value of each of these for workers with di�erent years of experience in the

baseline model and counterfactual scenarios that shut down internal and external learning, respectively.

Second, the dispersion in workers' own productivity levels is more driven by external learning

than by internal learning. Without external learning, the dispersion in workers' productivi-

ties remains low throughout the lifecycle as workers learn from and catch up fast to colleagues.

Without internal learning, since skill acquisition is more expensive, only a small number of

58Similar to before, the standard deviations of the share of revenue attributed to workers and the productivity
of the �rms workers are matched with do not change signi�cantly over workers' lifetimes. Thus, we omit
these two components for the sake of clarity.

59The wage dispersion predicted by our model is relatively small compared to the data as we abstract from
individual heterogeneity in innate abilities and other factors such as job ladders. The slight hump shape
observed is consistent with the literature (Lagakos et al. (2018)).
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workers climb the human capital ladder, causing the dispersion in workers' own productivity

levels to rise throughout the lifecycle.60

Third, we observe that even with the broader own-productivity dispersion, wage dispersion is

actually lower when we shut down internal learning compared to when we shut down external

learning. This can be primarily attributed to the spillover e�ects linked to internal learning,

which contribute signi�cantly to the wage gains for more-experienced workers.

E.4 Remote work

E.4.1 Lifetime wage growth and its components

Figure E.7: Impact of remote work on lifecycle wage growth and its components

(a) Overall wage (b) Own productivity (c) Spillovers to coworkers

Notes: These �gures illustrate the lifetime progression of wage growth and two of its components (own pro-

ductivity, and spillover e�ects to coworkers) 61 by plotting the average log value of each of these (normalized

to the �rst year's value) for workers with di�erent years of experience in the baseline model and 20% and

100% remote work scenarios.

E.5 Subsidies to learning

We now evaluate the role of subsidies in addressing learning ine�ciencies in our framework.

These ine�ciencies arise because �rms and workers do not take into account future employers'

and coworkers' gains when choosing learning investments. To this end, we examine the

impacts of government-sponsored subsidies that cover a portion of all learning expenses, and

expenses pertaining solely to internal or external learning, respectively. These subsidies are

60In Figure E.5 we plot the distribution of human capital among workers in our baseline equilibrium and the
counterfactual scenarios, showing that the distribution of human capital is more dispersed when we shut
down internal learning compared to when we shut down external learning.

61To save on space, we do not plot changes in learning investments, which also change with remote work,
and account for part of the decline in lifetime wage growth.
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funded through lump-sum taxes, and encompass both trainers' fees (in the case of subsidies

covering all or external learning expenses) and the value of lost production time.

Figure E.8 shows the gains in GDP and workers' average human capital in relation to the

government's subsidy rates when subsidies cover a portion of all learning expenses.62 GDP

has a hump-shaped relationship with subsidy levels, since very high subsidy rates lead to a

large portion of workers' time being allocated to learning, which subsequently lowers GDP.

We �nd that the impact of the subsidy rate on GDP is maximized when the subsidy rate is

around 38%. At this subsidy rate, equivalent to 6% GDP allocated for learning subsidies,

average human capital and GDP increase by 11.1% and 2.9% in the stationary equilibrium,

respectively, indicating potential advantages of government-sponsored learning policies.

Figure E.8: Subsidies to all learning costs

Notes: This �gure illustrates the gains from learning subsidies covering a portion of all learning expenses by

plotting the percent increase (measured through the log of the gross increase) in GDP and average human

capital relative to the baseline model (left vertical axis), along with the ratio of subsidies to GDP (right

vertical axis) from di�erent subsidy rates. We compute GDP as the sum of the values produced by the

production sector (which takes into account the loss of production time due to learning) and training sector.

We now examine the e�ects of subsidizing expenses pertaining solely to internal or exter-

nal learning, respectively. The results of these analyses are presented in FigureE.9. We

have two main �ndings. First, we �nd that the optimal subsidy rate, which produces the

largest impact on GDP, is higher when either internal or external learning is individually

subsidized, compared to when both types of learning are subsidized simultaneously. Sec-

62Since our model incorporates two sectors (production and training), we compute GDP as the sum of the
realized production value in the production sector (which takes into account the loss of production time
due to learning) and the value of training services provided by trainers.
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ond, and most importantly, we find that subsidizing external learning yields greater benefits
than subsidizing internal learning. When the government subsidizes internal learning, the
maximum gain in GDP is 1.5%, achieved at a subsidy rate of 49%. When the government
subsidizes external learning, on the other hand, the maximum gain in GDP is 2.7%, achieved
at a subsidy rate of 58%. This suggests that external learning exhibits larger externalities
compared to internal learning. One possible explanation for this is that trainers, who deliver
external learning, typically possess higher levels of human capital compared to production
workers. In addition, promoting external learning contributes to an enhanced distribution of
human capital within firms. Overall, our results highlight the potential for targeted learning
subsidies to drive economic growth and improve human capital outcomes.

Figure E.9: Subsidies to each learning source

(a) Subsidies to internal learning
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(b) Subsidies to external learning
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Notes: These figures illustrate the gains from learning subsidies covering a portion of internal and external
learning expenses, respectively, by plotting the percent increase (measured through the log of the gross
increase) in GDP and average human capital relative to the baseline model (left vertical axis), along with
the ratio of subsidies to GDP (right vertical axis) from different subsidy rates. We compute GDP as the
sum of the values produced by the production sector (which takes into account the loss of production time
due to learning) and training sector.

