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Much statistical analysis in finance depends on the assumption that variables have
normal distributions. This assumption is far from correct. As a result, as Nassim
Nicholas Taleb has rightly pointed out, most statistical results in finance are wrong. Now,
a disciple of Taleb has tried to extend Taleb’s research by relating it to an obscure
mathematical concept. He is successful in one area: the study of unequal distributions
of wealth. In others, such as portfolio optimization and explaining insurance, less so.
I was recently sent two messages about a researcher at the London Mathematical
Laboratory named Ole Peters whom I had interviewed in 2016. One was a link to a
December 11 Bloomberg article titled, “Everything We’ve Learned About Modern
Economic Theory Is Wrong,” and the other to the 2019 Nature Physics paper on which
the article was based.i The Bloomberg article said that Peters had, “won over two noted
thinkers in the world of finance – Nassim Nicholas Taleb and Michael Mauboussin.” I
have enormous respect for Professor Taleb, and a friend of mine knows Mauboussin
well and has enormous respect for him.
I looked forward to reading Peters’ paper.
But when I read it, my first impression was that it was typical of many finance journal articles that I have encountered over
the years: a presentation of mathematics, followed by overblown conclusions that are not well-grounded in the math – what
Nobel Prize winning economist Paul Romer has called “mathiness.” I also made an initial error in thinking that some of the
math was wrong.
However, Taleb’s backing made me think twice – and three times, then more times, about my first impression. It led me to
read all of Peters’ papers that were referenced in his 2019 paper, as well as his other papers that those papers themselves
referenced.
My overall impression was that there were some interesting things, but what Peters brands as “ergodicity economics” is
overhyped, especially the idea that it tells us that “everything we’ve learned about modern economic theory is wrong.” And
the implication in the Nature Physics article that it has huge practical implications is not borne out in Peters’ other articles
that attempt to apply it.
But if this really is of interest to Taleb, perhaps it may be of significant value – or could become so. I’ll explain why I say this
later.
I’ll begin with the interesting conundrum that motivates the core of Peters’ work, and why his claim that it has many
important practical applications doesn’t check out.
Then I’ll explore another issue that three of Peters’ co-authored papers raise, one that could have great potential but needs
to be developed further.
Finally, I’ll address why Peters’ work could be of value to the extent that it complements the work of Taleb.
A conundrum
The following conundrum is like one that Peters used but illustrates the point a little better.
Suppose a casino makes the following offer. You bet a sum of money and the casino tosses a fair coin. If the coin comes
up heads the casino will give you a 50% return on your bet; that is, you win five dollars for every 10 dollars that you bet. If
the coin comes up tails you lose 40%; that is, for every 10 dollars you bet you walk away with only six dollars.
This is stupid of the casino, because for every four dollars it gains it gives away five dollars. To put it in Peters’ terms, its
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“ensemble average” return on your bet is negative. It is minus 5% (the average of -50% and +40%). “Ensemble average” is
the same thing as “expected return” in probability language. It’s a clear loser for the casino.
But it’s also a loser for the gambler. On average over time, for every +50% return the gambler gets because a head was
tossed, the gambler will see a tail tossed and get a -40% return, because as the sequence of tosses grows longer, the ratio
of heads to tails approaches one. And although +50% and -40% average to +5%, they compound to a 10% loss
(1.5x0.6=0.9).
You might have thought the gambler would win over time since her ensemble return (expected return) is plus 5%, but that’s
not the case. That is because the time-average return does not equal the ensemble return – this is technically called “nonergodicity.”
Here, for example, is a randomly-generated sequence of the results of 40 coin tosses (H for heads, T for tails):
TTTTHTHHHHHTHTHHTTTTHTHHHTHHHHHTTHHHTTTT
There are 21 heads and 19 tails, so the bettor wins 21 times and loses 19 times. If the bettor initially bets 10 dollars and lets
it ride, she will end up with $10 x 1.521 x 0.619 or about three dollars, less than a third of what she started with.
