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Abstract

The advances of artificial intelligence (AI) are built on the groundwork laid
by researchers. We study the labor market competition between academia and
industry for AI researchers and its consequences for public knowledge produc-
tion. Using data on 150,000 computer science researchers, we document a major
reallocation of AI talent toward top technology firms between 2005 and 2020.
Publications at AI conferences predict transitions to top firms more strongly than
to academia. Exploiting acceptance decisions at a leading AI conference, we
compare accepted authors with similar rejected authors and find that a publication
increases the probability of moving to a top firm by 2–6 percentage points in the
next 1-3 years. Sorting to top firms is stronger for male researchers, whereas fe-
male students and postdocs are more likely to get tenure-track positions following
a publication. Researchers who move to top firms subsequently publish fewer pa-
pers, resulting in approximately 1,000 fewer AI papers and 2,000 fewer papers in
other computer science areas per year in the public domain.
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1 Introduction

Technological progress relies heavily on academic research. Traditionally, most research works are
produced in academia, but in one of the most important areas today — artificial intelligence (AI)
— over 45 percent of the publications at academic conferences involve researchers from industry,
driven by scientists hired by the largest tech firms.1 Despite the large and growing literature on
the economic consequences of AI (Acemoglu 2024; Furman and Seamans 2019), less is known
about the researchers who produce the original ideas that advance these technologies. Given the
different incentives in academia versus the private sector (Aghion, Dewatripont, and Stein 2008),
the allocation of these researchers across employers could influence the private versus social value
of AI research.

This paper focuses on the labor market competition for computer science researchers between
academia and industry. We study the impacts of conference publications on the reallocation of re-
searchers between employers, and investigate the consequences of sectoral shifts for the production
of public knowledge. Leveraging a longitudinal dataset on the career trajectories of about 150,000
researchers who publish at computer science (CS) conferences, we begin by analyzing the initial
sorting of graduates into different types of employers, and the role of publications in driving this
sorting and subsequent job movements. We find that AI publications are more predictive of job
movements to top firms than to academia. Then, to identify the causal effects of publications, we
use data from a leading AI conference that has publicly released all submissions and referee re-
ports since 2017. Using a difference-in-differences design, we find that an accepted paper increases
movement into top tech firms substantially in the next 1-3 years, especially among students and
postdocs. Finally, we show that the reallocation of researchers from academia to industry has con-
sequences for future research: workers who move to top firms do not maintain their lead in AI
publications relative to workers who enter the tenure track, and they publish fewer papers in other
CS areas.

Building on publication data collected from 89 major CS conferences in Wu (2025), we match
individual authors with professional profiles collected by Revelio Labs by name and affiliation. We
track the education and job histories of 150,000 researchers who published at least one CS paper
between 2000 and 2023 and reported at least a college degree.2 We begin by showing trends in
the initial job placement of these authors. At the PhD level, the share working in academia three
years after graduation declined from around 61 percent to 47 percent between 2005 and 2020.

1The share of publications with industry researchers is computed from the publication and author affiliation data
from Scopus. We plot the trend in Appendix Figure A.1.

2The supply of computer scientists has been increasing over time. Every year about 4,000 individuals graduate
with a PhD degree in Computer Science or Electrical Engineering in the U.S. alone—–about three times the number
of economics PhD graduates (Appendix Figure A.2).
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Meanwhile, the share of PhD graduates joining one of the top tech firms, defined as the six big tech
firms {Alphabet, Meta, Amazon, Apple, Microsoft, IBM}, doubled from 5 percent to 11 percent.
These opposing trends highlight a substantial reallocation of CS researchers from academia toward
industry.

How do industry and academic employers identify research talent? We show that publications
– a signal of underlying research ability – play an important role in predicting the initial sorting of
workers, including their placement into firms. Publications at AI conferences are strongly predic-
tive of being placed in industry. Every additional AI paper before graduation increases the chance
of working in industry by 0.2 percentage points (p.p.) and increases the chance of working for a
top firm by 0.5 p.p., which is a 7 percent increase relative to the mean. The correlation between
AI publications and employment at top firms is the strongest among PhD graduates, consistent
with the sorting patterns among CS PhD graduates in Wu (2025). In contrast, AI papers are less
predictive of academic placement than papers published in other CS areas. After workers enter
the labor market, AI publications produced on the job continue to predict transitions into top firms
from both academia and nontop firms in industry, with effects persisting for at least three years
after a researcher’s first AI publication.

These results suggest that top tech firms attract researchers who publish at AI conferences
and are able to hire from both industry and academia. The predictive effects could be driven by a
mix of supply-push and demand-pull factors. Workers with stronger preferences for industry jobs
could disproportionately select themselves to AI conferences. On the demand side, employers use
publications to identify high-ability computer scientists. An ideal experiment for estimating the
signal values of publications to employers would randomly publish papers by authors with similar
skills and preferences. We proxy for this experiment by using data from one of the leading AI
conferences, the International Conference on Learning Representations (ICLR), which publicly
releases all submitted papers, referee reports, and editor decisions.

There is substantial uncertainty about whether a paper is accepted (and therefore published) by
ICLR, especially for papers that receive similar referee ratings around the margin of acceptance.
We use a difference-in-differences design to estimate the causal impacts of a publication on the
career outcomes of researchers, such as moving to a top firm or getting a tenure-track job.

We focus on eighteen thousand authors who submit to ICLR for the first time between 2017
and 2020. On average, accepted authors are different from rejected authors: they submit papers
of higher quality (according to referee ratings), are slightly younger, more likely to be white, and
more likely to be in academia before submitting to ICLR. Given the lack of balance in pre-treatment
characteristics, we follow Abadie (2005) and assume parallel career trajectories of accepted and
rejected authors conditional on observables, which include referee ratings, demographics, and job
history before the event. Under this identifying assumption, we use reweighting and matching
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techniques to compare accepted authors with rejected authors who are observably similar and, im-
portantly, submit similar-quality papers. In particular, we use inverse propensity tilting to achieve
covariate balancing, which is shown to be doubly robust in staggered adoptions in Słoczyński et al.
2025.

In the original sample without reweighting, the acceptance by ICLR is estimated to increase
movements into top firms from other places by 2.4 p.p. in the next three years after the conference.
By reweighting rejected authors to achieve covariate balancing, we eliminate differential pre-trend
in sorting to top firms and estimate that the publication increases mobility to top firms by 3 p.p.
one year after the conference, and by 4.5-6.7 p.p. in the following two years.

We further examine the impacts separately by the original employer of the authors in the year
before the ICLR conference. The largest estimated effect of an ICLR publication on sorting to
top firms is observed among students and postdocs, suggesting that top firms use AI publications
to identify research talent early in their career – before they are likely to reach peak productivity
(Jones, Reedy, and Weinberg 2014). For this group, we also find a 10 p.p. increase in moving to an
ICLR sponsor within 3 years. Corporate sponsorship represents an investment in networking and
recruitment, indicating strong demand for research talent. The increase in mobility to sponsors is
again driven by top firms, which sponsor the conference almost every year.

The ICLR quasi-experiment also allows us to investigate gender differences in career trajec-
tories following a publication. An ICLR publication significantly increases the probability that
female students secure tenure-track jobs in academia but does not increase their employment in
top firms. For male students, the pattern reverses: acceptance increases mobility to top firms, with
no corresponding boost into tenure-track academia. The gender differences in sorting have impli-
cations for the gender wage gap among computer scientists and on the direction of research, both
of which we aim to investigate further.

Lastly, we study the consequences of the growing competition between academia and indus-
try for top AI researchers. Using the Scopus-Revelio linked job and publication data, we track the
publication trajectories of computer scientists who move to top firms versus tenure-track academic
positions. Before moving, researchers who will join top firms exhibit steeper increases in publica-
tion output, especially in AI-related work, consistent with either firms selecting highly productive
AI researchers or scholars increasing AI output in anticipation of recruitment. After the move, pub-
lication activity diverges sharply: output among authors moving to tenure-track jobs stabilizes and
resumes growth, while that of researchers joining top firms falls and remains well below pre-move
levels. A staggered difference-in-differences analysis confirms these patterns: five years after the
move, publications decline by roughly 57 percent, AI-related publications by about 46 percent,
and non-AI publications by approximately 65 percent among authors moving to top firms relative
to researchers entering tenure-track positions.
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Our findings have implications for the quantity and quality of research in the public domain.
Based on the difference-in-differences analysis, a back-of-the-envelope calculation suggests that
1,050 AI papers (and 1,978 papers in other CS areas) are missing per year due to researchers
opting for top firms over academic positions. We interpret this estimate with caution: if researchers
increase output before moving in anticipation of top firm recruitment, we overstate the true decline;
if top-firm movers would have continued on a steeper trajectory absent the transition, we understate
it. We further show that top-firm movers are 10 percentage points less likely to produce any
publicly cited work across all CS areas. The reallocation also reshapes the direction of high-impact
public output (measured as the top decile of forward citations): while high-impact AI publications
increase among top-firm movers, high-impact research in other CS areas declines.

This paper contributes to several strands of the literature. First, we contribute to the literature
that examines the career progression of scientists and researchers, especially the role of publica-
tions in driving promotions and sorting between employers. Publications are arguably the most
important measure of research ability. Research focusing on the economics profession has shown
the value of publications in getting tenured (Sarsons 2017) and being awarded as a fellow of the
Econometrics Society (Card, DellaVigna, Funk, and Iriberri 2022). We expand this area of re-
search by looking at a richer set of career outcomes in both academia and industry. Job placements
in industry have become more common in computer science and economics; yet there has been lit-
tle research on whether and how much industry employers value academic publications. We fill in
this gap by showing that in the field of computer science, not only does industry value publications,
but top firms are more successful in recruiting researchers publishing in AI than academia. Our
evidence on sorting to top firms is consistent with recent findings based on U.S. Census data that
the average earnings of top 1% AI researchers have grown significantly since the 2010s (Akcigit,
Chikis, Dinlersoz, and Goldschlag 2026).

Second, in the context of computer science, we contribute to a growing area of research on
the brain drain of professors in AI fields from academia. Although professors may continue to
produce high-quality research when collaborating with industry (Yue 2024), the poaching of AI
professors by tech firms has negative spillover on students, reducing students’ startup formation
(Gofman and Jin 2022). We document that the race between academia and industry not only affects
senior researchers but also junior researchers, such as students and postdocs. AI publications are
more predictive of initial job placement in top firms than of placement in academia among PhD
graduates. This finding is robust in the quasi-experiment based on ICLR. This result indicates
that the competition for talent begins at the very start of researchers’ careers, thus potentially
amplifying its impact on research production.

More broadly, our results also speak to the literature on industry–academia research trade-
offs (Aghion, Dewatripont, and Stein 2008). Liang et al. (2024) finds that in the context of AI,
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academic researchers are more likely to produce novel work, while industry researchers produce
work with a higher impact (as measured by citations). These findings are echoed in Färber and
Tampakis (2023), which also finds that AI research produced by industry coauthors receives more
online attention. Jurowetzki et al. (2021) finds that researchers who move to industry experience
only a temporary increase in citations. In the long term, both the direction and the quality could
differ between research produced in academia and industry. Privately funded research may also
lead to inefficiently low creative destruction, as evidenced by high-tech entrepreneurship arising
from universities (Babina, He, Howell, Perlman, and Staudt 2020).

Section 2 describes the data we use in our analysis. Section 3 documents trends in the reallo-
cation of talent from academia to industry and describes the role of publications in predicting initial
placement and subsequent job-to-job mobility. Section 4 presents our empirical design of using
submissions to ICLR to estimate the causal impacts of publications on career outcomes. Section 5
examines the consequences of moving to top firms versus academia on the quantity and quality of
publications. We conclude by discussing some immediate next steps for this project.

2 Data

We collected data on the career trajectories of computer science researchers who published at 89
CS conferences.3 Our data has three main sources: (1) Scopus for CS publications, (2) Revelio
individual profiles for education and job history, and (3) OpenReview for submissions to the Inter-
national Conference on Learning Representations (ICLR), a top AI conference that makes public
referee reports for accepted and rejected papers.

Publications. The most prestigious publication venues in computer science are often conferences
rather than journals.4 We collected conference proceedings on Scopus, a large-scale publication
database produced by Elsevier.5 Each paper comes with a complete list of authors and their affil-
iations, which indicate the academic affiliation or the employer of an author at the time of publi-
cation. Between 2000 and 2023, there are almost 900,000 unique authors (full names) across the
globe, and 36.3% of them have at least one publication at an AI-related conference.6 Figure A.3
shows the trends in topics of AI research in the past 25 years. Most AI publications in our data

3We include all conferences that are used to rank computer science departments by CSRankings (Berger 2017).
The conferences listed on CSRankings were developed in consultation with faculty across a range of institutions,
including via community surveys.

4See the list of publication venues that are used to rank computer science departments: https://csrankings.
org/#/index?all&us (Berger 2017).

5We are especially grateful to Anna Sun for her help with the Scopus Search API.
6AI-related conferences include 24 conferences in AI, machine learning, computer vision, natural language pro-

cessing, and information retrieval on the web.
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predate the rise of large language models (LLM), and focus more broadly on machine learning,
neural networks, and applied areas such as natural language processing and computer vision.

Education and Job Histories. We used individual-level data collected by Revelio Labs to obtain
education and employment histories self-reported on the largest online professional network. We
matched computer science authors with individual profiles by full name and affiliations, and ranked
potential matches based on the number of affiliations in common. We established over 276,600
one-to-one matches between CS authors on Scopus and Revelio individual profiles, and focused
on roughly 150,000 matches that report at least one post-secondary degree, and at least one job
on their profiles. 56% of the matched individuals report a PhD, and 31% report a master’s as the
person’s highest degree. About 45% of the CS authors report living or having worked in the US,
and the fraction with a PhD degree is 61%. Outside the US, Germany, India, the UK, China, and
Canada each account for 3-6% of the matched CS authors.