F Appendix: Model extensions and robustness

F.1 Incorporating on-the-job search

F.1.1 Model extension

We now consider a model extension that incorporates on-the-job search following Cahuc
et al. (2006), and thus assume that employed people can search for new jobs together with
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the unemployed. We denote 0 � � < 1 as the search intensity of employed workers relative
to unemployed workers whose search intensity is normalized to 1.

Once a worker receives an outside offer from a poaching firm with productivity z0, there
are three possible scenarios which determine whether the worker moves or not, and how her
perceived fraction of current revenue r, which governs her wage, evolves.

1. The poaching firm cannot offer the worker a value higher than the worker’s current
value, V ai(r; hmi

; z; H(z)) > Mai(hmi
; z0; H(z0)). In this case, the worker will not move,

and her perceived fraction of current revenue r does not change.

2. The match in the poaching firm z0 is more valuable than the worker’s current match
with firm z, Mai(hmi

; z0; H(z0)) > Mai(hmi
; z; H(z)). In this case, the worker will move

to the poaching firm and will use the match value in the current firm Mai(hmi
; z; H(z))

as the outside value in negotiation. The share of the revenue, and thus the value earned
by the worker in the poaching firm will again be determined by Nash Bargaining:

max
r

[V a(r; hmi
; z0; H(z0)) � Mai(hmi

; z; H(z))]
�

Jai(r; hmi
; z0; H(z0))1��:

We can solve this problem and recover the worker’s value obtained upon hiring in firm z0

as V a(r0; hmi
; z0; H(z0)) = Mai(hmi

; z; H(z))+�(Mai(hmi
; z0; H(z0))�Mai(hmi

; z; H(z))).

3. The match in the current firm z is more valuable than the match in the poaching firm z0,
but the worker’s value is low enough that the poacher’s offer is attractive to the worker,
Mai(hmi

; z0; H(z0)) < Mai(hmi
; z; H(z)) and Mai(hmi

; z0; H(z0)) > V ai(r; hmi
; z; H(z)).

In this scenario, to prevent the worker from leaving, the current firm negotiates a new
division of the match surplus with the worker. The worker now uses the poacher’s
match value Mai(hmi

; z0; H(z0)) as the outside option in negotiation. Thus, the worker
stays in the current firm, and the value of the worker in the current firm is determined
by Nash Bargaining:

max
r

[V a(r; hmi
; z; H(z)) � Mai(hmi

; z0; H(z0))]
�

Jai(r0; hmi
; z; H(z))1��:

We can solve this problem and recover the worker’s value obtained upon hiring in firm z0

as V a(r; hmi
; z; H(z)) = Mai(hmi

; z0; H(z0))+�(Mai(hmi
; z; H(z))�Mai(hmi

; z0; H(z0))).

With the model extension of on-the-job search, the match value now incorporates the benefits
from job-to-job transitions:
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Mai(hmi ; z; H(z)) = max
l;g

"
zhmi(1 � l)| {z }
output value

� (1 � g)l � qpe(hmi)| {z }
pay for external trainers

#

+

�
j2I(z);j 6=i

@s

@p

�
p(hmj

; H(z)) � p(hmj
; H(z)nfig)

�
� Oaj+1(hmj

; z; H0(z))dj| {z }
spillover effects to other workers in firm

+ �(1 � �)

�
1 � ��q(�)

�
1move dG(z0)

�
Mai+1;f (hmi ; z; H(z))| {z }

future match value if worker stays at current firm

+ �(1 � �)��q(�)

�
1move

�
Mai+1;f (hmi

; z; H(z)) + �(Mai+1;f (hmi
; z0; H(z0)) � Mai+1;f (hmi

; z; H(z)))
�

dG(z0)| {z }
worker’s future value if move to poaching firm

+ ��E
�
s(hmi ; H(z)) maxfV ai+1

U (hmi+1); V ai+1
T R (hmi+1)g + (1 � s(hmi ; H(z))) maxfV ai+1

U (hmi); V ai+1
T R (hmi)g

�| {z }
worker’s future value if separated from current firm

(F.1)

where 1move is an indicator for moving to the poaching firm, which happens if Mai+1;f (hmi
; z0; H(z0)) >

Ma+1;f (hmi
; z; H(z)).63 G(z) =

� z

0
v(y)ds(y)=V is the offer distribution. We can compute

the optimal learning levels according to Equation (F.1).
The worker’s value is now given by:

V ai (r; hmi ; z; H(z)) = r

[
zhmi (1 � l) � (1 � g)l � qpe(hmi ) + Xai (hmi ; z; H(z))

]
︸ ︷︷ ︸

current wage

+ �(1 � �)

(
1 � ��q(�)

�
1negG(z0)

)
E
[
s(hmi ; H(z))V ai+1(r; hmi ; z; H(z)) + (1 � s(hmi ; H(z)))V a+1(r; hmi + 1; z; H(z))

]
︸ ︷︷ ︸

worker’s future value if stay at current firm with no wage renegotiation

+ �(1 � �)��q(�)

�
1neg

[
(1 � �)fMai+1;f (hmi ; z; H(z)); Mai+1;f (hmi ; z0; H(z0))g� + �fMai+1;f (hmi ; z; H(z)); Mai+1;f (hmi ; z0; H(z0))g+

]
dG(z0)︸ ︷︷ ︸

worker’s future value if get an attractive offer and negotiate a new wage (either in current or poaching firm)

+ ��E
[
s(hmi ; H(z)) maxfV

ai+1
U (hmi+1); V

ai+1
T R (hmi+1)g + (1 � s(hmi ; H(z))) maxfV

ai+1
U (hmi ); V

ai+1
T R (hmi )g

]
︸ ︷︷ ︸

worker’s future value if separated from current firm
(F.2)

where 1neg is an indicator for wage renegotiation, which happens if the worker receives an
offer that is more attractive than the current match, and thus either renegotiates in the
current firm or switches firms.64 As before, for each bargaining outcome, we can search for

63We define Mai+1;f (hmi ; z; H(z)) = E
�
s(hmi ; H(z))Mai+1(hmi+1; z; H(z)) + (1 � s(hmi ; H(z)))Mai+1(hmi ; z; H(z))

�
to save on notation.