How can this possibly be? Gambling against a casino is a zero-sum game. It’s not possible that both the gambler and the
casino lose.
What is the solution to this conundrum?
The solution
The gamblers do not lose in their 40-toss “ensemble average” – in fact they win. If you average the gains and losses of
many gamblers in the casino betting on 40 tosses it will turn out that on average, their initial $10 bet comes to $70.
That’s weird, you may say, any one gambler loses big over time, but on average they win big? How is this possible?
It happens because the distribution of 40-coin gains and losses is fat-tailed. To a close approximation it’s a highly skewed
lognormal distribution. Most people lose, but a few win so big that it skews the average far to the positive.
Only a lucky few winners on the distribution’s tail take advantage of the stupid casino. The rest are losers.
This interesting insight powers much of Peters’ work. (Remember this example – we’ll revisit it later.)
But should I take the bet?
Straining for a practical implication
You may ask, so what? Does this have any practical application – for example, to investment management?
The answer is no, not really – or at least, not yet.
Nevertheless, not only Peters but also institutional investment consulting firms that have been enthralled by Peters’
tantalizing insights imply that it does have important practical implications – without quite specifying what.
For example, this post by the consulting firm Willis Towers Watson presents an extended version of Peters’ conundrum.
Then, although it contains a section on practical implications, it doesn’t explore it in any detail.
I will do that.
I will explore an important and – according to Peters – practical implication, in detail.
Peters’ claim of an application to portfolio optimization
Peters’ argument for what is wrong with the current theory and practice in economics, and what should be done instead
proceeds in three claims:
1. Optimizing the expected value of wealth (or “ensemble average”) is flawed because for non-ergodic processes (such
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as investment returns over time), the time average doesn’t equal the ensemble average.
2. In economics this flaw is patched up by maximizing not expected wealth, but the expected “utility” of wealth. However,
says Peters, this is also flawed because instead of making an objective judgment of optimality it jumps to
“psychological arguments,” thus “appealing to subjective psychology” or “other forms of personalization.”
3. The solution is to convert the wealth growth process to an ergodic process by maximizing the expectation of the
logarithm of wealth instead of either wealth itself or the utility of wealth.ii This is equivalent to the well-known Kelly
criterion, which was proposed in 1956 by John Kelly, a researcher at Bell Labs.
In a 2011 paper that was published in the journalQuantitative Finance titled “Optimal leverage from non-ergodicity,” Peters
discussed the solution proposed by #3 in the context of the portfolio optimization problem. However, that paper doesn’t
give any examples of the application of that solution.
I will provide one.
I’ll look at its application to optimizing a portfolio’s stock-bond mix. I’ll use the following assumptions: expected return and
standard deviation of stock returns, 7% and 18%, respectively; expected return and standard deviation of bond returns, 2%
and 7%, respectively; and I will assume zero correlation between them.
The result of maximizing the expectation of the logarithm of return is a highly leveraged portfolio. The optimum calls for
193% stocks. To implement this, the investor would have to borrow 93% of her invested wealth to invest 193% of it in
stocks.
But this result is very sensitive to assumptions. Table 1 shows optimal allocations for various assumptions.
Table 1. Optimization of stock-bond mix by maximizing expected logarithm of return,for various equity return and
standard deviation assumptions

Is the 193% equity solution good? Perhaps a leveraged hedge fund would be interested in implementing it. But maximizing
the expected value of the logarithm of return wouldn’t give it much guidance, because the result is entirely dependent on
the equity and bond return assumptions used as input. Garbage in, garbage out.
Peters’ claim of an application to insurance
In a well-written 2017 paper titled, “Insurance makes wealth grow faster,” Peters and co-author Alexander Adamou
attempted to show another application of solution #3, this time to insurance. They first argued that if they used the flawed
approaches defined by points #1 and #2 above, either nobody would want to buy insurance, or no insurer would be willing
to provide it, because it would always appear to be a loser for one or the other.
But by using solution #3 – maximizing the expected logarithm of wealth – and choosing their assumptions very carefully,
Peters and Adamou present a case in which the same contract is optimal for both the insurer and the insured.