We build a person× year panel for matched authors across the globe. The panel is balanced:
for each person, it includes all years between max{2000, year of graduation} and 2023. The pri-
mary affiliation at person× year level is a person’s university if she is still a student and otherwise
is her main employer as reported in her job history. We refer to individuals in this dataset as either
“CS authors” or “CS researchers.” Section 3 will present our findings on the initial job placement
of CS authors, and the predictive relationship between publications and career outcomes in indus-
try or academia based on this panel (henceforth “Scopus-Revelio”).

International Conference on Learning Representations (ICLR) Based on the h5-index on Google
Scholar, ICLR is ranked as the second most impactful conference in artificial intelligence.7 ICLR
is also one of the few major conferences that makes public both their accepted and rejected submis-
sions using a double-blind, open peer-review process on the OpenReview platform. This allows us
to observe detailed review materials, including referee scores, written reports, and editorial deci-
sions. We scraped such information on the universe of ICLR submissions between 2017 and 2023
on OpenReview.

Similar to “Scopus-Revelio”, we also matched ICLR authors with their education and job
histories in the Revelio data by full name and affiliations. We established over 20,000 one-to-
one matches between ICLR authors and Revelio individual profiles. 91% of the matches report at
least one job on their online professional profiles. We further merged the ICLR-Revelio sample
with publications from Scopus to trackindividual research productivity before and after an ICLR

7We used conference ranking on Google Scholar based on h-index: https://scholar.google.com/
citations?view_op=top_venues&hl=en&vq=eng_artificialintelligence. The three most impactful con-
ferences in AI are: Conference on Neural Information Processing Systems (NeurIPS), International Conference on
Learning Representations (ICLR), and International Conference on Machine Learning (ICML).
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submission.

3 Descriptive Analysis: Job Placements and The Role of Publi-
cations

3.1 Placement of CS Researchers in Industry versus Academia

Using data spanning the past 20 years, we document that an increasing fraction of new graduates
have sorted into industry jobs – specifically positions at top technology firms – rather than pursuing
academic careers. We begin by documenting the trend within the least restrictive sample, which
includes all CS authors who report at least a college degree on their professional profiles. Figure 1
(a) plots the share of graduates employed in industry (left y-axis) and in academic positions (right
y-axis) three years after their highest degree completion against the year in which that degree was
obtained.8 The share of CS researchers whose initial placement is a job in industry rises from
roughly 50 percent to 59 percent between 2005 and 2020; the share in academic positions displays
a commensurate decline over the same period.

Academic positions primarily consist of postdoctoral and tenure-track positions and, there-
fore, require a PhD. Panel (b) shows that among PhDs, the share who work in industry three years
post graduation increases from 39 percent in 2005 to 53 percent in 2020. Relatively speaking, this
increase in industry employment is larger than the increase among bachelor or master graduates.

Panels (c) and (d) of Figure 1 examine these trends while focusing on the roles that are con-
sidered the most prestigious or competitive within each sector, for the full sample and the PhD
subsample, respectively. In academia, we focus on tenure-track jobs, whereas in industry, we fo-
cus on positions at the top tech firms.9 In the 2005 cohort, roughly 5 percent of PhD researchers
were employed by top firms three years post graduation, compared to 26 percent on tenure track.
Since then, placements at top firms have risen to about 11 percent for the 2020 cohort, while place-
ments in tenure-track positions have declined to 15 percent. These opposing trends underscore
a major shift of CS research talent from academia to industry, with PhD researchers becoming
almost as likely to take a role in a top tech firm as they are on tenure track.10

8We focus on the third year after degree completion, when researchers are still at an early stage of their careers
but are more likely to hold a stable position than immediately after graduation (e.g., PhD researchers may enter into
temporary postdoctoral positions after graduating).

9Throughout the paper, we define top firms as the six largest tech firms: {Alphabet, Meta, Amazon, Apple, Mi-
crosoft, IBM}. As shown in Appendix Figure A.3, research on large language models did not appear until 2022. We
plan to consider a more dynamic definition of top firms.

10An analogous – but muted – pattern emerges for less prestigious positions (Appendix Figure A.4), where we
find employment in non-tenure-track academic positions declining (especially from 2011 onward) while non-top firm
positions make up an increasingly larger share of employment over the period.
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A natural question is whether the shift toward employment in top tech firms is driven by
graduates with high research potential or instead by those with lower research potential or a weaker
interest in academic careers. To explore this, we use several different proxies for research potential.
Figure 2 depicts the share of top firms vs tenure-track positions, separately for students whose PhD
institution is a top 50 CS department and students from lower-ranked programs. The substitution
from academia to industry is evident for both types of graduates and, if anything, is a slightly
sharper trend for top graduates. These trends replicate when using publications before graduation
as proxies. Appendix Figure A.5 Panel (a) examines this pattern when defining top graduates
as those with at least one AI publication in the year of (or those preceding) graduation. And,
to account for the fact that the “bar” for who is considered a top graduate may rise over time,
Appendix Figure A.5 Panel (b) plots these trends when defining top graduates as those in the top
quartile of the number of pre-PhD AI publications.

3.2 Publications Predict Initial Placement and Job Mobility

How do industry and academic employers identify research talent? Conference publications carry
information about the research ability of authors. In fact, publications are often mentioned as pre-
ferred qualifications in research scientist jobs in industry (see Appendix Figure A.6 for example).

3.2.1 Initial Sorting

To understand the role of publications in the initial sorting of workers between industry and
academia, we regress characteristics of the first job after a person’s highest degree on variables
capturing her publication history:

yi = β0 +β1 AI-Pubsi +β2 Oth-Pubsi +X ′
i Θ+ui (1)

The outcome yi represents the sector or position characteristic associated with person i’s first job
in the year after obtaining her highest degree (bachelor/master/PhD). We count the number of pub-
lications at AI conferences before graduation year (AI-Pubsi), and the number of publications at
other CS conferences before graduation (Oth-Pubsi). AI publications are measured by conference
proceedings at 24 conferences in the areas of machine learning, computer vision, NLP, and infor-
mation retrieval on the web. We also control for observable characteristics such as gender, race,
cohort, and school fixed effects.

We find that publications at AI conferences are strongly predictive of being placed in indus-
try. Every additional AI paper before graduation predicts a 0.2 p.p. increase in the probability of
working in industry (column 1 of Table 1) and a 0.5 p.p. increase in employment specifically by a
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top firm (column 2), which is roughly a 7% increase relative to the mean. When we estimate the
regression separately by highest degree, we find the strongest relationship between AI publications
and placements at top firms for PhD graduates. Every AI paper before PhD increases the proba-
bility of initial placement at top firms by 0.7 p.p., a 9% increase relative to the mean (Appendix
Figure A.7(a)).

In particular, AI papers are positively correlated with becoming a research scientist (column
3 of Table 1), consistent with the notion that these jobs typically explicitly require research skills.
In contrast, such publications are negatively correlated with becoming an engineer (column 4), a
role that does not emphasize research.

The positive selection into industry by researchers is a primarily an AI-specific phenomenon.
The more traditional pattern of research ability predicting academic employment emerges when
focusing on other CS papers outside of AI. Such publications are positively related to getting a job
in academia, as shown in columns 5-7 of Table 1. This pattern is echoed when focusing on PhD
graduates in particular, for whom academic placements are most relevant. PhD graduates with AI
publications are less likely to be placed on the tenure track, while graduates with publications in
other CS areas are more likely to stay in academia (Appendix Figure A.7 and Table A.1).

3.2.2 Job Mobility Post Graduation

Do publications after graduation matter for sorting in the labor market between academia and in-
dustry, and between nontop and top firms? We answer this question by estimating OLS regressions
of year-to-year job transitions (after graduation from each person’s highest degree) on indicators
for publications in the current year:

yi,t+1 = b0 +b1 Any-AI-Pubit +b2 Any-Oth-Pubit +X ′
itθ + εit (2)

Any-AI-Pubit and Any-Oth-Pubit indicate at least one publication by worker i in year t in an AI-
related or non-AI related conference, respectively. In addition to demographics, the controls Xit

also include a cubic polynomial in experience since graduation, position characteristics, and a
Heckit correction for reporting any job (Heckman 1974).11 The outcomes yi,t+1 are defined based
on employment in the next year, including indicators for whether the worker is employed by in-
dustry, by top firms in particular, or by academia in t + 1. We estimate the regression separately
depending on the worker’s employer in year t, taking into account that workers outside top firms
may move at a different rate from workers at top firms, or in academia.

Table 2 reports the results. Echoing earlier findings, we find that publications play a role
in transitions to between academia and industry. Academics who publish a paper in AI or other

11See Table A.2 for the full set of controls.
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areas experience a 1.1 p.p. or almost 18% increase in the probability of moving to industry.12

For workers already employed by industry (nontop or top firms), having either type of publication
is negatively correlated with staying in industry (columns 1 and 4) and positively correlated with
moving to academia (columns 3 and 6).

Moreover, publishing any AI paper strongly predicts moving to a top firm from nontop firms
or academia (columns 2 and 8). Among workers at nontop firms, any AI publication this year is
estimated to increase the probability of moving to top firms by 1.5 p.p., doubling the likelihood
that workers move up the job ladder within industry in a given year (column 2). This relationship is
nearly three times as large as the transitions into academia from nontop firms (column 3). Any AI
paper also predicts a 0.8 p.p. increase in movements from academia to top firms, a 118% increase
relative to the mean (column 8).Figure A.7(c)-(d) breaks down these estimates by the level of
the highest degree reported. AI papers are positively correlated with movements to top firms for
workers without a PhD degree as well.

Having established that AI publications predict one’s placement or mobility into top tech
firms, we estimate a descriptive event study around AI publications. We focus on the first AI
publication after (or in the year of) graduation and estimate a two-way fixed-effect event study
regression:

yit = β0 + ∑
∀l ̸=−1

βl D(l)
it +δt +αi + εit (3)

where i indexes person and t indexes calendar year. Letting τi denote the year in which person i

publishes her first AI paper after graduation, we define the event dummy D(l)
it = 1 if it has been

l years since the first AI paper, where l ∈ [−23,23]. We include individual and year fixed effects
(αi and δt), and standard errors are robust and clustered at the person level. Only individuals who
publish at least one AI paper after graduating are included in the sample.

Panel (a) of Figure A.8 shows the event study estimates. In the year of the first AI publication
(l = 0), authors are 4.1 p.p. more likely to work in a top firm relative to the year before. The
increase could be driven by (1) workers who move into top firms and publish in the same year,
(2) workers who publish first and then get poached by top firms, and (3) incumbents who publish
and are retained by top firms. Given that we do not find a correlation between publications and
retention at top firms based on year-to-year transitions (column 5 of Table 2), we estimate the
same event study with the sample restriction that authors who are not employed by top firms at
-1, in order to focus on the impacts of the publication on moving to top firms from other places.
Panel (b) of Figure A.8 shows the estimates under this sample restriction. The similar increases in

12Workers in academia include postdocs or non-tenure-track researchers. We carefully differentiate between them
in the causal analysis among authors who submit to ICLR in Section 4.
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employment by top firms suggest that most of the effects are driven by movers into top firms rather
than stayers.

We then compare the estimates (β1 −β0) to ensure that we are focusing on workers who first
publish and are subsequently poached. One year after the publication, we find an additional 1.8
p.p. increase in the employment at top firms that represents an inflow of publishing authors to top
firms. This estimate is very close to the 1.5 p.p. predictive effect of any AI publication for moving
to top firms from nontop firms shown earlier (column 2 of Table 2). The probability of working at
top firms continues to rise for two years and stabilizes around 7 p.p. three to five years after the
publication.

Taken together, the results in this section suggest that top tech firms (increasingly) demand and
compete for AI research talent. However, a researcher’s publication record may reflect unobserved
worker characteristics – such as preferences for landing a job at a top tech firm – that also drive
sorting into top tech firms. To isolate the role of firms demand for AI talent in driving these
patterns, we now turn to the next section, where we provide evidence that AI publications have a
causal effect on moving to top firms.

4 Causal Impacts of Publications on Career Trajectories

The International Conference on Learning Representations (ICLR), one of the top three AI con-
ferences, has publicly released all submissions, referee reports, and editorial decisions since 2017.
We exploit this “open review” feature to estimate the causal impacts of AI publications on the ca-
reer outcomes of researchers using a difference-in-differences design, in which the control group
comprises rejected authors who are observably similar as accepted ones. This design allows us to
identify the extent to which sorting into top tech firms is driven by the demand for AI researchers
rather than supply-side factors such as preferences. We also analyze the gender differences in the
impacts of a publication on obtaining a tenure-track job versus a job at top firms.

4.1 Empirical Strategy

We observe the numeric ratings and comments by referees, based on which editors decide whether
a paper can be accepted into the conference and hence published at the ICLR conference pro-
ceedings. On average, each submission gets 3-4 referees, who rate the paper on a discrete scale
from 1 to 10, with 5 suggesting marginally reject and 6 suggesting marginally accept.13 More
than 80% of the papers with an average rating above 6.5 were accepted by the editor, and most

13The rating scale changed in 2020, but the margin of acceptance remained the same at 6. We take this change into
account when estimating the weights in the covariate balancing and construction of propensity score of acceptance
described later in this section.
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papers with an average rating below 5 were rejected. There is substantial uncertainty, however, for
submissions with average ratings in the middle (Appendix Figure A.9). This uncertainty suggests
that the editorial decisions among papers that receive similar ratings could be arbitrary, depending
crucially on the assignment of editor.14 The importance of editors’ own evaluation is not unique
to ICLR. NeurIPS, the highest-ranked AI conference, conducted a consistency experiment in 2014
and found that 60% of accepted papers were rejected if they were reviewed a second time by a
different editor (Cortes and Lawrence 2021).