64We also denote fMai+1;f (hmi+1; z; H(z)); Mai+1;f (hmi+1; z0; H(z0))g� and
fMai+1;f (hmi+1; z0; H(z0)); Mai+1;f (hmi+1; z0; H(z0))g+ as the minimum and maximum of
Mai+1;f (hmi+1; z; H(z)) and Mai+1;f (hmi+1; z0; H(z0)), respectively.
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fraction r in Equation (F.2) that delivers the same value as the worker’s bargaining outcome
and thus renders the wage.

F.1.2 Calibration and quantitative findings

We set the on-the-job search intensity � to 0.3 following Faberman et al. (2017), who find
that the average number of offers per month received by employed workers is around 30–
40% of that for unemployed people in the US. All other externally calibrated parameters
are identical to the baseline values. We still choose the internally calibrated parameters to
match the targeted moments in Table 4.2, except that now we target the full average wage
growth per quarter at both 0–40 and 0–25 years of experience, not just that coming from
human capital. With on-the-job search, our model predicts 0.41% for the average quarterly
wage growth at 0–40 years of experience, which is close to the data (0.45%). All other model
moments still match the targeted data moments well.65

Figures F.1 and F.2 show that the model with on-the-job search matches our empirical
findings, namely the lifecycle patterns of learning, and the fact that larger firms provide
more variety in learning options.

Figure F.1: Lifecycle patterns of internal and external learning (with on-the-job search)

(a) Internal learning
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(b) External learning
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Notes: These figures plot the share of time spent on internal and external learning, namely l � g, and
l � (1 � g), respectively, for workers with different years of experience in the model with on-the-job search.

Panel A in Table F.1 summarizes the average share of time spent on each source of learning
along with the average level of human capital in the stationary equilibrium of our extended
65Tables with details on the parameter values and comparison between the data and model moments are

available upon request.
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Figure F.2: Lifecycle patterns of internal and external learning by firm productivity (with
on-the-job search)

(a) Internal learning
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Notes: These figures plot the share of time spent on internal and external learning, namely l � g, and
l � (1 � g), respectively, for workers with different years of experience and working in firms with different
productivity levels in the model with on-the-job search.

model, and the stationary equilibria of the extended model without different forms of learn-
ing. We find that the impacts of each type of learning on human capital are similar to the
baseline results. Figure F.3 shows that the predictions about how each type of learning af-
fects wage growth and dispersion in this extended model are similar to those in the baseline
model, though the lifetime growth in wages and wage dispersion becomes larger due to the
inclusion of job-to-job transitions.

We report the impact of remote work on average human capital and lifecycle wage growth in
panel A of Table F.2. In both scenarios of remote work, the decline in average human capital
(0.97% and 3.51%) in the extended model is more pronounced than in the baseline model
(0.44% and 2.71%). One reason for this disparity is that by hindering coworker learning,
remote work disproportionately reduces the incentives of highly productive firms to post job
vacancies since these firms have a larger share of skilled workers and thus higher intensity of
coworker learning than unproductive firms. This disincentive is more severe in the scenario
that includes on-the-job search since through poaching, skilled workers tend to be more
concentrated in highly productive firms than in the baseline model. Relatedly, due to the
same mechanisms, we also find that the remote-work-driven decline in wage growth from
spillover effects is also more severe in the extended model than in the baseline model.
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Figure F.3: Lifecycle wage growth and dispersion and their components in the baseline and
counterfactual scenarios (with on-the-job search)
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overall: wage own productivity learning investments spillover effects

(c) Without external learning
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(d) Baseline model
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(f) Without external learning
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Notes: These figures illustrate the lifetime progression of wage growth and wage dispersion and their different
components (own productivity, spillover effects to coworkers, and learning investments and associated costs)
by plotting the average log value (normalized to the first year’s value) and standard deviation of the log value
of each of these for workers with different years of experience in the baseline model with on-the-job search
and corresponding counterfactual scenarios that shut down internal and external learning, respectively.

F.2 Incorporating time costs for internal trainers

F.2.1 Model extension

In our baseline model, we considered internal learning to be costless for the colleagues workers
are learning from (internal trainers). This assumption is based on the qualitative observation
that workers who are learning are often included in projects with senior colleagues to observe
and learn. However, mentoring might still imply a time cost for internal trainers. To
incorporate this, we modify the per-period output value in Equation (3) for worker i in
firm z to be

zhmi
(1 � l � ��lint(z; H(z))Fint(hmi

; z; H(z))):
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�lint(z; H(z)) is the average time spent on internal learning by workers in firm z, capturing the
average time worker i spends mentoring internal learners given the assumption of random
matching. Fint(hmi

; z; H(z)) is the share of workers (weighted by each worker’s internal
learning time) with human capital levels lower than hmi

in firm z, capturing the share of
workers in the firm that worker i needs to actively mentor. � is a parameter governing the
time loss from mentoring for internal trainers.

