PART I. A SHORT SPEECH BY SARGENT

Introduction to Research and Developing New Ideas
There’s a set of questions frequently raised: How do researchers, say in economics, political
science, chemistry, or geology, come up with new projects? How do they develop an idea for a
paper? How do you come up with something new? This question is central to many researchers.

To answer, consider past scientific discoveries, not merely in terms of outcomes but also in
understanding the methods behind them. For instance, think back to how Nicholas Copernicus,
Tycho Brahe, and others tackled problems with fresh perspectives. Their methodologies, rooted
in curiosity and innovation, offer valuable lessons.

Historical Models and Their Development

® Ptolemy’s Model: Ptolemy, around 2,000 years ago, wanted a model for planetary
movements that predicted positions accurately. He leveraged extensive observational data,
placing Earth at the center of the universe and building a complex model using circles and
epicycles to represent planetary motion. This model, supported by the Church, was
accepted as truth for nearly 1,800 years.

® Copernicus’s Challenge: About 1,500 years later, Copernicus introduced a heliocentric model,
simplifying Ptolemy’s elaborate setup to just a few parameters. Though initially met with
resistance from the Church, Copernicus’s model eventually paved the way for more
streamlined theories.

® Tycho Brahe and Data Refinement: In the late 16th century, Tycho Brahe recognized
inaccuracies in existing data and focused on refining astronomical measurements. His
meticulous work highlighted the importance of accurate data as a foundation for developing
scientific models.

® Kepler’s Refinement to Ellipses: Using Tycho’s data, Kepler transitioned from circular to
elliptical orbits, drastically improving model accuracy. His three laws of planetary motion,
though empirically derived, fit the data far better, establishing a simpler, more precise
model.

Research Process and Philosophies of Discovery

The methods of Copernicus and Kepler illustrate that scientific progress often stems from a blend
of intuition, aesthetics, and mathematical knowledge. As research evolved, Newton introduced
calculus to explain Kepler’s findings, developing a more profound understanding of underlying
forces. The pursuit of simplicity, often linked with beauty in science, drove these innovators to
find models that not only fit data but also offered structural clarity.

Applications in Economics and Structural Modeling
In economics, the principles of structural models mirror those in Newtonian mechanics. These
models aim to understand the mechanics of economic systems by analyzing forces like supply and
demand in a structured manner. The complexity of economic systems, composed of individuals
making interdependent choices, creates a need for models that can describe cause and
effect—essentially guiding policies based on economic dynamics.

A recent model on data privacy illustrates this application in policy analysis, integrating
elements like data buyers, sellers, firms, privacy concerns, and government policies. This



structural model exemplifies how economic theories adapt to current issues, linking academic
research with practical applications.

PART Il Q&A
Q: Is it possible to anticipate the significance of research before it is completed?
A: |l don’t think so, and | wouldn’t worry about it. This question is challenging due to the nature of
discovery. Many people believe their work is groundbreaking, yet it may not be; meanwhile,
others have made crucial contributions without realizing it—sometimes it takes a decade for
their work to spark a revolution in the field.

Consider a historical example: in 1900, Henri Poincaré, one of the greatest scientists of his
time, was asked what he thought the biggest scientific discoveries of the 20th century would be.
He answered, “I have no idea,” because every true innovation is a surprise. By definition, you
can’t predict surprises, and that’s what innovations are—they’re statistically unexpected, with an
expected value of zero. Poincaré was just five years away from the discovery of relativity, yet he
had no idea it was coming. Not even the person who would discover it could have predicted it.

Q: What should we learn from economic history? What are the most crucial takeaways for
today’s world?

A: That's a great question, though a tricky one. Do | recommend studying history at length? Not
necessarily. Especially if you’re from China—a country with such a long and meaningful
history—it can be overwhelming to try to draw specific lessons. But here’s why history is
interesting in this context: economics, especially macroeconomics, is largely non-experimental.
While there’s a field of experimental economics, the large-scale experiments that
macroeconomists would ideally conduct are neither feasible nor desirable. So, we rely on
historical insights instead, though interpreting history has its own risks and requires a careful
approach.

Take Deng Xiaoping as an example. He was a student of history with a theory rooted in
historical understanding, which went something like this: for 30 years, China structured its
economy based on principles largely borrowed from the Soviet Union rather than directly from
Marx—whose writings didn’t offer practical guidance on economic structure. The goal was a
planned economy that eliminated private property. Deng Xiaoping, initially a strong believer in
this approach, eventually re-evaluated it. Deng examined cross-country evidence and noticed
that places like Singapore, where Chinese immigrants from Guangdong (often from modest
backgrounds) had organized their economy differently, were far more prosperous than China.
This realization led him to reconsider his lifelong beliefs. He concluded that the data didn’t
support the planned approach, so he turned to historical observations, effectively using history to
shape policy. For Deng, history was more than a passive lesson; it was an active tool for economic
transformation.