We use a difference-in-differences design to estimate the impacts of an accepted publication
on career outcomes, such as sorting to top firms or obtaining a tenure-track job. The underlying
assumption is that, absent the ICLR decision, accepted and rejected authors would have followed
parallel career trajectories. Focusing on the first time an author submits to ICLR, we consider the
following difference-in-differences regression:

Yit = b0 +b1Postit +b2Acceptedi +b3Postit ×Acceptedi +δt +αi +νit (4)

where Postit = 1[t > τi] indicates years after the author i submits to an ICLR conference for the
first time (τi is the event year for i). Acceptedi indicates if her first submission is accepted. We
also control for calendar year fixed effects to absorb common trends and person fixed effects αi

to account for time-invariant unobserved heterogeneity between individuals. The coefficient of
interest is b3, which represents the average treatment effect of an accepted paper on the treated
(ATT) under the parallel trend assumption. We also estimate a dynamic difference-in-differences
or event study model:

Yit = β0 +
3

∑
l=−5,l ̸=−1

βl D(l)
it +ζ Acceptedi +

3

∑
l=−5,l ̸=−1

γl D(l)
it ×Acceptedi +δt +αi + εit (5)

D(l)
it = 1[t − τi = l] is an event dummy that indicates l years relative to the event. The coefficients

of interest are {γl}, which represent diff-in-diff estimates for an accepted paper on career outcomes
at l. The coefficient b3 in regression (4) can be viewed as an average of {γl : l > 0}, pooling the
post periods.

14Given that the editors’ opinions play an important role in the final decision, the numeric ratings by referees alone
do not generate a well-defined running variable in the regression discontinuity design. Figure A.9 shows a smooth “S”
curve between acceptance and mean ratings. Fuzzy RD around the threshold (mean=6) does not yield a significant
first-stage.
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4.1.1 Identifying Assumptions

The identification of ATT in the equations (4) and (5) hinges on the parallel trend assumption that,
given any periods s ̸= t, E[Yis(0)−Yit(0)|Acceptedi = 1] = E[Yis(0)−Yit(0)|Acceptedi = 0], in
which Yit(0) represents the counterfactual career outcome of an author absent the ICLR acceptance.
As pointed out in Abadie 2005, this assumption may be implausible if pre-treatment characteristics
that are thought to be associated with the career trajectories of authors are unbalanced between the
accepted and rejected authors.

Table A.3 provides a comparison between accepted and rejected authors who submit to the
ICLR for the first time. On average, the submissions by accepted authors have a mode of rating
above 6 (the margin of acceptance), whereas the papers by rejected authors have a mode around
4. The minimum rating received by a paper represents the most negative review. Accepted authors
on average get a minimum around 5.5 while rejected authors get a minimum around 3.3. The
two groups also look different in demographics and educational background: accepted authors are
0.35 years younger, more likely to be male, white, and US-based, and more likely to report a PhD
degree on their Revelio profiles. Almost 14% of accepted authors are employed by a top firm in
the year before the ICLR conference, 6% higher than the rate among rejected authors.

We are most interested in estimating the impacts of an ICLR publication on sorting to top
firms from other places. Among authors who are not employed at top firms in the year prior to
their first ICLR conference, accepted and rejected authors show different pre-trends (Appendix
Figure A.10).15 Accepted authors are more likely to have worked for top firms two to five years
prior to the ICLR event. The gap only becomes zero by the sample restriction at -1. The lack of
balance in pre-treatment characteristics in Table A.3 and the pre-trend in Figure A.10 suggest we
have to act with caution when implementing the difference-in-differences design.

To address this concern, we make alternative assumptions as in Abadie (2005), and adopt a
two-step strategy.

Assumption 1 (Parallel Trends Conditional on Observables) Let Xi represent pre-treatment ob-
servable characteristics of the author and the quality of the paper. Given any periods s ̸= t,

E[Yis(0)−Yit(0)|Acceptedi = 1, Xi] = E[Yis(0)−Yit(0)|Acceptedi = 0, Xi] (6)

Assumption 2 (Common Support) Given pre-treatment observable characteristics Xi,

Pr(Acceptedi = 1 |Xi)< 1 (7)
15The sample is restricted to authors who are not employed by top firms at -1, so there is no difference between

accepted and rejected authors at -1. Figure A.10 shows that accepted authors are 1 p.p. more likely to be employed
by top firms at -3 than (unweighted) rejected authors, suggesting that they may have been more positively selected or
recognized by top employers even before the result of the ICLR event is known.
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Under Assumptions 1 and 2, we can identify ATT by estimating regressions (4) and (5) if the non-
parallel career trajectories are caused by the observed compositional differences between accepted
and rejected authors. We include in Xi the mode and the minimum rating received by the author’s
submission, the number of authors on the paper, calendar year group of the conference, demo-
graphic characteristics such as age, gender, and education level of an author, publication history
and job history between [-3,-1] years relative to the ICLR conference (see Table 3 for the complete
list). Other than the referee ratings and team size, every control in Xi is either time-invariant or a
pre-treatment characteristic. Controlling for the mode and the minimum referee ratings allows us
to compare authors who submit papers of similar quality.

4.1.2 Weighting and Matching Procedures

Our two-step strategy involves first estimating a propensity score of acceptance based on the ob-
servable characteristics of the authors and the quality of their papers, then estimating difference-
in-differences models with inverse propensity weights.

First, following Rosenbaum and Rubin (1983), Hirano, Imbens, and Ridder (2003), and Im-
bens (2004), we fit a logistic regression of paper acceptance on Xi, record the propensity score p̂i

from maximum likelihood estimation, and assign weight p̂i
1−p̂i

to rejected authors and 1 to accepted
authors. The inverse propensity weighting (IPW) allows us to compare accepted authors with re-
jected authors who have a similar likelihood of having their papers accepted on average, and then
we interpret the difference-in-difference estimates as ATT under the identifying assumptions.

Second, we adopt inverse propensity tilting (IPT) in Graham, De Xavier Pinto, and Egel
(2012) and estimate the propensity scores by balancing the covariates between accepted and re-
jected authors:

E[Xi] = E[
1−Acceptedi

1− p(X ′
i θ)

×Xi]. (8)

in which the propensity score is logit p(X ′
i θ) = Pr(Acceptedi|Xi) =

exp(X ′
i θ)

1+exp(X ′
i θ)

. We estimate the

parameters θ by solving the moment conditions (8) and assign weight p(X ′
i θ̂)

1−p(X ′
i θ̂)

on each rejected
author. Given the IPT weights, the means of pre-treatment X among reweighted rejected authors
equal the means among treated or accepted authors, allowing us to make causal comparisons be-
tween groups with identical mean observables. Słoczyński, Uysal, and Wooldridge (2025) shows
that in difference-in-differences settings, the doubly robust estimator proposed by Sant’Anna and
Zhao (2020) is numerically equivalent to the IPW estimator of Abadie (2005) with IPT weights.
The covariate balancing estimator with a logistic propensity score model is also equivalent to en-
tropy balancing proposed by Hainmueller (2012) (Zhao and Percival 2017; Tan 2019).
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Given our interest in the impact of a publication on sorting to top firms from other places, we
focus on authors who were not employed by top firms in the year before their first ICLR confer-
ence.16 We estimate the IPT weights by solving (8) under this sample restriction. Table 3 shows
the differences between accepted and rejected authors, before and after reweighting. Relative to
the full sample shown in Table A.3, we drop 15% of the accepted authors and 10% of the rejected
authors, but the (unweighted) mean characteristics remain largely unchanged as shown in the first
2 columns of Table 3.17 The mode of referee rating for an accepted author is 6.31, which is 2.31
points higher than the rating received by a rejected author. After the reweighting via IPT, rejected
authors also on average have a mode rating of 6.31, which is by construction, given that the mode
is included in X and we solve the moment equations in (8). The only variable summarized in Table
3 that is not included in X is mean rating. The reweighted average among rejected authors is 6.16,
which is 0.38 points lower than the average among accepted authors. This reweighted difference is
much smaller than the 2-point gap without reweighting. Since X includes indicators for whether a
worker is employed by top firms -3, -2, -1 years relative to her first ICLR conference, Figure A.10
shows that after reweighting, there is no differential pre-trend in employment by top firms during
the window [−3,−1].

In addition to the propensity score weighting (likelihood or covariate balancing), we also
apply coarsened exact matching to select a matched control group for accepted authors (Iacus
et al. 2012; Jäger and Heining 2022; Sarsons 2017). We match authors based on the quality of
the papers, demographic characteristics, and publication and job histories before they submit to
the ICLR for the first time. The matching procedure is detailed in Appendix A1. If we draw
without replacement, we can match 1,263 accepted authors to 1,263 rejected authors, who look
more similar to each other than in the original sample (without reweighting). However, since
authors are first put in the bins based on observable characteristics, the covariates are not perfectly
balanced as in the IPT procedure. Relative to reweighting techniques, establishing 1-1 matches
also drops a large number of accepted and rejected authors, reducing the power in our analysis. We
use the matching method mainly as a robustness check.

The reweighting and matching methods above allow us to compare accepted authors with
rejected authors who submit papers of similar quality and are observably similar. In the second
step, we estimate the difference-in-differences model (4) and the event study (5) in the reweighted
or matched sample. Our preferred approach is to use IPT weights that achieve balance in covariates

16ICLR conferences are typically held in April or May. The submission deadline is often in Q4 (Oct/Nov) of the
previous year. We are most interested in the causal impact of publishing an ICLR paper on moving to top firms from
other places, and therefore exclude authors who were at top firms at -1, and those who moved to top firms before the
conference even happened.

17Under the sample restriction that authors were not employed by a top firm at -1 (the year before the person’s first
ICLR submission), the variable "Employed by Top at -1" always equals 0 as shown in Table 3.
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(unlike likelihood-based IPW) and do not throw away any observation (unlike matching).18 We
present estimates from every method below to show robustness, but we will focus more on the
results with IPT weights, which we interpret as ATT under identifying assumptions 1 and 2.

4.2 Impacts of Acceptance on Moving to Top Firms

Motivated by our finding in Section 3 that publications are strongly correlated with sorting to top
firms, we estimate the difference-in-differences models for the outcome of moving to top firms,
which could either indicate the hiring of researchers from academia or poaching from other firms
in the industry. Table 4 presents estimates of the difference-in-differences regression (4) without
reweighting. The estimation sample comprises authors who are not at a top firm right before
submitting to ICLR (l = −1). Accepted authors are 2.4 p.p. more likely to move to top firms
following the ICLR conference than rejected authors, which is 54% higher than the mobility rate
among rejected authors. We then estimate (4) separately based on the author’s employment in the
year before their first ICLR conference: industry (nontop firms), academia, or students/postdocs.
Among students and postdocs, an ICLR publication increases the probability that they work at top
firms by 3.1 p.p., suggesting that early publication success is important for getting a good job in
the industry.

We also present the difference-in-differences estimates in the reweighted sample, where the
rejected authors are (after the reweighting) comparable to accepted authors and therefore are more
likely to be on parallel trajectories. Table 5 shows that the acceptance of a person’s initial submis-
sion increases the probability of moving to a top firm by 4.4 p.p., driven by authors from nontop
firms in the industry (4.2 p.p. in column 2), and students and postdocs (5.7 p.p. in column 4).
Before reweighting, rejected authors are more likely to come from industry and less likely to be
students/postdocs prior to the event (Table 3). The IPT procedure assigns a lower weight to re-
jected authors from industry who are not comparable to accepted authors and a higher weight to
rejected students.

Moving on to the event study regression (5), we find in the unweighted sample that an ac-
cepted paper increases mobility to top firms by 2 p.p. after the conference (red squares in Figure
3). Given the concerns about the parallel trend assumption discussed in Section 4.1, we estimate
the same model on the reweighted samples in which each rejected author is weighted by the p̂i

1−p̂i
.

The propensity score is estimated by maximum likelihood or by solving the moment equations (8).
Under reweighting by likelihood-based propensity scores (IPW), the estimates (blue triangles in
Figure 3) are slightly larger than the estimates without weighting.

18Table A.3 compares accepted authors with rejected authors who are reweighted by likelihood-based propensity
scores. IPW also improves balance in covariates but in contrast with IPT, it doesn’t ensure the means would be matched
exactly.
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Under IPT reweighting that achieves covariate balancing, an accepted paper is estimated to
increase the mobility rate to top firms from other places by 2.9 p.p. in the year after the conference,
and by 4.5-6.7 p.p. two to three years after (shown in green circles in Figure 3. In comparison with
reweighted samples, matching accepted authors with rejected authors without replacement drops
a large number of authors. The estimates from the matched sample (yellow X in Figure 3) are
noisier, but similar in magnitude to the reweighted estimates.

Taken together, we find a robust 2-3 p.p. increase in mobility to top firms from other employ-
ers one year after the conference across methods shown in Figure 3. The short-term estimate is
similar to the predictive effect of an AI publication on moving to top firms from our descriptive
analysis that covers 24 AI conferences (column 2 of Table 2 and Figure A.8). By reweighting or
matching, we find a stronger increase in mobility to top firms 2-3 years later, which suggests that
an AI publication has persistent career benefits for computer scientists.

Our analysis below shows separate estimates by the origins of authors before submitting to
ICLR. Given the importance of comparing the accepted authors with rejected authors who are more
likely to be on parallel career trajectories absent the ICLR decision, we will present results with
IPT reweighting. But the findings are robust across methods.