F.2.2 Calibration and quantitative findings

We calibrate the newly introduced � together with other parameters to match targeted
moments. To calibrate � we introduce a new targeted moment—the share of internal trainers’
wage costs relative to learners’ wage costs, which is 10.7% according to the US-SEPT data.66

The other targeted moments are the same as in Table 4.2. The results of our calibration
show that � = 0:18, indicating that internal trainers incur some time costs, though these are
not very large.

Figure F.4 shows that the predictions about how each type of learning affects wage growth
and dispersion in this extended model are similar to those in the baseline model. In par-
ticular, we find that 12.5% of wage growth over 25 years of experience can be attributed to
spillover effects resulting from teaching colleagues, which is slightly lower than the baseline
results (14%) but still considerable.

Furthermore, panel B of Table F.1 shows that the contributions of external and internal
learning to aggregate human capital are 13.5% in each case, which is very similar to the
baseline result.

Finally, panel B of Table F.2 shows that the results of the remote work exercises in this
alternative scenario match the baseline results closely. For example, in this scenario, the
declines in wage growth in the 20% and 100% remote work exercises are 4.60% and 20.69%
respectively, which track closely with the results of 2.86% and 21.29% found in the baseline
model. This further indicates that the addition of mentoring time costs does not alter the
importance of human capital spillovers from internal learning in the model.67

66We use the US-SEPT data to obtain information on training expenditures related to the wages and salaries
of in-house trainers in 1995. We combine this information with the wage and salary costs of trainees to
calculate the proportion of internal trainers’ wage costs in relation to learners’ wage costs.

67The rest of the results in this exercise are very similar to the baseline results and available upon request.
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Figure F.4: Components driving wage growth and dispersion over the lifecycle (with time
costs for internal trainers)

Wage growth
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(c) Without external learning
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Wage dispersion
(d) Baseline model
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(e) Without internal learning
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(f) Without external learning
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Notes: These figures illustrate the lifetime progression of wage growth and wage dispersion and their different
components (own productivity, spillover effects to coworkers, and learning investments and associated costs)
by plotting the average log value (normalized to the first year’s value) and standard deviation of the log
value of each of these for workers with different years of experience in the baseline model with time costs for
internal trainers and corresponding counterfactual scenarios that shut down internal and external learning,
respectively.

F.3 Alternative parameterizations

We consider the robustness of our results to considering different values for two key param-
eters driving wage bargaining and human capital formation in the model.68

First, we change workers’ bargaining power � to be either 0.3 or 0.7 (the baseline value is
0.5), matching the estimates in Bagger et al. (2014) and Gregory (2019), respectively. In
each case, we recalibrate all internally calibrated parameters to jointly match the targeted

68For these exercises, we focus on the role of each source of learning in human capital, and the role of
remote work in lifecycle wage growth as summarized in Tables F.1 and F.2. The rest of the results in these
exercises are very similar to the baseline results and are available upon request.
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moments in Table 4.2. As reported in panels C and D of Table F.1, we find that that the
contributions of external and internal learning to aggregate human capital are 13–14% in
each case. These results are very similar to the baseline results reported in Table 5.1. In
addition, panels C and D of Table F.2 also show that the results from the remote work
exercises match the baseline results closely. For example, the decline in wage growth in the
20% remote work exercise is 3.22–4.68% when changing �, which tracks closely with the
result of 2.86% found in the baseline model.

In the second exercise, we allow our two learning modes to be more highly substitutable
by setting the elasticity of substitution to be � = 5, instead of estimating it internally
(the baseline value is 3.6). Following this, we recalibrate all other internally calibrated
parameters to match the targeted moments presented in Table 4.2. The results are very
similar to the baseline, with two noteworthy differences. First, as reported in panel E of
Table F.1, the importance of internal learning slightly declines in this case to 12%. Second,
due to the decreased importance of internal learning, panel E of Table F.2 indicates that the
20% remote work exercise yields a slightly lower decrease (2.32%) in lifecycle wage growth
relative to the baseline result (2.86%).
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F.4 Role of each learning source in alternative model setups

Table F.1: Learning and human capital in the baseline and counterfactual scenarios in
alternative model setups

Workers’ share of time spent on learning

External learning Internal learning Avg Human Capital

Panel A: With on-the-job search

Calibrated economy 1.85% 3.57% 1.42
W/o external learning 0 2.71% 1.21
W/o internal learning 3.29% 0 1.23

Panel B: Incorporating time costs for internal trainers

Calibrated economy 1.35% 3.19% 1.41
W/o external learning 0 2.25% 1.22
W/o internal learning 2.51% 0 1.22

Panel C: Workers’ bargaining power � = 0:3

Calibrated economy 1.47% 3.32% 1.41
W/o external learning 0 2.29% 1.21
W/o internal learning 2.58% 0 1.21

Panel D: Workers’ bargaining power � = 0:7

Calibrated economy 1.52% 3.10% 1.41
W/o external learning 0 2.21% 1.21
W/o internal learning 2.93% 0 1.23

Panel E: Elasticity of substitution between learning modes � = 5

Calibrated economy 2.05% 2.59% 1.44
W/o external learning 0 1.96% 1.23
W/o internal learning 4.42% 0 1.27

Notes: This table presents the share of time workers spend on internal and external learning along with
the average level of human capital in the baseline calibrated model economy of different alternative model
setups and the corresponding counterfactual scenarios that shut down internal and external learning,
respectively. The alternative model setups considered encompass incorporating on-the-job search (panel
A), incorporating time costs for internal trainers (panel B), setting workers’ bargaining power to � = 0:3
(panel C), setting workers’ bargaining power to � = 0:7 (panel D), and setting the elasticity of substitution
between learning modes to � = 0:3 (panel E).
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F.5 Impact of remote work in alternative model setups