This approach is not unique to Deng—other great leaders have recognized that institutions
evolve over time and have allowed new evidence to reshape their thinking. But for Deng, having
lived through two economic revolutions—the one in 1949 and the reforms that followed—history
was a guiding force for change. In this way, history, when used carefully, can provide valuable
lessons for policymakers.



Q: Will artificial intelligence change some micro foundation of macro research?

A: There are a lot of questions about artificial intelligence circulating on WeChat and the Internet.
Many of these questions are broad, partly because Al itself is often misunderstood. What does Al
really mean? At its core, it’s just a function—a mapping of X into Y—essentially fitting a function.
X can be high-dimensional, and Y can be high-dimensional too, but fundamentally, it’s about
function fitting.

When it comes to the micro foundations of macro research, Al doesn’t fundamentally
change them. | could show you cutting-edge machine learning work, but it’s still about doing
tasks we’ve always wanted to do, just with larger computers and more data. The algorithms
themselves aren’t entirely new.

For the true foundations, consider the essential structure defined in foundational economic
theory, such as in a paper | saw this morning. It outlines the basics: a collection of individuals
with specific goals, constraints, resources, production functions, technologies, and markets.
Some markets might be missing, but overall, there’s a coherent system of optimization problems
that fit together, with a government that can influence the environment. Those are the true
foundations. Al, including tools like ChatGPT, isn’t going to propose a new foundation that
excludes people or governments—and if it does, it’s simply hallucinating.

Q: What impact will large language models have on shaping the values of future global politics,
economy and culture?

A: It’s about defining the direction our country is taking. In response to your question, | honestly
don’t know. You've raised a legitimate concern, and it’s one we’re taking seriously. Personally, |
don’t fully trust large language models. When | first experimented with them, they often
provided misleading or outright false information. So, how do | use them now? They’re pretty
good with tasks like Python or Java, but even then, you need to be an experienced programmer
to catch the subtle mistakes they might make. In my experience, they can accelerate a good
programmer’s work but can’t replace them.

As for the broader Al landscape, | wouldn’t count on one country staying ahead indefinitely.
Large language models, while expensive to build, are scientifically straightforward. At their core,
they’re about fitting functions to data—a fundamental concept you’d learn in statistics. Think
about it: with 50 billion parameters, you need a substantial dataset to estimate each one
accurately, typically around 30 data points per parameter. For models with 40, 50, or even 100
billion parameters, that’s an enormous data requirement.

I know Chinese companies are also making strides in this field, and access to high-quality
chips like Nvidia’s could be influential. But with so many companies pouring billions into this race,
it raises some big questions. You asked a great question, and it certainly gets one thinking.

Q: Have you ever held a theory you once believed to be true but later realized—perhaps much
later—that it was flawed or needed modification? Could you share an example? Specifically, I'd
like to know what signals or insights led you to recognize that the theory needed adjustment
and how you realized it was wrong.

A: It’s pretty straightforward. When you have a quantitative theory, especially in macroeconomics,
it’s built to explain specific datasets or time series. After working hard to fit the parameters, you
move to validation. Often, during this process, the data reveal that the model doesn’t work well



in certain dimensions. By drilling down, you can identify precisely where it falls short and adjust
accordingly. Classic examples include longstanding puzzles like the equity premium puzzle or the
volatility puzzle.

Take Robert Shiller’s famous volatility puzzle. It’s been the starting point for decades of
research, but recently, someone re-evaluated it, questioning whether the data was constructed in
line with the theory’s intended definitions for dividends and returns. Using more refined
definitions, they found that a big part of the puzzle disappears. This is a reminder of the risks of
accepting data as-is, without re-examining it in light of theory.

Another approach is more intuitive—what Bob Lucas did, for example. He sometimes
dismissed elements he found aesthetically unconvincing, saying, "l don’t believe it; it just doesn’t
ring true to me." He trusted his instincts, which not everyone gets to do. But that’s what makes
economics both challenging and exciting; it combines rigorous data analysis with intuition.

Q: Do you think it’s unwise to rely heavily on intuition, especially when the math alone doesn’t
feel fully convincing? Sometimes, using basic economic principles to interpret complex
aspects—or depending on a personal, non-mathematical understanding—seems helpful. What
are your thoughts on this approach?