4.2.1 Heterogeneity by the Origin of Authors

The strongest effect of publication on movements to top firms comes from students and postdocs
early in their careers, according to the estimates of regression (4) in Tables 4-5. We estimate the
dynamic difference-in-differences model (5) in the IPT-reweighted sample, separately by the origin
of authors at -1 (the year before each person’s first ICLR conference). Figure 4 shows that having
a student or postdoc’s initial submission accepted boosts her chance of getting a job at top firms in
the same year as the ICLR conference by 1.8 percentage points. Since we have excluded authors
who get hired by top firms at 0 before the ICLR conference takes place (in May), this immediate
effect is driven by students who move to top firms after the conference. In the following three
years, the estimated effects of publication on being employed by top firms continue to increase
from 4.3 p.p. to 9.4 p.p., suggesting a persistent effect of early publication success on sorting to
top firms.

The effects for authors who are employed by academia (not students/postdocs) remain statis-
tically significant at around 2 p.p. in the three years following the ICLR conference. We interpret
the effects among academics as evidence that top firms are poaching productive researchers from
academia, not just among early career researchers but also among experienced faculty. The esti-
mates for authors from nontop firms in the industry are positive but noisier than those from the
other groups. In three years, accepted authors from nontop firms are 5 p.p. more likely to be
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working at a top firm than rejected authors with similar job histories before submitting to ICLR.19

We test whether the positive effect of the ICLR publication on upward mobility to top firms
is driven by reporting bias. Accepted authors may be more likely to update their résumé given an
additional publication, and therefore show a higher employment rate by top firms in the data. We
replace the outcome in the event study regression (5) with an indicator for reporting any full-time
job on LinkedIn each year. Figure A.13 shows that accepted authors are no more likely to report
a full-time job than rejected authors after the conference, and the result is robust across methods.
We therefore argue that the positive effects of a publication on sorting to top firms are not driven
by reporting differences.

4.3 Impacts on Moving to Corporate Sponsors of ICLR

CS conferences provide employers with an opportunity to meet and recruit talent. We observe
corporate sponsors of ICLR that pay for varying levels of exposure at the conference, ranging
from USD 5,000 to 100,000. Sponsors have a dedicated booth at the conference and often host
recruiting events. The decision to sponsor an ICLR conference indicates a strong demand for
AI talent. Figure A.14 shows that Alphabet (Google), Amazon, and Facebook sponsored ICLR
every year between 2017 and 2025. The other three top firms – Microsoft, Apple, and IBM –
also sponsored the conference at least 5 times. A potential explanation for the short-term increase
in moving to top firms (Figure 3) is that accepted authors network with recruiters and incumbent
workers at top firms at the conference.

Given the full lists of ICLR sponsors, we test whether authors with an accepted paper at ICLR
are more likely to move to a corporate sponsor following the conference, and whether the effect
differs for top firms versus other sponsors. Figure 5 shows our event-study estimates for the out-
come being employed by an ICLR sponsor in event year (l = 0). Within one year, accepted authors
are 1.7 p.p. more likely to be employed by an ICLR sponsor that is present at the conference,
according to the estimates across all methods. Similar to Figure 3, we find a stronger increase in
employment among ICLR sponsors 2-3 years after the conference in the reweighted sample, in
which we compare accepted authors with similar rejected authors.

Since top firms are almost always present at the ICLR conference, the longer-term increase in
employment by an ICLR sponsor could be driven by sorting to top firms rather than a direct effect
of networking at the conference. Indeed, in the full sample we do not see a significant increase in
employment by ICLR sponsors outside top firms (Appendix Figure A.15). This contrast suggests

19The estimates in the unweighted sample are shown in Appendix Figure A.11. Among authors from nontop firms,
accepted authors are 2-4 p.p. significantly more likely to have worked for one of the top firms at some point four or
three years before the ICLR conference. The pre-trend disappears when we include job history as covariates in the
moment equations (8) for IPT. The matched difference-in-differences in Figure A.12 also shows a 5 p.p. increase in
employment by top firms among accepted authors initially employed in nontop firms.
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the estimated impacts of the publication on moving to ICLR sponsors – firms with a strong demand
for AI talent – are also driven by the top firms in the industry.

Figure A.16 shows the origin-specific estimates of the acceptance on employment by an ICLR
sponsor. It is even more striking than the estimates in Figure 4 that a publication has the strongest
impact on students and postdocs. The effects for incumbent workers in industry or academia
are close to zero. Focusing on authors who are students/postdocs, we show in Figure 6 that a
publication increases employment by non-top ICLR sponsors by about 1 p.p. within one year of
the conference. Although the overall effect on employment by non-top ICLR sponsors is small
(Appendix Figure A.15), there remains a short-term impact of networking at conference on the
mobility of early-career authors. This finding provides evidence that recruiting young researchers
is a key benefit of sponsoring CS conferences.

To investigate whether networking at the conference is the main mechanism driving the results
for young researchers, we provide a placebo exercise using ICLR sponsors in the year before or
after the event. Appendix Figure A.17 clearly shows zero increase in employment at sponsors in
other years. Since top firms sponsor almost every ICLR conference, the placebo estimates rely on
year-to-year variation from non-top sponsors, which receive a smaller inflow of publishing authors
even if they show up in the same year, as shown in Figure 6.

4.4 Gender Differences

Both industry and academia have publicized their commitments to reducing the under-representation
of women in STEM.20 What does the industry–academia race imply for gender differences among
CS researchers? While a full answer is beyond the scope of this paper, we examine whether the
labor market return to an ICLR publication differs by gender.

Given the large impacts of an ICLR acceptance on the sorting of students and postdocs into
top firms, we focus on the gender differences within this group of early career researchers. We
estimate the event study regression (5) (with IPT weights) separately for 728 female authors versus
2,354 male authors who are students/postdocs in the year before their first ICLR conference. Male
authors, comprising 76% of students/postdocs, are 1.8 p.p. more likely to work full-time for a top
firm immediately after acceptance into ICLR, and are 9.4 p.p. more likely to work for top firms 3
years after (Figure 7a). These estimates are closer to the estimates for all students/postdocs shown
in Figure 4. An accepted paper at ICLR also increases the probability that female students/postdocs
get hired by top firms by 2.8 p.p. immediately after the conference. However, this effect is not
persistent. We find dynamic effects noisily fluctuating between -3 p.p. and 2 p.p. in the next three

20Following the MeToo movement, tech companies invested in Diversity, Equity, and Inclusion (DEI). to recruit
underrepresented minorities into their workforce. Our data cover years up to 2023, before most tech firms halted their
DEI initiatives.
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years for female authors. Taken together, the large impact of an ICLR publication on employment
by top firms in the next three years applies primarily to male students and postdocs.

Are the academic returns to a publication different by gender? We use the position titles
in individual job histories to identify tenure-track jobs, and we provide difference-in-differences
estimates of the impact of ICLR acceptance on sorting to such jobs via regression (5) with IPT
reweighting. Relative to rejected authors, female accepted authors are 4 p.p. significantly more
likely to get a tenure-track job in the year of the ICLR conference and are 7 p.p. more likely to be on
tenure-track 1-2 years after the conference (Figure 7b). These estimates suggest that a successful
AI publication benefits the academic placement of female students and postdocs at least in the short
term. In contrast, we do not find a positive impact of the acceptance by ICLR on the academic
placement of male students/postdocs. Given that the earliest year in the estimation sample is 2012,
this finding could reflect the commitment of academic employers to increase gender diversity,
which also appears in other disciplines such as economics (e.g., Card et al. 2022).

These patterns hold in the original sample without reweighting (Figure A.18). Female ac-
cepted authors are 7 p.p. more likely to be on tenure-track than female rejected authors in three
years post event, whereas male accepted authors are 3 p.p. more likely to work for top tech firms
than their counterparts. These findings suggest that an ICLR publication facilitates transitions into
top firms for men and into tenure-track academia for women. Industry roles tend to pay more on
average than academic jobs. The divergence in sectoral returns to a publication could widen gender
earnings gaps among computer scientists.

In summary, we exploit acceptance decisions at ICLR to estimate the causal impacts of publi-
cations on career outcomes. We find a significant and persistent increase in movements to top firms
following the publication. The increase in movements to ICLR sponsors – firms with strong de-
mand for research talent – is also driven by top firms. Heterogeneity analyses by origin of authors,
and by gender, suggest that publications have the largest impacts on early-career researchers.

5 Consequences for the Direction and Quality of Public Research

Having established that a race for AI talent is underway and that top technology firms have gained
the upper hand in recruiting top AI researchers from traditionally academic conferences, we now
examine what happens to research output when talent reallocates. We study three dimensions: the
quantity of public research, its quality as measured by citations, and the direction of knowledge
production across computer science areas. We conduct descriptive event-study analyses of research
output around moves to top firms versus tenure-track academic positions, using the full sample of
computer science researchers with linked job histories. The sample includes all authors in the
Scopus–Revelio dataset who made a first observed career transition either to a top technology firm
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or to a tenure-track position. We compare these two groups in an event window of five years before
and after the transition, using a two-way fixed effects regression of the form:

yit = β0 + ∑
ℓ̸=−1

βℓD(ℓ)
it ×Treatedi +δt +αi + εit (9)

where Treatedi equals one for top-firm movers, D(ℓ)
it are event-time dummies indicating years rela-

tive to the transition, and αi and δt are author and year fixed effects. Standard errors are clustered
at the author level. The control group of tenure-track movers reduces the concern of selection into
job mobility relative to a stayer control group, since both groups reveal a willingness to change af-
filiations. We restrict to a balanced panel, requiring each author to be observed for the full five-year
window on both sides of the event.

5.1 Quantity and Quality of Research

Panel A of Figure 8 shows raw trends in the number of publications for movers to top firms ver-
sus tenure-track around the transition event. Prior to the transition, top-firm movers publish at
a substantially higher rate than their tenure-track counterparts, particularly in AI, consistent with
positive selection of the most productive AI researchers into industry — mirroring our findings on
the role of AI publications in sorting to top firms in Sectioins 3-4. Pre-transition trends in non-AI
publications are broadly parallel across the two groups. Following the transition, the trajectories di-
verge sharply. Total publication output declines modestly among researchers entering tenure-track
positions but resumes an upward trajectory in subsequent years. In contrast, research output drops
sharply and persistently among those moving to top firms and does not return to its pre-move trend.
The right panel of Figure 8 reports difference-in-differences estimates from specification (9): five
years after the transition, annual publications decline by approximately 57%, AI publications by
46%, and non-AI publications by approximately 65% (see Table A.5).

Based on the difference-in-differences analysis, a back-of-the-envelope calculation suggests
that 1,050 AI papers (and 1,978 papers in other CS areas) are missing per year due to researchers
opting for top firms over academic positions. We interpret this estimate with caution: if researchers
increase output before moving in anticipation of top firm recruitment, we overstate the true decline;
if top-firm movers would have continued on a steeper trajectory absent the transition, we understate
it.

Do reductions in research volume correspond to reductions in research quality as well? Panel
B of Figure 8 extends the analysis to research quality along two dimensions: the extensive margin
of forward citations — whether a researcher’s papers receive any citation within three years of
publication — and a high-impact indicator equal to one if three-year forward citations fall in the top
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decile of the citation distribution. On the extensive margin, top-firm movers are approximately 10
percentage points less likely to produce any publicly cited work within five years of the transition,
with the decline present across all publication types (Table A.6). The high-impact indicator reveals
a striking divergence: following the transition, top-firm movers become relatively more likely to
produce high-impact AI publications, while becoming less likely to produce high-impact non-AI
research. While the move to top firms thus reduces the overall probability of producing any cited
work, high-impact public output increases in commercially valuable AI areas at the expense of the
broader computer science research.

5.2 Directions of Research

Which areas of computer science lose the most public research output as top firms increasingly re-
cruit top AI researchers? We classify papers by conference area, grouping the 29 conference areas
in our data into four categories: the AI frontier (artificial intelligence, computer vision, NLP, and
web and information retrieval), infrastructure behind AI (computer architecture, operating systems,
databases, networks, design automation, and measurement), security, privacy and society (cyberse-
curity, economics and computation, computational biology, HCI, and visualization), and software
and physical computing (software engineering, programming languages, robotics, embedded sys-
tems, mobile computing, and computer graphics). Figure 9 plots raw publication trends by broad
area. The positive pre-transition selection of top-firm movers is concentrated almost entirely in the
AI frontier: their pre-transition publication rate in this category is almost double that of tenure-
track movers, consistent with our findings on AI publications driving the sorting to top firms in
Sections 3-4. For infrastructure research, both groups show growing pre-transition trends reflect-
ing an expansion of research in this direction, though top-firm movers display a steeper pre-trend
in databases and networks, areas where commercial applications are most immediate, as visible in
Panel B of Figure A.19.21 For society and software categories, pre-transition trends are broadly
parallel, suggesting less differential selection into these areas.