Table F.2: Impact of remote work on human capital and wage growth in alternative model
setups

Impact of remote work (rel. to baseline of each scenario)

Baseline of scenario 20% remote work 100% remote work

Panel A: With on-the-job search

Avg human capital 1.42 -0.97% -3.51%
Human capital gains from internal learning 0.19 -9.53% -34.47%

Lifecycle wage growth (25 years of experience) 0.94 -4.90% -18.19%
Wage growth from spillover effects 0.09 -8.57% -32.38%

Panel B: Incorporating time costs for internal trainers

Avg human capital 1.41 -0.48% -2.97%
Human capital gains from internal learning 0.19 -4.96% -30.69%

Lifecycle wage growth (25 years of experience) 0.51 -4.60% -20.69%
Wage growth from spillover effects 0.06 -5.62% -29.21%

Panel C: Workers’ bargaining power � = 0:3

Avg human capital 1.41 -0.56% -3.12%
Human capital gains from internal learning 0.2 -5.54% -30.84%

Lifecycle wage growth (25 years of experience) 0.55 -4.68% -22.03%
Wage growth from spillover effects 0.07 -5.73% -29.73%

Panel D: Workers’ bargaining power � = 0:7

Avg human capital 1.41 -0.47% -2.98%
Human capital gains from internal learning 0.20 -5.17% -32.75%

Lifecycle wage growth (25 years of experience) 0.51 -3.22% -23.09%
Wage growth from spillover effects 0.07 -4.36% -30.37%

Panel E: Elasticity of substitution between learning modes � = 5

Avg human capital 1.44 -0.42% -2.27%
Human capital gains from internal learning 0.17 -6.56% -35.31%

Lifecycle wage growth (25 years of experience) 0.50 -2.32% -17.57%
Wage growth from spillover effects 0.05 -5.63% -33.31%

Notes: This table presents the following in both the baseline model of different alternative model setups and the
corresponding scenarios with 20% and 100% remote work: the average human capital level, the average human
capital gains from internal learning (built by subtracting the average human capital in the scenario where internal
learning is shut down from the average human capital in the baseline scenario), the average wage growth after
25 years of experience, and the average wage growth stemming from coworker spillover effects. The remote work
results report the changes in the absolute values relative to the corresponding baseline results. The alternative
model setups considered encompass incorporating on-the-job search (panel A), incorporating time costs for internal
trainers (panel B), setting workers’ bargaining power to � = 0:3 (panel C), setting workers’ bargaining power to
� = 0:7 (panel D), and setting the elasticity of substitution between learning modes to � = 0:3 (panel E).
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G Appendix: Evidence on testable predictions of theory
and validation

In this appendix we present evidence on the testable predictions of our theory. We start by
presenting evidence matching key predictions on how the incentives to engage in each source
of skill acquisition evolve through workers’ lifecycles as they accumulate human capital and
age. Then, we show evidence on the importance of coworker instruction across occupations
in the US.

G.1 Evidence on testable predictions of lifecycle theory

G.1.1 Human capital distribution of trainers is left-skewed

Our theory suggests that the human capital of trainers is higher than that of production
workers, motivating mid-career workers to switch to the former in order to continue learning
once they have exhausted the learning opportunities within their firm. We provide support
for this in Figure G.1, where we plot the histograms of potential experience for trainers and
production workers in both Germany and the US. We define trainers as workers engaged
in an occupation that involves training, teaching, or instruction activities outside of school
and university education. Production workers, on the other hand, capture all other workers
outside of trainers. In Appendix H.1.1 we provide further details on the construction of the
trainer and production worker variables in the German and US surveys.

Figure G.1: Histograms of potential experience for trainers and production workers

(a) Germany (b) United States

Notes: These figures plot the histograms of potential experience for trainers and all other workers in the
German BIBB/BAuA and US NHES data. The samples encompass individuals who are currently employed
and have between 1 and 45 years of potential experience in both settings. These results are unweighted for
ease of interpretation.
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The plots show that the distribution of trainers in both Germany and the US heavily con-
centrates among higher levels of potential experience relative to that of other workers.69 In
Table H.1 we present the results of quantile regressions at the first, second, and third quar-
tiles of potential years of experience on the trainer variable (where the omitted category is
production workers). The results from these regressions indicate that the 25th, 50th and
75th percentiles of potential years of experience for trainers are generally higher (though not
always statistically significant) than those of production workers in both settings, even after
including controls.

G.1.2 Portion of workers who learn-by-doing rises with human capital

Another key prediction of our model is that the portion of workers who do not make internal
and external learning investments, and therefore are more prone to learn-by-doing, rises
with age. We provide evidence for this prediction using our German data. We construct
a measure of “learning-by-doing” which captures individuals who did not invest in explicit
forms of learning to acquire skills for their job, but rather acquired the necessary professional
skills by doing the job itself.70 In Figure G.2 we find that consistent with our model’s

Figure G.2: Prevalence of learning-by-doing throughout workers’ lifecycles in Germany

Notes: This figure plots the proportion of workers reporting engaging in learning-by-doing across different
potential experience bins in the German BIBB/BAuA data. The sample encompasses individuals who are
currently employed and have between 1 and 45 years of potential experience. The results are weighted using
the observational weights provided in the surveys. 95% confidence intervals are plotted.