A: | often find the term "intuition" vague, though it's commonly used to describe people’s
judgment. For example, my colleague Mark Gertler, a respected macroeconomist, often listens to
seminar presentations on complex macro models and then asks, "Is this really what’s
happening?" His ability to intuitively understand and question models comes from his deep grasp
of their structure and math, which ultimately reflect real decisions made by people.

This kind of insight reminds me of historical figures like Marx, who didn’t just focus on
isolated choices but tried to capture entire economic systems. Writing during the Industrial
Revolution, Marx observed rapid social change and new economic classes emerging, which led
him to ask, "How did we get here, and what’s next?" Without formal mathematical tools, he
intuitively saw patterns—like the falling rate of profit—that he believed underpinned the
business cycle and could lead to crises due to structural problems like overproduction.

Then came Keynes, who took a different approach. Unlike Marx, Keynes didn’t think
capitalism had to collapse from business cycles; he believed minimal government intervention
could stabilize the economy. He developed a framework of policies that could manage these
cycles, a foundation others built upon post-WWII. The evolution from Marx to Keynes illustrates
the ongoing effort in economics to align theory with data.

This process isn’t glamorous. It’s slow, deliberate work, like Marx spending days in the British
Library reading endlessly, or economists today scrutinizing data for patterns. It’s about wrestling
with big ideas step by step—essential, if not always exciting.

Q: Before you became the renowned Sargent, did your ideas come naturally, or did they evolve
over time through hard work? Were they the result of intuition and creativity, or did they stem
from persistent effort? And how did you know which direction to pursue?

A: It’s simpler than it seems. Don’t get caught up in whether ideas are “great” or “important.” For
example, | once got interested in a technical problem through a paper by Milton Friedman. James
Tobin and Robert Solow, two economists | admired, wrote mathematical versions of Friedman'’s

ideas, only to end up disproving them. Their work fascinated me, even though | was just an



average student at the time.

While in the Army, | studied time series analysis to understand Solow’s paper. After a year, |
finally felt ready to apply what I'd learned, and | spotted a flaw in Solow and Tobin’s
interpretation. | wrote a four-page paper on this, but my first submission was harshly rejected. |
shelved it until an older friend shared it with Carl Bruner, who published it in a new journal. Over
time, even people like Tobin and Lucas read it. This wasn’t a breakthrough; it was just a long
journey to understand others’” work better. Most discoveries aren’t lightning bolts of
genius—they’re slow, deliberate efforts. If great minds can work this way, so can the rest of us.

Q: Previously, | was used to studying and occasionally conducting research, often with a
professor assigning topics or ideas and guiding me. Now, as a Ph.D. student and junior
researcher, | need to start conducting research independently. Could you offer some guidance?
A: What does it mean to have an idea? In my case, it wasn’t exactly an original idea—I just felt |
didn’t fully understand something, so my role was to dig deeper into a problem that was already
posed.

Another part of this story is the time in between. | wrote that paper in 1971 but started
reading Solow’s work in 1968. In those years, | was playing football with friends but also learning.
In 1967, someone recommended | read John Muth’s early papers on rational expectations. They
were groundbreaking, but | needed more math and statistics to understand them, so | spent time
building those skills.

The line between studying and doing research is thin; what starts as an exercise can become
a research project. Trying to “come up with an idea” can feel torturous, like forcing a great play in
sports. The goal is to keep learning and let ideas emerge naturally.

Q: | imagine you receive a lot of inquiries from potential researchers, but your time is limited,
so you have to choose carefully. Do you have any specific criteria for deciding which projects or
people to invest your time in?

A: | like to have fun every day. That's the first criteria. Everyone has their own approach to life,
and mine is flexible. | make things up as | go, enjoy the work, and adapt. If | don’t get tenure
somewhere, I'll try elsewhere, or find a new path. | don’t worry much.

Coming from a family where few pursued education or prestigious careers, | never felt
pressured to reach a certain status. My parents didn’t expect much from me, so by their
standards, anything I've done is already a success. That background is liberating—if things hadn’t
worked out in academia, | would’ve just moved on to something else.

Q: | often notice that many researchers use advanced statistical methods or machine learning
to discover patterns, especially in finance and economics. Is there a preferred sequence
between building economic models and applying these advanced techniques? For example,
should we be satisfied with just prediction, or should we seek more?

A: Different smart people would answer that question in different ways, which is why |
mentioned Kepler and others. Pattern recognition is essential—you can’t develop a theory
without first identifying a pattern. That’s one of the great things about economics. You do have to
choose and specialize, but that choice allows for useful work along many different paths.
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