Figure A.19 shows difference-in-differences estimates for conference subareas. The decline
in AI frontier publications is present across all AI subareas, though with notable heterogeneity.
The largest drop occurs in core AI and computer vision, while the decline is least pronounced for
NLP. Five years after the transition, researchers who move to top firms publish approximately 0.04
fewer papers per year at core AI conferences relative to tenure-track movers. Two mechanisms may
explain this heterogeneous pattern. The first is a substitution from public to proprietary research:

21Databases and networking infrastructure play a critical supporting role in modern AI development. Training large
language models requires storing and retrieving vast amounts of data at speed; serving predictions to millions of
users in real time requires routing queries efficiently across thousands of servers. Firms that solve these infrastructure
problems more efficiently can build and deploy AI systems faster and at lower cost than competitors, creating strong
incentives to recruit researchers in these areas and conduct their work internally rather than publishing it openly.
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top firms may reduce public output across all areas, replacing it with internal research whose
results are not disclosed. The second is a redirection of total research effort, both public and
proprietary, toward areas where top firms hold a comparative advantage over academia and that
align with firms’ commercial interests. We speculate that the broad-based decline across all AI
subareas primarily reflects the first mechanism, consistent with evidence in Akcigit et al. (2026),
which documents a near-sixfold increase in patenting among researchers who transition to industry,
suggesting systematic substitution from open science toward proprietary innovation. The relatively
smaller decline in NLP may instead reflect the second mechanism: training large language models
require massive compute infrastructure and proprietary datasets that academic labs cannot match,
giving top firms a comparative advantage in this area.22

The other conference subareas experiencing the largest declines in public research following
transitions to top firms are databases, human-computer interaction, security, and robotics. The
decline in robotics, covering autonomous systems, surgical robots, and industrial automation, is
particularly consequential: as these systems are deployed in hospitals, factories, and public spaces,
the shift of robotics researchers into proprietary labs reduces the supply of independent work eval-
uating whether they behave safely and reliably. The declines in software engineering and program-
ming languages raise analogous concerns: these are the researchers who develop tools for testing,
verifying, and debugging complex software systems, and their migration to industry weakens the
academic community’s capacity to independently audit the AI code increasingly embedded in con-
sequential decisions. Finally, the decline in security research, covering cryptography, vulnerability
detection, and privacy-preserving systems, is directly relevant to public welfare: as AI systems
handle ever more sensitive personal data, the shift of security researchers into proprietary labs
managing them reduces independent scrutiny.

6 Conclusion

We document that AI researchers are increasingly concentrating in industry – especially at top-tier
firms – relative to academia. To test whether academia and industry compete for the same talent,
we study how publications — a canonical signal of research ability — are related to initial job
placements and subsequent job mobility of researchers. We find that AI publications are strongly
predictive of getting a job at top tech firms, but less so for getting a job in academia. The predictive
relationship could be driven by both individual preferences on the supply side and the extent to
which employers use publications to screen talent.

22This interpretation is consistent with the fact that the most prominent NLP breakthroughs of the past decade: the
transformer architecture (Vaswani et al., 2017), BERT (Devlin et al., 2018), and GPT (Brown et al., 2020) were all
published openly by researchers at Google, Google Brain, and OpenAI.
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To identify the signal value of publications on the job market, we leverage variation in the
acceptance of a paper at a top-tier AI conference. Using a difference-in-differences design, we
compare accepted authors with similar rejected authors and find that a top AI publication increases
the probability of moving to top firms by 2-6 percentage points in the next 1-3 years. The impact
is the largest among students and postdocs at the beginnings of their careers. The casual evidence
is consistent with industry placing high returns on research ability that was historically rewarded
mainly in academia.

Having established that a “race for AI talent” is underway – and that academia is losing
relative to top firms in industry – we examine the implications for the production of public knowl-
edge. We track the publication trajectories of computer scientists who move to top firms versus
tenure-track academic positions. Before moving, researchers who will join top firms exhibit steeper
increases in publication output, especially in AI-related work. After the move, publication activ-
ity diverges sharply: output among authors moving to tenure-track jobs stabilizes and resumes
growth, while that of researchers joining top firms falls and remains well below pre-move levels.
Difference-in-differences estimates suggest that there are 1,050 fewer AI papers (and 1,978 fewer
papers in other CS areas) being produced per year due to researchers opting for top firms over
academic positions.

While these results speak to the quantity of research being published, we hope to also explore
various measures of the quality or content of AI research in future work. For example, we will
begin by documenting whether AI researchers in industry produce (public) research that is different
from academics in terms of topics and application areas. Our hypothesis is that topics that serve a
public-interest (e.g., bias mitigation and algorithmic fairness) or that have long-term or uncertain
commercial gains (e.g., theory behind black-box models) are at risk of being under-produced as a
consequence of this race. On the other hand, topics that require large amounts of computing power
or data (e.g., large language models) may be more readily produced in industry, which typically has
more resources to accommodate this type of research. Moreover, we will examine how citations
– a measure of research influence – change with a transition into industry from academia. Our
preliminary results show movers to top firms publish more impactful papers in AI. Immediate
next steps include exploring whether the gap in citations is driven by breakthrough papers or self-
citations within firms.
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7 Main Figures and Tables

Figures

FIGURE 1. Share of early-career CS researchers in industry versus academia over
time

(a) All: Industry vs. Academia (b) PhDs: Industry vs. Academia

(c) All: Top Firms vs. Tenure-track (d) PhDs: Top Firms vs. Tenure-track

Notes: This figure shows the share of computer science researchers working in industry versus academia
three years after completing their highest degree, conditional on reporting any job that year on LinkedIn.
Panels (a) and (b) show the share employed in industry and academia, respectively, while panels (c) and (d)
show the share employed at top technology firms and in tenure-track academic positions. Panels (a) and (c)
include all graduates (bachelor’s, master’s, or PhD), whereas panels (b) and (d) restrict the sample to PhD
holders, for whom tenure-track positions are more relevant.
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FIGURE 2. Share of early-career researchers in top firms versus tenure-track:
heterogeneity by PhD institution

Notes: This figure shows the share of CS researchers working in top firms versus being on tenure track, 3
years after PhD. Top graduates refer to PhD graduates from top 50 CS departments, based on CSRankings,
QS 2025, and THE 2025 in AI/CS. Other graduates obtain their PhDs outside the top 50.
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FIGURE 3. Employment by Top Firms among Authors From Other Places

-.05

0

.05

.1

-5 -4 -3 -2 -1 0 1 2 3
Years since ICLR Conference

Unweighted Weights: MLE Weights: IPT (Covariate Balancing) Matched

Outcome: Employed by Top Firms

Notes: This figure shows the difference-in-differences estimates of the impacts of an ICLR publication
on moving to top firms from employers outside the top firms, corresponding to {γl} in model (5). The
estimation sample comprises ICLR-Revelio matched authors who submitted to an ICLR conference for the
first time between 2017 and 2020, and who were not employed by top firms at -1, the year before their
first ICLR conference (event). Standard errors are robust and clustered at the person level. The outcome
variable indicates whether the worker is employed by a top firm in the current year. We show the estimates
across methods. “Unweighted” refers to the estimates from the full sample of accepted and rejected authors.
“Weights: MLE” or “IPT” refers to the estimates after we weight each rejected author by p̂i

1−p̂i
(accpeted

authors are weighted by 1). The propensity score p̂i is estimated by maximum likelihood under “Weights:
MLE”, and by method of moments under “Weights: IPT” to achieve covariate balancing. “Matched” refers
to estimates among 1-1 matches between accepted and rejected authors. The methods are discussed in detail
in Section 4.1.2.
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FIGURE 4. Employment by Top Firms: Separate Estimates by Origin Outside the
Top
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industry at -1 academic at -1 student/postdoc at -1

Outcome: Employed by a Top Firm

Notes: This figure shows the difference-in-differences estimates of the impacts of an ICLR publication on
moving to top firms from different types of employers outside the top firms. Model (5) is estimated on
authors who are outside the top firms at -1, separately by whether the author was employed by nontop firms
in industry at -1 (red square), employed by academia (blue triangle), or were students or postdocs (green
circles). Rejected authors are reweighted by p̂i

1−p̂i
, where the propensity score p̂i is estimated by GMM (8)

to achieve covariate balancing. Standard errors are robust and clustered at the person level.
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FIGURE 5. ICLR Acceptance on Employment by Corporate Sponsosrs
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Outcome: Employed by an ICLR Sponsor

Notes: This figure shows the difference-in-differences estimates of the impacts of an ICLR publication
on employment by ICLR sponsors, corresponding to {γl} in model (5). The estimation sample comprises
ICLR-Revelio matched authors who submitted to an ICLR conference for the first time between 2017 and
2020, and who were not employed by top firms at -1, the year before their first ICLR conference (event).
Standard errors are robust and clustered at the person level. The outcome variable indicates whether the
worker is employed by a company that sponsors the ICLR conference in the event year. “Unweighted”
refers to the estimates from the full sample of accepted and rejected authors. “Weights: MLE” or “IPT”
refers to the estimates after we weight each rejected author by p̂i

1−p̂i
(accpeted authors are weighted by 1).

The propensity score p̂i is estimated by maximum likelihood under “Weights: MLE”, and by method of
moments under “Weights: IPT” to achieve covariate balancing. “Matched” refers to estimates among 1-1
matches between accepted and rejected authors. The methods are discussed in detail in Section 4.1.2.
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FIGURE 6. Employed by Conference Sponsors - Top versus Nontop Firms
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Notes: This figure shows the difference-in-differences estimates of the impacts of an ICLR publication on
employment by ICLR sponsors, by sponsors that are not top firms (nontop sponsors), and by top firms for
comparison. Corporate sponsors refer to firms that pay for advertising and recruitment at ICLR in the event
year (0 = each author’s first ICLR conference). The estimation sample comprises authors who are students
or postdocs at -1. Rejected authors are reweighted via inverse propensity titlting. Standard errors are robust
and clustered at the person level. The estimated impacts of ICLR acceptance on employment by sponsors
(green circles) are very close to the estimates for moving to top firms (orange diamonds), which are repeated
from Figure 4 for comparison. Top firms almost sponsor every year. The effects on moving to sponsors that
are not top firms (blue cross) are smaller in comparison.
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FIGURE 7. Gender Differences in Employment Outcomes Among Students and
Postdocs
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Notes: This figure shows the estimated impacts of an ICLR publication on employment at (a) top firms, and
(b) tenure-track/tenured positions, separately by gender of the authors. We estimate the dynamic difference-
in-differences model (5) separately for female and male authors who are students/postdocs at -1 (the year
prior to the event). Rejected authors are reweighted by p̂i

1−p̂i
, where the propensity score p̂i is estimated by

GMM (8) to achieve covariate balancing. Standard errors are robust and clustered at the person level.
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FIGURE 8. Quantity and Quality of Research - Movers to Top Firms vs. Tenure
Track

Panel A: Publication productivity

Panel B: Forward citations [t, t+3]

Notes: Both panels compare researchers whose first observed move is to a top technology firm against those
whose first observed move is to a tenure-track academic position. All difference-in-differences estimates
are from two-way fixed effects regressions including author and year fixed effects, with standard errors
clustered at the author level. The sample is restricted to authors observed in a balanced window of five years
before and after the career transition. Panel A — the left subfigure plots raw mean publication counts by
year relative to the event, for top-firm vs tenure-track movers. The right subfigure reports DiD estimates
for four publication outcomes: total publications, publications at AI conferences, top AI papers (a subset
restricted to top-tier AI venues), and non-AI papers (publications at other computer science conferences).
Panel B — the left subfigure reports DiD estimates for the extensive margin of forward citations, defined as
an indicator equal to one if a researcher’s papers published in a given year receive at least one citation within
three years. The right subfigure reports estimates for high-impact research, defined as an indicator equal to
one if forward citations fall in the top decile of the citation distribution, computed conditional on receiving
at least one citation.
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FIGURE 9. Number of publications by broad area, movers to top firms vs. tenure
track

Notes: The figure plots mean annual publication counts by year relative to the career transition event, separately for
researchers whose first observed move is to a top-six technology firm (solid lines, filled markers) and those whose first
observed move is to a tenure-track academic position (dashed lines, hollow markers). Each color corresponds to one of
four broad areas. AI frontier (blue circles) aggregates publications in artificial intelligence (AAAI, IJCAI), computer
vision (CVPR, ICCV, ECCV), natural language processing (ACL, EMNLP, NAACL), and web and information re-
trieval (SIGIR, WWW). Infrastructure (red diamonds) aggregates computer architecture (ISCA, MICRO, ASPLOS),
operating systems (OSDI, SOSP), high-performance computing (SC, HPDC), databases (SIGMOD, VLDB), com-
puter networks (SIGCOMM, NSDI), design automation (DAC, ICCAD), and measurement and performance analysis
(SIGMETRICS, IMC). Security, privacy and society (green triangles) aggregates computer security (CCS, IEEE S&P,
USENIX Security), economics and computation (EC, WINE), computational biology (ISMB, RECOMB), human-
computer interaction (CHI, UIST), and visualization (VIS, VR). Software and physical computing (orange squares)
aggregates software engineering (ICSE, FSE), programming languages (PLDI, POPL), robotics (ICRA, IROS), em-
bedded and real-time systems (EMSOFT, RTSS), mobile computing (MobiCom, MobiSys), and computer graphics
(SIGGRAPH). The sample is restricted to authors observed in a balanced window of five years before and after the
transition event. The dashed vertical line marks the transition year (t = 0).
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Tables

TABLE 1. First Job in the Year After a Person’s Highest Degree

Industry Academia

(1) (2) (3) (4) (5) (6) (7)
Industry Top Re-Scientist Engineer Academia Postdoc Tenure-Track

AI papers .001638 .005313 .007901 -.006523 -.0005383 .001164 -.0001045
(.0005854) (.0006793) (.0007935) (.0007865) (.0005795) (.0004056) (.0003302)

Other Papers -.001432 -.000968 -.002891 .0003503 .002499 .0009579 .002169
(.0004486) (.0003914) (.000406) (.000434) (.0004597) (.0003235) (.0003082)

N 148,080 148,080 148,080 148,080 148,080 148,080 148,080
Adj. R2 .0491 .0535 .02351 .04566 .0493 .02853 .05392
Mean of y .5435 .07686 .07703 .2703 .3435 .1123 .07862
AI Papers|y=1 .5316 1.128 1.159 .3668 .4793 .6172 .5264
Other Papers .9464 1.456 1.166 .8694 .9164 1.076 1.127

Notes: This table shows the OLS estimates of regression (1) of the initial job placement on publications
before graduation, for 148,080 authors in the Scopus-Revelio matched sample — who have published a CS
paper according to Scopus database, and have matched to a Revelio individual profile with self-reported
education and job history. The sample is restricted to authors who report at least a college degree. Each
person’s first job is characterized based on her primary employer in the year after obtaining her highest
degree. The first four columns are outcomes related to employment in industry, whereas the next three
columns are related to employment in academia.