The trouble with this is that the insurer and the insured have different objectives. In my casino example above, the
gambler’s objective may be to get the best result over time, but the casino’s objective is – or should be – to maximize its
ensemble average.
This crucial distinction is even made by Nassim Taleb himself in an invaluable book that he sent me – and that I will
mention again later – titled, “Statistical Consequences of Fat Tails.” There he says, “we can compute the casino’s return
using the law of large numbers by taking the [average] return of the 100 people who gambled… The problem comes when
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ensemble probability is applied to us as individuals.”
The same is true of insurance. The insurer doesn’t have the same optimization objective as the insured. And that is why
insurance works, not because both the insured and the insurer maximize the expected logarithm of their wealth. The
insurance company earns a profit precisely by intermediating between the over-time concern of its customers and its own
financial concern, namely its ensemble average.
Does personal wealth grow randomly?
In three other papers, on a different subject, Peters and Adamou are onto something. They should explore it further. (Two
of the papers are also co-authored with Yonatan Berman.)iii
In those papers they assume that personal wealth grows according to geometric Brownian motion. They’re not talking here
only about an individual’s investment wealth, which is usually assumed in technical papers to grow according to geometric
Brownian motion. They’re talking about all the individual’s wealth.
They make this assumption in their mathematics, but curiously don’t talk about the extensive implications of that
assumption.
The implication of assuming geometric Brownian motion for an individual’s investments is either the efficient market model
or another theoretical explanationiv. It assumes that invested assets grow randomly, because future investment returns are
independent of past investment returns.
But does an individual’s entire wealth grow randomly? This is counterintuitive. We assume that some individuals are not
merely lucky, but more skilled at growing their wealth than others – not because they’re better at forecasting the stock
market, but because they have other wealth-building advantages, for example better education, higher intelligence or more
advantageous parentage.
However, though Peters, et al., don’t explicitly tease out this theme, they do argue – and show – that inequalities in wealth
can be adequately explained entirely by this random wealth-growth hypothesis, even the high levels of wealth inequality
that we’re seeing now.
Figure 1, which I have generated using Monte Carlo simulation, shows how much wealth inequality increases over time
merely by virtue of random wealth growth. Note the enormous increase in inequality, from 10 years of random wealth
growth to 90 years. The upper tail of the distribution grows farther and farther away from the cluster at the bottom.
Figure 1. Random growth of wealth over 10, 30, and 90 years
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Peters, et al., then had the ingenious idea to model wealth growth using what I will call “punctuated geometric Brownian
motion.” Periodically, the geometric Brownian motion process of wealth growth is modified by a redistribution of wealth,
perhaps through government action or some other cause. They call this model “reallocating geometric Brownian motion,” or
RGBM.
They fit this model to wealth growth data obtained from a prominent paper by E. Saez and G. Zucman titled, Wealth
“
inequality in the United States since 1913: Evidence from capitalized income tax data.” One might assume that
redistributions of wealth go from the wealthier to the less wealthy, but Peters and his coauthors found this not to be the
case in recent years – in fact according to their model (whose assumptions may be highly debatable and must of course be
kept in mind), in recent years the reallocation as compared with mere randomness of growth has been from the less
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wealthy to the wealthiest.
This is a fruitful avenue of pursuit that I would like to see Peters and his colleagues explore further.
The relationship to Taleb’s project
Let’s go back to the casino example and its offer of a coin toss. In a 40-toss sequence most bettors lose – in fact 78.52% of
them – but on average they win $60. Their average final wealth, combined with their initial $10 bet, comes to $70.
The exact figure is $69.67, a number that can be calculated from probability theory.
However, that number can also be estimated “empirically” – or quasi-empirically – by generating many sequences of 40
random coin tosses and averaging the winnings. If you generate 10 million such sequences and average their final wealth
you get very close to the correct figure of $69.67.