69In Figure H.1 and Figure H.2 we show that these results hold when we compare the distribution of trainers
to the distribution of workers in professional and technical occupations, and to the distributions of internal
and external learners as defined in Section 3.

70Please see Appendix H.2.1 for details on the contruction of this variable.
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prediction, learning-by-doing increases with potential experience. In Table H.2 we show that
the positive correlation between experience and learning-by-doing is statistically significant
even after controlling for several demographic and firm-level variables.

G.1.3 Task complexity ranking across different types of workers

Our theory predicts that internal learners have lower human capital levels than external
learners, and are thus more easily trained by coworkers who have lower human capital levels
than external trainers. We provide a test of these human capital differences between internal
and external learners by exploring how the skill content of the tasks performed and the tools
used for these tasks vary across each of these two groups of workers.

We rely on information from our German data about the skills workers report using in their
jobs. We construct a measure of task complexity by counting how many of the following
skills workers use on their jobs: Math and Stats; Foreign Language; Computing; Accounting,
Purchasing, Financing and Taxes; Marketing; and Management and Organization.71 Larger
values of this measure imply a higher number of skills used in the job, and thus higher task
complexity. In Figure G.3 we show that the distribution of task complexity concentrates
more heavily among lower levels for individuals learning internally than those learning ex-
ternally. We then formally test these distribution differences through quantile regressions of

Figure G.3: Task complexity for internal and external learners in Germany

Notes: These figures plot the histograms of task complexity for internal and external learners in the German
BIBB/BAuA data. The sample encompasses individuals who are currently employed and have between 1
and 45 years of potential experience. These results are unweighted for ease of interpretation.

71Please see Appendix H.3.1 for details on the construction of these skill variables.
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the median of task complexity on the external learning variable (where the omitted category
is internal learning) in Table H.3.72 The results from these regressions indicate that the
median of task complexity for external learners is larger than that of internal learners.

In Appendix H.3.2 we provide an additional test of the human capital differences between
internal and external learners by exploring the differences in the tools used by each of these
two groups of workers. We find that external learners are more likely to use “white-collar”
tools than internal learners, while the opposite is true for “blue-collar” tools.

G.2 Evidence on importance of coworker instruction

Our theory and quantitative results predict that wage compensation stemming from coworker
spillovers for workers who can act as “teachers” in the firm constitutes a very important
component of lifecycle wage growth, and is particularly key for high-skill workers who can
effectively teach their colleagues. We now show evidence consistent with this by documenting
that tutoring coworkers is an important task in many occupations, and that these tutoring
tasks tend to be performed by high-skill workers.

To do this, we use data from the United States Department of Labor’s O*NET project,
which aims to characterize the tasks pertaining to each occupation, along with the mix of
knowledge, skills, and abilities required to perform these tasks. The data includes informa-
tion about 900 occupations. For each of these occupations, analysts at O*NET give a score
characterizing the importance of different work activities, skills, and other descriptors.73

Please see Appendix H.4 for details about this data.

G.2.1 Tutoring tasks are important

First, we show that coworker tutoring is an important part of the job in many non-teaching
occupations.74 We focus on three work activities and one skill that capture coworker tutoring

72We do not perform a quantile regression for other quantiles here, since the measure of task complexity
contains only 7 values, and does not have enough variation across groups at the lower and upper ends of
the distribution. In addition, we include age fixed effects and education controls in these regressions, and
thus do not include potential experience due to high collinearity between potential experience, education,
and age.

73We use the analysts’ database, version 4.0, which only includes data from analysts and should yield a more
consistent picture across occupations.

74In order to focus on non-teaching occupations, we first drop occupations related to teaching in child-
care, preschool, elementary, secondary, and post-secondary programs, along with occupations related to
education administration at all of these levels. In addition, we drop occupations that refer to training
within firms (such as training and development managers and specialists), and occupations engaging in

95



tasks within non-teaching occupations: (1) Guiding, Directing, and Motivating Subordinates
Activity; (2) Coaching and Developing Others Activity; (3) Training and Teaching Others
Activity; and (4) Instructing Skill. Please see Appendix H.4.2 for further details on these
activities and skills.

In Columns 1–3 of Table G.1 we present the number and share of non-teaching occupa-
tions with a medium or higher score in each of these activities and skill, along with the
corresponding average score among these occupations.75 We find that a sizeable number of
non-teaching occupations place high importance on coworker tutoring tasks and skills. For
instance, 57 occupations, corresponding to 6.7% of all non-teaching occupations, report a
medium or higher score in the importance of activities related to guiding, directing, and
motivating subordinates. In Table H.6 we tabulate these occupations, and find that most
of them refer to managerial and supervising occupations.76 This matches the literature sug-
gesting managerial inputs are an important input of on-the-job human capital formation for
workers (Burstein and Monge-Naranjo (2007), Luttmer (2014)).

Table G.1: Importance of tutoring activities/skills in non-teaching occupations in the US
(information for non-teaching occupations with 3.5+ score in each activity/skill)

# Occs Share occs Avg score Avg job zone

Importance of guiding, directing, and motivating subordinates activity 57 0.067 4.24 3.97
Importance of coaching and developing others activity 27 0.032 4.22 4.15
Importance of training and teaching others activity 46 0.054 4.12 4.22
Importance of instructing skill 99 0.12 4.13 3.88

Notes: This table illustrates the importance of tutoring activities/skills in the US O*NET data. Columns
1 and 2 report the number of non-teaching occupations with a medium or higher score in each of the
considered activities or skills, and the share of these out of the total number of non-teaching occupations,
respectively. Column 3 reports the average score for these occupations in each of the considered activities or
skills. Column 4 reports the average job zone score for these occupations.