TABLE 2. Job Mobility After Graduation (Year-to-Year Transitions between Em-
ployers)

At Nontop Firms At Top Firms In Academia

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Industry Top Academia Industry Top Academia Industry Top Academia

Any AI Paper -.02011 .01534 .005264 -.003424 .000722 .003424 .003937 .007566 -.008393
(.001341) (.0009414) (.0008524) (.001373) (.002473) (.0009959) (.001213) (.0005738) (.001684)

Any Other Paper -.007237 .002425 .002431 -.005195 -.004703 .005306 .006731 .001513 -.01021
(.001025) (.0006295) (.0006874) (.00141) (.002597) (.001093) (.001014) (.0003839) (.001384)

N 651,567 651,567 651,567 108,822 108,822 108,822 469,132 469,132 469,132
Adj. R2 .04756 .01143 .02758 .01844 .01361 .0335 .05582 .009738 .3093
Mean .9567 .01478 .01731 .9856 .9366 .005587 .05902 .006422 .8005

Notes: This table shows the OLS estimates of regression (2) of job mobility on indicators for publications,
for authors in the Scopus-Revelio matched sample (same restrictions as noted under Table 1). The estimation
sample is at person×year level, including for each person the years between graduation from her highest
degree and 2023. There are three outcomes that represent the employer in the next year (denoted by j(i, t +
1)): (1) whether next year the person is employed in industry, (2) whether she is employed by top firms,
and (3) whether she is employed by academia as opposed to industry. We estimated separate regressions
for those who are currently employed by nontop firms (denoted by j(i, t) ∈ Nontop), by top firms, or by
academia. Standard errors are robust.
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TABLE 3. Balance Table: Accepted vs. Rejected Authors in the Original Sample
and in the Reweighted Sample (IPT)

Original Sample Reweighted Sample (IPT)

Variable Accepted Rejected Diff. Rejected Diff.
Mode of Referee Rating 6.306 3.997 2.309*** 6.306 0.000

(1.207) (1.423) (0.020) (0.786) (0.085)
Min Rating 5.463 3.273 2.190*** 5.463 0.000

(1.242) (1.237) (0.020) (0.935) (0.053)
Mean Rating 6.539 4.433 2.105*** 6.159 0.380***

(0.726) (1.089) (0.014) (0.602) (0.065)
Num. Authors 5.158 4.686 0.472*** 5.158 -0.000

(2.409) (2.077) (0.037) (2.378) (0.131)
Age 30.571 30.924 -0.353*** 30.571 -0.000

(5.426) (5.603) (0.088) (5.197) (0.367)
Female 0.244 0.255 -0.011* 0.244 -0.000

(0.430) (0.436) (0.007) (0.430) (0.023)
Foreign 0.490 0.550 -0.060*** 0.490 0.000

(0.500) (0.498) (0.008) (0.500) (0.035)
White 0.375 0.349 0.026*** 0.375 0.000

(0.484) (0.477) (0.008) (0.484) (0.032)
Asian 0.580 0.602 -0.022*** 0.580 0.000

(0.494) (0.490) (0.008) (0.494) (0.033)
Minority (Not White/Asian) 0.045 0.050 -0.004 0.045 -0.000

(0.208) (0.217) (0.003) (0.208) (0.009)
Any PhD 0.482 0.458 0.024*** 0.482 0.000

(0.500) (0.498) (0.008) (0.500) (0.035)
Any Master 0.630 0.620 0.010 0.630 0.000

(0.483) (0.485) (0.008) (0.483) (0.029)
Employed by Industry at -1 0.217 0.233 -0.016** 0.217 -0.000

(0.412) (0.423) (0.007) (0.412) (0.025)
Employed by Top at -1 0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Employed by Academia at -1 0.184 0.205 -0.021*** 0.184 -0.000

(0.388) (0.404) (0.006) (0.388) (0.025)
Student/Postdoc at -1 0.490 0.446 0.044*** 0.490 0.000

(0.500) (0.497) (0.008) (0.500) (0.035)
Observations 5,826 11,963 17,789 11,963 17,789

Notes: This table displays average paper and author characteristics for rejected versus accepted authors in
both the full sample (Columns 1-2) and the reweighted sample (Columns 4-5). In the original or unweighted
sample, there are 5,826 accepted authors and 11,963 rejected authors who are not employed by top firms in
the year prior to submitting to an ICLR conference for the first time. In the reweighted sample, accepted
authors are weighted by 1, while rejected authors are weighted by ω IPT

i = p̂i
1−p̂i

. The propensity score
p̂i of acceptance based on observable characteristics are estimated by solving the moment equations (8).
As shown in column 5 - the weighted average among rejected authors equal the average among accepted
authors, except for the variable: mean rating, which is not included in the estimation of propensity scores.
Standard errors for the differences between accepted and rejected authors are shown in parentheses.
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TABLE 4. Diff-in-diff estimates for Employment by Top Firms

Employed by a Top Firm

(1) Pooled (2) From Industry (3) From Academia (4) From Student/Postdoc
Post event=1 0.0455 0.0396 0.0116 0.0646

(0.0049) (0.0112) (0.0048) (0.0074)
Post event=1 × Accepted 0.0244 0.0079 0.0126 0.0307

(0.0071) (0.0146) (0.0075) (0.0107)
Constant 0.0165 0.0225 0.0032 0.0195

(0.0015) (0.0033) (0.0017) (0.0023)
Observations 50994.0000 11439.0000 11817.0000 27738.0000
Adj. R2 0.2175 0.2192 0.1941 0.2353

Notes: This table shows the estimates of difference-in-differences regression (4) in the original sample
without reweighting. We focus on events ≤ 2020 so the panel at person-year level is balanced during the
event window [-5,3] years relative to the first ICLR conference of an author. The sample is limited to authors
who are not employed by a top firm in the year prior to the event. Column (1) pools everyone in this sample,
whereas columns (2)-(4) estimate the regression (4) separately by the type of origin — employer of an author
in the year before the ICLR conference. Standard errors are robust and clustered at the author level.

TABLE 5. Diff-in-diff estimates for Employment by Top Firms (Reweighted)

Employed by a Top Firm

(1) Pooled (2) From Industry (3) From Academia (4) From Student/Postdoc
Post event=1 0.0353 -0.0246 0.0119 0.0597

(0.0146) (0.0248) (0.0050) (0.0252)
Post event=1 × Accepted 0.0439 0.0417 0.0170 0.0573

(0.0145) (0.0293) (0.0095) (0.0231)
Constant 0.0147 0.0430 0.0043 0.0101

(0.0036) (0.0074) (0.0022) (0.0059)
Observations 50994.0000 11439.0000 11817.0000 27738.0000
Adj. R2 0.2137 0.2367 0.1781 0.2283

Notes: This table shows the estimates of difference-in-differences regression (4) in the reweighted sam-
ple where accepted authors are weighted by 1, while rejected authors are weighted by ω IPT

i = p̂i
1−p̂i

. The
propensity score p̂i of acceptance based on observable characteristics are estimated by solving the moment
equations (8). We focus on events ≤ 2020 so the panel at person-year level is balanced during the event
window [-5,3] years relative to the first ICLR conference of an author. Column (1) include every author who
is not employed by a top firm at -1, whereas columns (2)-(4) estimate the regression (4) separately by the
type of origin — employer of an author in the year before the ICLR conference. Standard errors are robust
and clustered at the author level.
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A Appendix

A.1 A1. Matching Procedure

We match each author on an accepted paper with a comparable author on a rejected paper. Our
matching procedure is a combination of coarsened exact matching (Iacus et al. 2012; Sarsons 2022,
Jäger and Heining (2022)) and blocking on the propensity score (Rosenbaum and Rubin 1983).

To have a well-defined event at the person level, we focus on the first ICLR submission of
each author, and refer to the calendar year of the corresponding ICLR conference as the event year
henceforth.23 We match authors based on the quality of their submissions, the propensity score of
acceptance conditional on observable characteristics, and their original jobs in the two years before
their first submissions.24 Specifically, we consider three types of “jobs”: employed by industry,
employed by academia, or still in school.

First, we group the authors based on (1) the year of the ICLR conference, (2) terciles of the
mean rating, the minimum rating, and the predicted probability of acceptance on their submissions,
and (3) the type of job in the year prior to submission. There are 290 mutually exclusive groups
that have at least one accepted author and at least one rejected author.

Within each of these 290 groups, for every accepted author, we sort the potential matches
(rejected authors) by (1) whether both are at nontop firms or both at top firms one year before the
event year, (2) whether both are in academia or both in industry two years before the event year,
(3) whether both are at nontop firms or both at top firms two years before the event year, and (4)
the difference in the propensity score of being an accepted author. We fit a logistic regression of
acceptance on an author’s demographics, job characteristics, and publication history before their
first submission to ICLR, and use the fitted probability as the person’s propensity score of success.
(4) — the difference in p-score between each pair, as a continuous measure, helps break ties if
there are multiple rejected authors from the same type of employers in the two years before their
first submissions. The matching variables are summarized in Appendix Table A.4.

We then select the highest-ranked rejected author as the best matched unit to each accepted
author. If we allow a rejected author to be matched with multiple accepted authors, we could
match 4,424 accepted authors to 942 rejected authors. If we draw without replacement (consistent

23ICLR conferences are typically held in April or May. The submission deadline is often in Q4 (Oct/Nov) of the
previous year.

24FTo measure the quality of papers, we use both the numeric ratings and the content of the referee comments. We
converted the text of each referee report to a numeric 1536-by-1 vector (embeddings), using large language models
developed by OpenAI. We then estimated a Lasso-logit model of whether the paper is accepted by the editor on
embeddings, and obtained the average predicted probability of acceptance across referee comments on each paper. On
average the rejected submissions have a predicted probability of acceptance around 0.15, while accepted submissions
have a predicted probability around 0.68.
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with Jäger and Heining 2022 and Sarsons 2022), we could match 1,263 accepted authors to 1,263
rejected authors. Despite the fact we have to drop 70% of the accepted authors to establish a 1-1
match without replacement, the main event study result is very close to what we have seen in the
full sample or the reweighted sample (see Figure 3).

The gap in the mean rating of papers between accepted and rejected authors shrinks from
2.085 in the full sample to 0.377 in the matched sample (comparing Table A.3 with Table A.4).
The mean rating received by matched rejected authors is 6.089, above the margin of acceptance. In
addition, the gap in the probability of acceptance based on the text of referee reports also shrinks
from 0.517 to 0.146. Although the difference in the matched sample remains statistically signifi-
cant, the rejected authors on average have a 0.503 predicted probability of acceptance, representing
a control group that is much more similar to accepted papers than the vast majority of rejected
manuscripts. With an average predicted score around 0.5, whether a paper is accepted by an editor
is as good as random — anecdotally, computer scientists often complain about the arbitrariness of
editors.
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A2. Appendix Figures

FIGURE A.1. Trend in Industry Involvement in CS Research
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Note: This figure shows the trend in the share of conference proceedings with at least one author from
industry (left y-axis), and the share with at least one author from top tech firms (right y-axis). We use
records of CS conference proceedings on Scopus (see Section 2).
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FIGURE A.2. Trend in CS/EE/Econ PhD Graduates in the U.S.
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Note: This figure comes from Wu (2025). The PhD cohort size is measured based on the Survey of Earned
Doctorates by the National Science Foundation.