But if you “only” generate 10,000 sequences and average them, then your estimate of the average ending wealth may not
get close at all. Generating 10 averages of 10,000 sequences typically yields estimates of average ending wealth ranging
from $50 to $106. And if you generate only 500 sequences the estimates of average ending wealth range from $21 to $237.
How can these estimates of the average vary so widely when there are 500 samples that are all drawn perfectly randomly
from the population they represent?
It’s because of the strongly skewed lognormal distribution of final wealth, which renders the estimate of its average
seriously unreliable.
This is one of Taleb’s main points, both in an article titled, “On single point forecasts for fat-tailed variables,” and in his
book, “Statistical Consequences of Fat Tails,” which I will cover in more detail in a future article. And yet statistical
estimates of averages in the financial field (as well as in other fields), often with much smaller samples from distributions
that are heavily skewed or fat-tailed, and not even perfectly representative of the available (historical) data, let alone of the
future data, are taken as meaningful.
This validates Peters’ assertion that “everything we’ve learned about modern economic theory is wrong” – though not the
theory itself, but the efforts at sloppy empiricism leading to the smug belief that many applications in finance and
economics are “evidence-based” and therefore sound.
But Taleb’s main points are not limited to showing only that statistical estimates in finance and other fields are not
meaningful – far from it. He also shows that when we think about what we need to learn from the data and how to apply it,
we often discover that it is not estimates of averages of distributions that are important but properties of the tails. For
example, consider the project of “flattening the curve” in the current pandemic, or the many examples of potential or
impending threats for which the “precautionary principle” might be applied – that is, the principle that it is worth incurring
high costs to prevent unlikely but catastrophic tail events.
This is a rich area for investigation, much richer and more meaningful than the conventional pursuits of finance. To the
extent that Peters can contribute to this, his work will be more valuable. Some of it already is very interesting – the
hypothesis of randomly generated personal wealth for example – but some of it only strains to be interesting, succeeding
only in exaggerated rhetoric.
Complicated mathematical instruments can be extremely useful when they perform a service. Taleb is eminently capable of
using them for that purpose. Peters and his colleagues are also capable of using them, but they should avoid the diversion
of hyping the ergodicity economics brand, at least until they can show that it has useful applications.
Economist and mathematician Michael Edesess is adjunct associate professor and visiting faculty at the Hong Kong
University of Science and Technology, chief investment strategist of Compendium Finance, adviser to mobile financial
planning software company Plynty, managing partner and special advisor at M1K LLC, and a research associate of the
Edhec-Risk Institute. In 2007, he authored a book about the investment services industry titled The Big Investment Lie,
published by Berrett-Koehler. His new book, The Three Simple Rules of Investing, co-authored with Kwok L. Tsui, Carol
Fabbri and George Peacock, was published by Berrett-Koehler in June 2014.
i

I am grateful to George Peacock for alerting me to theBloomberg article and to Eric Stubbs for the Nature Physics paper.

ii

However – as Peters acknowledges – the logarithm of wealth is itself a utility function, so that maximizing the expectation
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of the logarithm of wealth amounts to choosing the logarithm of wealth as the utility function, then maximizing that utility
function’s expectation.
iii

“Dynamics of Inequality”, “Wealth Inequality and the Ergodic Hypothesis”, and “Far from equilibrium - Wealth reallocation
in the United States”.
iv

In my 2007 book The Big Investment Lie, I argue that the hypothesis that securities prices follow a random walk (or
geometric Brownian motion in the continuous-price version) needn’t, and shouldn’t, be based on the efficient market
hypothesis, but on Friedrich Hayek’s theory of price formation. The EMH requires assuming that all investors have the
same information, which is obviously untrue. Hayek’s assumption is virtually the opposite – it is, as I say in the book, that
‘No one person or group of people alone has sufficient information to determine what all prices should be. Prices are set
naturally through many local interactions between people having only local knowledge, knowledge that is specific to time
and place, knowledge that cannot be obtained or concentrated in any central location. In the current jargon, price is an
“emergent property” —a property that cannot be assigned to a system but that arises from it spontaneously.’
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