G.2.2 Occupations with tutoring tasks are performed by skilled workers

We now show that these tutoring-heavy occupations are mainly performed by high-skill
workers. To do this, we rely on information on the experience and education requirements of
each of these occupations. In particular, we use the “Job Zone” information provided in the

community-wide education (such as health educators or sports coaches).
75The scores in each activity and skill range from 0 to 7, and as such medium or higher scores correspond

to values of 3.5 or higher.
76Lists of the occupations reporting a medium or higher score in the importance of the other tutoring

activities and skill are available upon request.
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O*NET data, which sorts occupations into five bins based on the education, experience, and
training required. A higher bin denotes a higher level of skill required for the occupation.
Please see Appendix H.4.3 for further details on these job zones and descriptions.

In Column 4 of Table G.1 we present the average job zone for occupations with a medium
or higher score in each of the activities and skill of interest. We find that tutoring-heavy
occupations tend to be high-skill on average. For instance, the 57 occupations reporting
a medium or higher score in the importance of activities related to guiding, directing, and
motivating subordinates, have an average job zone score of 3.97, indicating considerable
preparation needed in education and/or experience.

H Appendix: Additional information for testable predic-
tions

H.1 Additional information for Appendix G.1.1

H.1.1 Definition of trainer and production worker

• Trainer is constructed as a binary variable that takes a value of one for workers who
report an occupation that involves training, teaching, or instruction activities outside
of school and university education.

– German BIBB/BAuA data: For the German data, we define trainers as those
having occupations of “other teaching professionals” or “other teaching associate
professionals,” meaning workers who engage in teaching activities other than those
connected with primary, pre-primary, and special education school levels. The
specific 3-digit ISCO 1988 codes we use to define trainers are 2359 and 3340.

– US NHES data: For the US data, we define trainers as those having occupations of
“training and development managers,” “training and development specialists,” or
“other education, training, and library workers,” meaning training professionals or
specialists, and teachers outside of post-secondary, preschool, and kindergarten,
elementary and middle school, and secondary and special education. The specific
ACS 2000 codes we use to define trainers are 0137, 0650, and 2550.

• Production worker is constructed as a binary variable that takes a value of one for
workers who report any occupation outside of being a trainer.
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• Professional and technical production worker is constructed as a binary variable that
takes a value of one for workers who report any professional or technical occupation
outside of being a trainer.77

H.1.2 Additional results

Table H.1: Quantile regression of potential experience for trainers vs. produc-
tion workers

Germany

Potential years of experience

25th percentile 50th percentile 75th percentile

Trainer 4*** 4*** 3 3*** 3** 2.5*
(1.254) (1.463) (2.005) (1.015) (1.254) (1.467)

Constant 14*** 3*** 24*** 14*** 33*** 25***
(0.0529) (0.354) (0.0423) (0.266) (0.0529) (0.422)

Observations 173,639 165,265 173,639 165,265 173,639 165,265
Year FE Y Y Y
Demographic controls Y Y Y
Worker type FE Y Y Y
Firm size FE Y Y Y

United States

Potential years of experience

25th percentile 50th percentile 75th percentile

Trainer 4 4 -1 4** 1 3
(7.557) (6.560) (6.044) (1.593) (3.782) (6.761)

Constant 10*** 11*** 20*** 24*** 31*** 35***
(0.186) (0.375) (0.149) (0.496) (0.186) (0.410)

Observations 29,217 29,217 29,217 29,217 29,217 29,217
Demographic controls Y Y Y
Worker type FE Y Y Y

Notes: This table shows the coefficients from quantile regressions at the first, second, and third quartiles of
potential experience on the trainer indicator variable in the German BIBB/BAuA data and US NHES data.
The samples encompass individuals who are currently employed, and have between 1 and 45 years of potential
experience. Regressions are weighted using the using the observational weights provided in the surveys.
Germany: Year fixed effects correspond to the year of the survey. Demographic controls include educational
attainment level and gender. Worker type categories include laborer, private employee, government employee,
self-employed, freelancer, or family caregiver. Firm size is a categorical variable indicating whether the firm
where the worker works has fewer than 4 workers, 5–9 workers, 10–49 workers, 50–99 workers, 100–499 workers,
500–999 workers, and 1000 or more workers. Wage controls include the current hourly wage. US: Demographic
controls include educational attainment level, race, census region, and gender. Worker type categories include
private employee, government employee, self-employed, or working without pay. We do not include wage
controls, occupation fixed effects, and industry fixed effects in these regressions since trainers and production
workers have inherently different wage levels, occupations, and industries. We do not include age fixed effects
due to high collinearity between potential experience, education, and age. Robust standard errors are in
parentheses. * p < 0:1, ** p < 0:05, *** p < 0:01.

77In the German data, professional and technical occupations encompass 3-digit ISCO 1988 codes in the
100s, 200s and 300s. In the US data, professional and technical occupations encompass ACS 2000 codes
below 3700.
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Figure H.1: Histograms of potential experience for trainers and professional and technical
production workers

(a) Germany (b) United States

Notes: These figures plot the histograms of potential experience for trainers and professional and technical
production workers in the German BIBB/BAuA and US NHES data. The samples encompass individuals
who are currently employed and have between 1 and 45 years of potential experience in both settings. These
results are unweighted for ease of interpretation.