FIGURE A.3. Trend in AI Research by Keyword
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Note: This figure shows the count of top 5 AI keywords plus “transfomers” and “large language models”
(“LLM”) that show up in the titles or abstracts of publications at 24 AI conferences by year of publication.
“LLM” did not show up until 2022. Most AI publications in our sample period concern machine learning,
neural networks, and applications in computer vision or natural language processing.
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FIGURE A.4. Share of early career CS researchers in non-top firms vs non-tenure-
track academic positions over time

(a) All Graduates

(b) PhD Graduates

Note: This figure replicates Figure 1 (c) and (d), but instead depicting the share of graduates in non-top
firms vs. non-tenure-track academia positions three years after graduation.
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FIGURE A.5. Share of early career CS researchers in top firms vs tenure-track
positions over time: heterogeneity by alternative measures of research potential

(a) Top graduate defined as any pre-PhD AI publication

(b) Top graduate defined as top quartile in pre-PhD AI publications

Notes: This figure replicates Figure 2 to show the share of PhD graduates entering top firms (left) vs.
academia (right), separately by whether they have any publication before graduation (panel (a)) or by
whether they are in the top quartile of number of AI publications in their graduation cohort (panel (b)).
Pre-PhD publications refer to publications that occur leading up to, or in the year of, graduation.
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FIGURE A.6. Job Postings for Research Scientists

(a) Amazon Science (b) Google Research

Notes: This figure shows recent postings of research scientist jobs at Amazon and Google. Both

ads explicitly indicate a graduate degree in computer science as a basic qualification for this type

of jobs, and list “publication records” as preferred qualifications.
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FIGURE A.7. First Job in the Year After a Person’s Highest Degree
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Notes: The top panel of this figure show the OLS estimates of regression (1) of a person’s initial job place-
ment on publications before graduation, separately by the level of highest degree. There are two initial
placement outcomes: (a) first job at top firms, and (b) first job on the tenure track. Table 1 shows the esti-
mates for these outcomes in the pooled sample (college or master or PhD) in columns 2 and 7, respectively.
The bottom panel shows the estimates of regression (2) of (post-graduation) job mobility on indicators for
publications at person×year level, separately by the level of highest degree. (c) corresponds to the outcome
of moving from other firms in the industry (“nontop”) to top firms, and (d) shows the estimates for moving
from academia to top firms. Table 2 shows the estimates for these outcomes in the pooled sample (college
or master or PhD) in columns 2 and 8, respectively. Standard errors are robust.
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FIGURE A.8. Event study around a person’s first AI publication

(a) All AI Authors

(b) Authors outside top firms at -1

Notes: This figure presents estimates of the event study regression (3) for two outcomes around the event
defined as a person’s first AI publication post graduation from her highest degree. The red markers represent
results where the outcome is employment in a tenure-track position, while the blue markers correspond to
employment in a top firm. Panel (a) reports results for the full sample, and Panel (b) restricts to AI authors
not employed at a top firm in the year prior to the event. All regressions include person and year fixed effects.
Standard errors are robust and clustered at the person level. Data are from the Scopus-Revelio person-year
panel.
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FIGURE A.9. Referee Ratings and Acceptance by ICLR

Notes: This figure shows the distribution of the average referee ratings received by ICLR submissions, and
how the average rating relates to the likelihood of acceptance. Each paper is evaluated by 3–4 referees, who
provide an overall assessment on a numeric scale. The scale was changed in 2020, but a score of 6 has
consistently represented the “Marginally Accept”. The left panel shows the distribution of average ratings
per paper, while the right panel plots the relationship between the average rating and the probability of
acceptance. Papers with an average rating below 5 are unlikely to be accepted, whereas most papers with an
average above 7 are accepted.
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FIGURE A.10. Parallel Trends in Employment by Top Firms
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Notes: This figure shows the share of authors employed by top firms by the number of years relative to each
person’s ICLR event (first ICLR conference). The sample is restricted to authors who are not working at top
firms one year before the ICLR conference. We show the trends in three groups: (1) accepted authors, (2)
rejected authors (unweighted), and (3) rejected authors reweighted by p̂i/(1− p̂i). The propensity score in
(3) is estimated by solving the moment equations (8) to achieve covariate balancing. Accepted authors are
weighted by 1 in the IPT-reweighted sample. See Section 4.1.2 for details.
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FIGURE A.11. Employment by Top Firms among Authors from Other Places
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Notes: This figure shows the estimated impacts of an ICLR publication on moving to top firms from different
types of employers outside the top firms, which are represented by the coefficients {γl} in the dynamic
difference-in-differences model (5). The model is estimated on authors who are outside the top firms at
-1, separately by whether the author was employed by nontop firms in industry at -1 (red), employed by
academia (blue), or were students or postdocs (green). In contrast with Figure 4, the estimation sample is
unweighted. Standard errors are robust and clustered at the author level.

FIGURE A.12. Mobility outcome: Top | j(i,−1) /∈ Top (Matched Sample)
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industry t-1: 92 treated authors, 92 control authors.
academic t-1: 116 treated authors, 116 control authors.
student/postdoc t-1: 274 treated authors, 274 control authors.

Outcome: Employed by a Top Firm

Notes: This figure shows the estimated impacts of an ICLR publication on moving to top firms from different
types of employers outside the top firms, which are represented by the coefficients {γl} in the dynamic
difference-in-differences model (5). The model is estimated on authors in the matched sample who are
outside the top firms at -1, separately by whether the author was employed by nontop firms in industry at -1
(red), employed by academia (blue), or were students or postdocs (green). The control/rejected authors in
the matched sample are drawn without replacement. Standard errors are robust and clustered at the author
level.
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FIGURE A.13. Reporting of Any Full-time Job (with covariate balancing)

(a) Pooled

-.2

-.1

0

.1

.2

.3

-5 -4 -3 -2 -1 0 1 2 3
Years since ICLR Conference

industry at -1 academic at -1 student/postdoc at -1

Outcome: Report a Full-time Job

(b) By Origin at -1

-.1

-.05

0

.05

.1

.15

-5 -4 -3 -2 -1 0 1 2 3
Years since ICLR Conference

Unweighted Weights: MLE Weights: IPT (Covariate Balancing) Matched
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Notes: This figure shows the estimated impacts of an ICLR publication on reporting any full-time job on
LinkedIn (person×year level), which are represented by the coefficients {γl} in the dynamic difference-in-
differences model (5). The estimation sample comprises authors who are not employed by top firms at -1,
consistent with the sample restriction in Figures 3-4. Rejected authors are reweighted by p̂i

1−p̂i
, where the

propensity score p̂i is estimated by GMM (8) to achieve covariate balancing. Panel (a) shows the separate
estimates based on the type of employers at -1: nontop firms in industry at -1 (red), employed by academia
(blue), or were students or postdocs (green). Panel (b) shows the estimates by reweighting or matching
method (see notes under Figure 3). Standard errors are robust and clustered at the author level.
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FIGURE A.14. ICLR Sponsors by Conference Year
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FIGURE A.15. Employed by ICLR Sponsors that are not Top Firms
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FIGURE A.16. Employed by Conference Sponsors: Separate Estimates by Origin
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Notes: This figure shows the estimated impacts of an ICLR publication on being employed by an ICLR
sponsor, separately by origin. The model is estimated on authors who are outside the top firms at -1, sepa-
rately by whether the author was employed by nontop firms in industry at -1 (red), employed by academia
(blue), or were students or postdocs (green). Rejected authors are reweighted by p̂i

1−p̂i
, where the propensity

score p̂i is estimated by GMM (8) to achieve covariate balancing. Standard errors are robust and clustered
at the author level.

55



FIGURE A.17. Employed by ICLR Sponsors at -1/0/1 rel. to Event Year
(Weighted)
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FIGURE A.18. Gender Differences in Employment Outcomes among Stu-
dents/Postdocs (Unweighted)
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Notes: This figure shows the estimated impacts of an ICLR publication on employment at (a) top firms, and
(b) tenure-track/tenured positions, separately by gender of the authors. We estimate the dynamic difference-
in-differences model (5) separately for female and male authors who are students/postdocs at -1 (the year
prior to the event). In contrast with Figure 7, the estimation sample is not weighted. Standard errors are
robust and clustered at the author level.
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FIGURE A.19. Direction of Research - Detailed Areas

Notes: The figure reports difference-in-differences estimates of the effect of moving to a top tech firm on annual pub-
lication counts across computer science subareas, relative to researchers moving to tenure-track academic positions.
Coefficients are from a two-way fixed effects regression including author and year fixed effects; standard errors are
clustered at the author level. The omitted category is the year prior to the transition (t = −1), shown as an open
marker at zero. The dashed vertical line marks the transition year. The sample is restricted to authors observed in a
balanced window of five years before and after the career transition. Results are organized into four panels. Panel A
(AI frontier) disaggregates publications into four AI subareas: artificial intelligence (AAAI, IJCAI), computer vision
(CVPR, ICCV, ECCV), natural language processing (ACL, EMNLP, NAACL), and web and information retrieval
(SIGIR, WWW). Panel B (Infrastructure behind AI) reports results for four infrastructure subgroups: core systems,
combining operating systems (OSDI, SOSP), computer architecture (ISCA, MICRO), and high-performance comput-
ing (SC, HPDC); databases (SIGMOD, VLDB, ICDE); networks (SIGCOMM, NSDI); and design and measurement,
combining design automation (DAC, ICCAD) and performance analysis (SIGMETRICS, IMC). Panel C (Security,
privacy and society) covers security (CCS, IEEE S&P, USENIX Security), economics and computation (EC, WINE),
computational biology (ISMB, RECOMB), and HCI and visualization, combining human-computer interaction (CHI,
UIST) and visualization (VIS, VR). Panel D (Software and physical computing) covers software engineering (ICSE,
FSE), programming languages (PLDI, POPL), robotics (ICRA, IROS), and a combined category of mobile computing
(MobiCom, MobiSys), embedded systems (EMSOFT, RTSS), and computer graphics (SIGGRAPH).
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A3. Appendix Tables

TABLE A.1. First Job the Year After PhD

Industry Academia

(1) (2) (3) (4) (5) (6) (7)
Industry Top Re-Scientist Engineer Academia Postdoc Tenure-Track

AI papers .003514 .006803 .01038 -.007327 -.002858 -.0004205 -.0008396
(.0007037) (.0009546) (.001125) (.0008984) (.0006762) (.0004957) (.0004518)

Other Papers -.001238 -.001841 -.005178 .00382 .001787 -.0009024 .001945
(.0005495) (.0005118) (.0005978) (.0005072) (.0005484) (.0004522) (.0004122)

female -.08686 -.008415 -.00808 -.06833 .05895 .01367 .02279
(.004993) (.002558) (.003109) (.003668) (.005119) (.004202) (.00349)

asian .07394 .04715 .02582 .04231 -.07737 -.03455 -.02118
(.007236) (.003851) (.004646) (.005707) (.007363) (.005982) (.005097)

white .03923 .008931 .001407 .01206 -.03616 -.01287 -.009764
(.006795) (.003305) (.004193) (.005238) (.006956) (.005724) (.004803)

Constant .4194 .05281 .0949 .1813 .4964 .2176 .1375
(.006435) (.003163) (.003998) (.004991) (.006578) (.005415) (.004536)

N 81,225 81,225 81,225 81,225 81,225 81,225 81,225
Adj. R2 .06471 .05337 .03759 .03466 .0514 .03646 .09152
Mean of y .4454 .07596 .1043 .1845 .4639 .1998 .1322
AI Papers|y=1 .8048 1.624 1.431 .5462 .5698 .6183 .5544
Other Papers 1.327 1.935 1.395 1.401 1.082 1.079 1.178

Notes: This table shows the OLS estimates of regression (1) of the initial job placement on publications
before graduation, for 81,225 PhD authors in the Scopus-Revelio matched sample — who have published a
CS paper according to Scopus database, and have matched to a Revelio individual profile with self-reported
education and job history. The sample is restricted to authors who report a PhD degree. Each person’s first
job is characterized based on her primary employer in the year after obtaining her highest degree. The first
four columns are outcomes related to employment in industry, whereas the next three columns are related to
employment in academia.
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TABLE A.2. Job Mobility After PhD (Year-to-Year Transitions between Employ-
ers)

At Nontop Firms At Top Firms In Academia

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Industry Top Academia Industry Top Academia Industry Top Academia

Any AI Paper -.01535 .01571 .009634 -.004354 .001241 .004956 .003816 .005431 -.003643
(.001812) (.001338) (.001472) (.001804) (.003085) (.001513) (.001271) (.0005714) (.001739)

Any Other Paper -.008466 .003801 .005805 -.007559 -.008193 .00761 .002699 .001435 -.004688
(.001483) (.0009481) (.001228) (.001916) (.003294) (.001673) (.001046) (.0003993) (.001435)

exp1 .1362 -.02243 -.1125 .01181 -.04857 -.02447 -.1419 -.02472 .03495
(.006847) (.003682) (.005703) (.009673) (.01677) (.008121) (.006291) (.002206) (.0085)

exp2 -.1265 .01294 .09872 -.006476 .05943 .0208 .1023 .0187 -.001895
(.007301) (.003995) (.005921) (.01062) (.01876) (.008362) (.006503) (.002235) (.009174)

exp3 .03572 -.003155 -.02663 .0008856 -.01717 -.005826 -.02509 -.004635 .0003702
(.002377) (.001294) (.001869) (.003646) (.006414) (.00268) (.002019) (.0006814) (.002956)

female -.009857 -.002045 .00944 .001438 .008494 -.001931 -.01013 -.002209 .01875
(.001728) (.000936) (.001309) (.002447) (.004214) (.001863) (.001447) (.000496) (.002114)

asian .01306 .004462 -.003276 .008481 .00707 -.005645 .002442 .0007162 .01228
(.00195) (.001179) (.001502) (.002824) (.005048) (.002225) (.001767) (.0006135) (.002501)

white .006727 -.001346 -.004055 .005278 .005581 -.005461 .003446 .0006162 -.006047
(.00172) (.0009819) (.001358) (.002761) (.004814) (.00224) (.001495) (.0004876) (.002113)

MI_pos .03488 -.01019 -.02455 -.09279 -.03784 -.005685 -.05851 -.01596 .2944
(.008802) (.0035) (.008937) (.09731) (.09918) (.001636) (.02991) (.001792) (.04281)

Re-Scientist .02057 .004871 -.009188 .008411 .009634 -.006276 -.004328 -.001381 .2241
(.001057) (.0007166) (.000869) (.001811) (.003377) (.001482) (.002969) (.000996) (.003543)

Engineer .02766 .005303 -.01693 .01239 .02045 -.01041 .02331 -.002521 .1841
(.0008266) (.0005242) (.0006526) (.001496) (.002832) (.001185) (.004313) (.001133) (.004938)

Manager .02002 -.000658 -.01092 .005719 .001604 -.004766 -.009563 -.003145 .2059
(.0008725) (.0005923) (.0007052) (.00122) (.002881) (.0008291) (.004384) (.001119) (.00528)

Postdoc -.107 .008111 .05895 -.1054 -.1232 .1015 .008978 .001305 .1739
(.005094) (.002116) (.004136) (.01112) (.01322) (.01067) (.001813) (.0006568) (.002417)