Figure H.2: Histograms of potential experience for internal and external learners and trainers

(a) Germany (b) United States

Notes: These figures plot the histograms of potential experience for internal learners, external learners, and
trainers in the German BIBB/BAuA and US NHES data. The samples encompass individuals who are
currently employed and have between 1 and 45 years of potential experience in both settings. These results
are unweighted for ease of interpretation.
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H.2 Additional Information for Appendix G.1.2

H.2.1 Definition of “learning-by-doing”

• “Learning-by-doing” is a binary variable that indicates whether the interviewee ac-
quired professional skills by doing the job itself.

– 1985/1986, 1991/1992, 1998/1999: All of the listed surveys contain questions that
determine whether or not the interviewee claims to have acquired professional
knowledge/skills by doing his or her job. The 1979 survey does not distinguish
between learning-by-doing and internal learning, and thus is not used. The three
most recent survey waves in 2005/2006, 2011/2012, and 2017/2018 do not include
this information.

H.2.2 Additional results

Table H.2: Correlations between learning-by-doing and potential experience in Germany

Learning-by-doing

Potential years of experience 0.0091*** 0.0084*** 0.0091***
(0.0007) (0.0009) (0.0014)

Potential years of experience2 -9.87e-05*** -9.18e-05*** -9.82e-05***
(1.54e-05) (1.93e-05) (2.99e-05)

Constant 0.267*** 0.150*** 0.178***
(0.00772) (0.0216) (0.0303)

Observations 90,536 51,455 21,378
R-squared 0.011 0.123 0.081
Year FE Y Y
Demographic controls Y Y
Worker type FE Y Y
Industry FE Y Y
Occupation FE Y Y
Firm size FE Y Y
Wage controls Y

Notes: This table shows the coefficients from regressing learning-by-doing on potential experience and potential experience
squared in the German BIBB/BAuA data. The sample encompasses individuals who are currently employed, and have
between 1 and 45 years of potential experience. Regressions are weighted using the using the observational weights provided
in the surveys. Germany: Year fixed effects correspond to the year of the survey. Demographic controls include educational
attainment level and gender. Worker type categories include laborer, private employee, government employee, self-employed,
freelancer, or family caregiver. Industry categories are at the 1-digit level. Occupation categories are at the 2-digit level
(ISCO 88). Firm size is a categorical variable indicating whether the firm where the worker works has fewer than 4 workers,
5–9 workers, 10–49 workers, 50–99 workers, 100–499 workers, 500–999 workers, and 1000 or more workers. Wage controls
include the current hourly wage. We do not include age fixed effects due to high collinearity between potential experience,
education, and age. Robust standard errors are in parentheses. * p < 0:1, ** p < 0:05, *** p < 0:01.
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H.3 Additional information for Appendix G.1.3

H.3.1 Construction of task complexity

We construct a measure of task complexity by counting how many complex skills workers
report using in their jobs. The waves used to construct this measure encompass 1992, 1999,
2006, 2012, and 2018. Earlier waves do not contain this information. There are six categories
of skills, summarized in the following variables:

• Math and statistics is constructed as a binary variable that takes a value of one for
workers who report needing knowledge about math and statistics for their current job.

• Foreign language is constructed as a binary variable that takes a value of one for
workers who report needing to use a language other than German for their current
job.

• Computing is constructed as a binary variable that takes a value of one for workers
who report needing computing knowledge for their current job.

• Accounting, purchasing, financing, and taxes is constructed as a binary variable that
takes a value of one for workers who report needing accounting, purchasing, financing,
tax, or related knowledge for their current job.

• Marketing is constructed as a binary variable that takes a value of one for workers who
report needing marketing or related knowledge for their current job.

• Management and organization is constructed as a binary variable that takes a value of
one for workers who report needing management and organization knowledge for their
current job.

H.3.2 Tool use for internal and external learners

We provide an additional test of the human capital differences between internal and external
learners by exploring differences in the tools used by each of these two groups of work-
ers. We build binary variables capturing whether the main tool employed by the worker
in her job corresponds to transportation equipment (such as trucks or forklifts), hand tools
and machinery (such as hammers, drills or hair dryers), office equipment (such as writing
materials, phones, or calculators), or computers and other IT equipment.78 This tool infor-
mation provides insights into the attributes of the worker’s job, and particularly the skill
78Please see Appendix H.3.3 for details on the construction of these tool use variables.
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level required, as suggested by DiNardo and Pischke (1997). Specifically, these tool cate-
gories separate blue-collar occupations (main tools used are transportation and hand tools)
from white-collar occupations (main tools used are office equipment and computers). In
Figure H.3 we plot the proportion of external and internal learners who report their main
tool to be in each of the four categories above, along with 95% confidence intervals. The
plot suggests that external learners are more likely to use “white-collar” tools than internal
learners, while the opposite is true for “blue-collar” tools. We formally test the difference
in “white-” versus “blue-collar” tool use in Table H.4. The results from these regressions
indicate that external learners are more likely to employ “white-collar” tools than internal
learners even after controls.

Figure H.3: Main tool use for internal and external learners in Germany

Notes: This figure plots the proportion of internal and external learners reporting that the main tool they
employ in their jobs corresponds to transportation equipment, hand tools and machinery, office tools, and
computing and IT tools, respectively, in the German BIBB/BAuA data. The sample encompasses individuals
who are currently employed and have between 1 and 45 years of potential experience. The results are weighted
using the observational weights provided in the surveys.

H.3.3 Construction of job-related tool use

We construct binary variables capturing whether the main tool employed by the worker in
her job corresponds to different categories. The waves used to construct these variables are
1979, 1986, 1992, and 1999. Latter waves appear to collect this information, but it is not
available in the data files.

We consider four specific tool categories, summarized in the following variables:
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