Inverse Mills -.08335 .03434 -.07037 -.06354 -.09299 .009055 -.02651 .007041 -.4198
(.02571) (.01417) (.01837) (.03573) (.05716) (.0284) (.02302) (.008197) (.03272)

Junior Faculty -.07268 -.008893 .3203
(.001118) (.0003889) (.001813)

Assoc. Prof -.06393 -.0066 .3138
(.00103) (.0003223) (.001816)

Full Faculty -.06287 -.006615 .3117
(.001083) (.0003309) (.001868)

Constant .9158 .01439 .07335 .9767 .9405 .02443 .1307 .01467 .6872
(.004719) (.002559) (.003639) (.007066) (.01172) (.005824) (.004306) (.001513) (.005985)

N 302,994 302,994 302,994 59,599 59,599 59,599 366,181 366,181 366,181
Adj. R2 .04672 .008104 .03283 .02645 .01417 .03772 .05506 .006569 .2017
Mean .9565 .01519 .0271 .9847 .9395 .009161 .05036 .005336 .865

Notes: This table shows the OLS estimates of regression (2) of job mobility on indicators for publications,
for authors in the Scopus-Revelio matched sample. The estimation sample is restricted to authors who report
a PhD degree. See notes under Table 2 for details on the outcomes.
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TABLE A.3. Characteristics of Accepted versus Rejected Authors (Unweighted
vs. IPW - likelihood)

Original Sample Weighted (IPW-Likelihood)

Variable Accepted Rejected Diff. Rejected Diff.
Mode of Referee Rating 6.313 4.007 2.305*** 5.871 0.441***

(1.211) (1.425) (0.019) (0.934) (0.036)
Min Rating 5.495 3.293 2.202*** 5.116 0.379***

(1.238) (1.242) (0.018) (1.068) (0.039)
Mean Rating 6.556 4.452 2.104*** 5.841 0.715***

(0.728) (1.088) (0.013) (0.716) (0.028)
Num. Authors 5.395 4.756 0.639*** 5.324 0.072

(2.665) (2.123) (0.037) (2.455) (0.077)
Age 30.846 31.066 -0.220*** 30.995 -0.149

(5.331) (5.557) (0.080) (5.593) (0.209)
Female 0.233 0.250 -0.016*** 0.217 0.016

(0.423) (0.433) (0.006) (0.413) (0.013)
Foreign 0.465 0.527 -0.063*** 0.479 -0.014

(0.499) (0.499) (0.007) (0.500) (0.017)
White 0.388 0.353 0.035*** 0.399 -0.011

(0.487) (0.478) (0.007) (0.490) (0.017)
Asian 0.566 0.597 -0.032*** 0.564 0.002

(0.496) (0.490) (0.007) (0.496) (0.017)
Minority (Not White/Asian) 0.046 0.050 -0.003 0.038 0.009*

(0.210) (0.217) (0.003) (0.190) (0.005)
Any PhD 0.479 0.460 0.019** 0.494 -0.016

(0.500) (0.498) (0.007) (0.500) (0.017)
Any Master 0.632 0.623 0.009 0.650 -0.018

(0.482) (0.485) (0.007) (0.477) (0.015)
Employed by Industry at -1 0.322 0.295 0.028*** 0.327 -0.005

(0.467) (0.456) (0.007) (0.469) (0.016)
Employed by Top at -1 0.137 0.082 0.055*** 0.148 -0.010

(0.344) (0.275) (0.005) (0.355) (0.014)
Employed by Academia at -1 0.156 0.186 -0.030*** 0.147 0.009

(0.363) (0.389) (0.006) (0.354) (0.010)
Student/Postdoc at -1 0.427 0.414 0.013* 0.446 -0.019

(0.495) (0.493) (0.007) (0.497) (0.017)
Observations 6,879 13,234 20,113 13,234 20,113

Notes: This table displays average paper and author characteristics of accepted versus rejected authors in the
original (unweighted) sample in columns 1-3, and the reweighted sample using inverse propensity weighting
in columns 4-5. The propensity score is estimated by maximum likelihood. The sample includes every
author who submitted to ICLR conferences for the first time between 2017 and 2020. 13.7% of accepted
authors and 8.2% of rejected authors were employed by top firms at -1, the year prior to their first ICLR
conferences. Given that the main outcome of interest is moving to top firms from other places, authors
employed by top at -1 are dropped from the estimation sample for the difference-in-differences models (4)
and (5). We also compare accepted and rejected authors in Table 3 conditional on authors not employed by
top firms at -1, and we estimated the covariate-balancing IPT weights under that restriction.
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TABLE A.4. Characteristics of Accepted versus Rejected Authors (Matched Sam-
ples)

Matched Sample (w replacement) Matched Sample (w/o replacement)

Variable Accepted Rejected Diff. Accepted Rejected Diff.
Min Rating 5.429 5.302 0.127*** 4.390 4.378 0.011

(1.270) (1.063) (0.025) (1.259) (1.194) (0.049)
Mean Rating 6.469 6.099 0.370*** 5.857 5.576 0.280***

(0.726) (0.589) (0.014) (0.672) (0.725) (0.028)
Predicted Prob. Accepted (Text) 0.650 0.502 0.148*** 0.487 0.395 0.091***

(0.282) (0.220) (0.005) (0.301) (0.246) (0.011)
Num. Authors 5.273 5.104 0.169*** 5.029 4.859 0.169*

(2.560) (2.806) (0.057) (2.351) (2.261) (0.092)
Age 30.577 31.249 -0.673*** 30.778 31.059 -0.282

(5.152) (5.758) (0.116) (5.196) (5.709) (0.217)
Female 0.230 0.252 -0.022** 0.226 0.221 0.006

(0.421) (0.434) (0.009) (0.419) (0.415) (0.017)
Foreign 0.451 0.496 -0.045*** 0.482 0.487 -0.005

(0.498) (0.500) (0.011) (0.500) (0.500) (0.020)
White 0.396 0.419 -0.022** 0.390 0.416 -0.027

(0.489) (0.493) (0.010) (0.488) (0.493) (0.020)
Asian 0.557 0.548 0.009 0.565 0.523 0.042**

(0.497) (0.498) (0.011) (0.496) (0.500) (0.020)
Minority 0.046 0.033 0.013*** 0.045 0.060 -0.015*

(0.210) (0.178) (0.004) (0.208) (0.238) (0.009)
Employed by Industry at -1 0.308 0.308 -0.000 0.287 0.287 0.000

(0.462) (0.462) (0.010) (0.453) (0.453) (0.018)
Employed by Top at -1 0.127 0.092 0.034*** 0.092 0.101 -0.010

(0.333) (0.289) (0.007) (0.289) (0.302) (0.012)
Employed by Academia at -1 0.147 0.147 0.000 0.170 0.170 -0.000

(0.355) (0.355) (0.008) (0.376) (0.376) (0.015)
Student/Postdoc at -1 0.476 0.476 -0.000 0.466 0.466 -0.000

(0.499) (0.499) (0.011) (0.499) (0.499) (0.020)
Observations 4,424 4,424 8,848 1,263 1,263 2,526

Notes: This table displays average paper and author characteristics for accepted versus in the matched
sample. The first three columns summarize the matched sample in which control (rejected) authors are drawn
with replacement, whereas the next three columns summarized the matched sample in which control authors
are drawn without replacement. Columns 3 and 6 display the difference in means with the corresponding
standard error in parentheses. Mean and min rating refer to the set of ratings given by referee reports for
the author’s paper constituting the event. Predicted probability of acceptance is a score based on a Lasso-
logit model leveraging embeddings based on text of referee reports, as described in A.1. Drawing without
replacement reduces the number of matched accepted authors from 4,424 to 1,263, but the covariates are
more balanced.
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TABLE A.5. Publications

Publication volume Non-AI breakdown

(1) (2) (3) (4) (5) (6)
All AI Non-AI Society Infrastructure Software

Year 0 × Top firm -0.044∗∗∗ -0.010 -0.035∗∗∗ -0.006 -0.011∗ -0.015∗∗∗

(0.012) (0.007) (0.009) (0.004) (0.006) (0.006)

Year +1 × Top firm -0.167∗∗∗ -0.065∗∗∗ -0.102∗∗∗ -0.016∗∗∗ -0.039∗∗∗ -0.041∗∗∗

(0.013) (0.008) (0.009) (0.004) (0.006) (0.006)

Year +2 × Top firm -0.232∗∗∗ -0.080∗∗∗ -0.152∗∗∗ -0.024∗∗∗ -0.052∗∗∗ -0.070∗∗∗

(0.014) (0.010) (0.010) (0.004) (0.006) (0.006)

Year +3 × Top firm -0.259∗∗∗ -0.085∗∗∗ -0.174∗∗∗ -0.031∗∗∗ -0.068∗∗∗ -0.070∗∗∗

(0.016) (0.011) (0.011) (0.004) (0.007) (0.007)

Year +4 × Top firm -0.273∗∗∗ -0.092∗∗∗ -0.181∗∗∗ -0.038∗∗∗ -0.064∗∗∗ -0.072∗∗∗

(0.018) (0.013) (0.011) (0.004) (0.007) (0.007)

Year +5 × Top firm -0.282∗∗∗ -0.099∗∗∗ -0.183∗∗∗ -0.037∗∗∗ -0.069∗∗∗ -0.076∗∗∗

(0.019) (0.014) (0.012) (0.005) (0.007) (0.007)

Pre-move mean (=-1, treated) 0.495 0.214 0.280 0.042 0.124 0.099
Effect at year +5 (%) -57.0 -46.0 -65.5 -86.5 -55.7 -76.8
Author FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 333,168 333,168 333,168 333,168 333,168 333,168

Notes: This table reports difference-in-differences estimates of the effect of moving to a top technology firm on annual
publication counts, relative to researchers moving to tenure-track academic positions. Each column corresponds to a
separate regression of the form yit = β0+∑ℓ̸=−1 βℓD

(ℓ)
it ×Treatedi+δt +αi+εit , where Treatedi equals one for top-firm

movers and zero for tenure-track movers, and D(ℓ)
it are event-time dummies relative to the career transition. The omitted

category is t = −1. All regressions include author and year fixed effects. Standard errors are clustered at the author
level and reported in parentheses. The sample is restricted to authors observed in a balanced window of five years
before and after the career transition. Society aggregates cybersecurity, economics and computation, computational
biology, HCI, and visualization. Infrastructure aggregates computer architecture, operating systems, high-performance
computing, databases, networks, design automation, and measurement. Software aggregates software engineering,
programming languages, robotics, embedded systems, mobile computing, and computer graphics. Pre-move mean is
computed at event time t =−1 for top-firm movers. Effect at year +5 (%) is the coefficient at t =+5 divided by the
pre-move mean, expressed as a percentage. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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TABLE A.6. Citations

Extensive margin (any citation) High-impact (top decile)

(1) (2) (3) (4) (5) (6)
All AI Non-AI All AI Non-AI

Year 0 × Top firm -0.020∗∗∗ -0.005 -0.017∗∗∗ 0.005∗∗∗ 0.003∗∗ -0.001
(0.006) (0.004) (0.005) (0.002) (0.001) (0.002)

Year +1 × Top firm -0.072∗∗∗ -0.027∗∗∗ -0.049∗∗∗ 0.002 0.002∗ -0.004∗∗

(0.006) (0.004) (0.005) (0.002) (0.001) (0.002)

Year +2 × Top firm -0.103∗∗∗ -0.032∗∗∗ -0.078∗∗∗ 0.005∗∗ 0.005∗∗∗ -0.004∗∗

(0.006) (0.004) (0.005) (0.002) (0.001) (0.002)

Year +3 × Top firm -0.108∗∗∗ -0.037∗∗∗ -0.083∗∗∗ 0.000 0.002 -0.005∗∗∗

(0.006) (0.004) (0.005) (0.002) (0.002) (0.002)

Year +4 × Top firm -0.115∗∗∗ -0.037∗∗∗ -0.090∗∗∗ 0.003 0.003∗ -0.003∗

(0.006) (0.004) (0.005) (0.002) (0.002) (0.002)

Year +5 × Top firm -0.109∗∗∗ -0.036∗∗∗ -0.083∗∗∗ 0.005∗∗ 0.004∗∗ -0.004∗∗

(0.006) (0.004) (0.005) (0.002) (0.002) (0.002)

Pre-move mean (=-1, treated) 0.257 0.119 0.161 0.020 0.008 0.015
Effect at year +5 (%) -42.2 -30.5 -51.6 27.3 50.1 -26.5
Author FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 333,168 333,168 333,168 333,168 333,168 333,168

Notes: This table reports difference-in-differences estimates of the effect of moving to a top technology firm on re-
search citation outcomes, relative to researchers moving to tenure-track academic positions. Each column corresponds
to a separate regression of the form yit = β0 +∑ℓ̸=−1 βℓD

(ℓ)
it ×Treatedi + δt +αi + εit , where Treatedi equals one for

top-firm movers and zero for tenure-track movers, and D(ℓ)
it are event-time dummies relative to the career transition.

The omitted category is t = −1. Columns 1–3 report estimates for the extensive margin of forward citations, defined
as an indicator equal to one if a researcher’s papers published in a given year receive at least one citation within three
years of publication. Columns 4–6 report estimates for the high-impact indicator, defined as an indicator equal to one
if three-year forward citations fall in the top decile of the citation distribution, computed conditional on receiving at
least one citation. All regressions include author and year fixed effects. Standard errors are clustered at the author level
and reported in parentheses. The sample is restricted to authors observed in a balanced window of five years before
and after the career transition. Pre-move mean is computed at event time t = −1 for top-firm movers. Effect at year
+5 (%) is the coefficient at t =+5 divided by the pre-move mean, expressed as a percentage. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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