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ABSTRACT: For discussions in the scientific community, we raise concerns over the Post-Selection
protocols in the Nobel Prize for Physics 2024 and the Nobel Prize for Chemistry 2024, as well as the current
flood of Post-Selection in Artificial Intelligence (AI) and machine learning. We hypothesize that the Post-
Selection protocol has three mistakes: (a) missing a test, (b) hiding bad-looking data, and (c) exaggerating
prediction accuracy. However, the future of AI and machine learning seems to be bright. This is a preprint.
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Every year, the Nobel Committees perform extremely challenging work to select probably the most
known awards mankind has known. Naturally, the members of the Nobel Committees have been consci-
entious and conservative. For example, Albert Einstein, the “person of the century” named by the Time
magazine, is best known for his contributions to the theory of relativity. However, he did not receive a Nobel
for relativity. Instead, the Nobel Committee for Physics 1921 gave him a Nobel for “photoelectric effect”.
We applaud the Nobel Committees for their hard work. However, when an invalid protocol has flooded
machine learning and the media, even the careful and conservative Nobel Committees are vulnerable to
blunders, especially after the establishment (e.g., Science, Nature, other journals and large corporations) has
purposefully ignored reports about the invalidity of Post-Selection protocol [1, 2]. The pressure to publish
or perish should have also played a role in neglecting the literature.

In early October this year, the Nobel Prize for Physics and the Nobel Prize for Chemistry went to
machine learning works. While we are pleased to see the physics and chemistry disciplines recognize the
influence of machine learning, here we raise serious concerns over the experimental protocol used by these
two awards and the flood of such protocol in AI and other sciences. For example, almost all machine learning
manuscripts received by the International Journal of Humanoid Robotics employed such a protocol.

Although this protocol has different names in statistics, we call it Post-Selection here. Normally, an
experimenter selects a model before the model applies to the random data. As an analogy, an experimenter
writes a lottery ticket (model) before the lottery organizer goes through a random draw across a large number
n of lottery tickets (models). In contrast, in the Post-Selection protocol, the experimenter selects the luckiest
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model after (i.e., the term Post in Post-Selection) all the systems have applied to a random data set called
the validation set V . By validation set, we mean the chooser knows the set. In our lottery analogy, the
experimenter reports only after the luckiest lottery ticket is known in the published lottery draw and hides
all other less-lucky tickets.

It is well-known that the initial states of a system greatly affect the final accuracy of the system prediction
[3, 4, 5, 6]. Even the tightly structured Hidden Markov Model needs to be initialized by pre-segmentation,
e.g., using a separate K-means clustering process [7, p.274], although the sensitivity of K-means to initial
segmentation is also a well-recognized problem. Some highly constrained linear models, such as the Prin-
cipal Component Analysis [8] may still lead to different representations depending on their initial eigen-
vectors, especially when multiple eigenvalues are similar. The Post-Selection protocol dates back at least
to the Proprotional-Integral-Derivative (PID) controller, but the PID controller is not comparable with the
two Nobel Prizes in terms of the number of model parameters (e.g., 3 in PID but 60 million in [4]) and the
number of local minima.

As correctly stated by Berk et al. [9], “a data-driven variable selection process produces a model that is
itself stochastic”. The statistic (e.g., prediction error) of the luckiest model is stochastic, which is a function
of all n trained models (due to the Post-Selection). Cross-validation (such as the leaving-one-batch-out
procedure) by using different splits of the input data set D (into disjoint F and V so that D = F ∪V ) only
reduces the bias of a particular split; but cross-validation does not eliminate the nature that each luckiest
model depends on all n the candidate models [10].

When the number of free parameters is small compared with the number of parameters that generate the
random data, e.g., synthetic data cases in [10] or linear models in [9], the luckiest model is only an overfit
of a particular validation set V .

However, in AI, the dimension of free parameters is extremely high, e.g., 60 million parameters in [4].
The luckiest model on any validation set V can be perfect (zero error) as proven in the theory of the Pure-
Guess Nearest Neighbor (PGNN) model [2]. (The Nearest Neighbor With Threshold (NNWT) model cited
in [2] is more efficient than PGNN by guessing output only when the current input is far from all data in the
fit set F .) In other words, if one buys enough lottery tickets, he can almost be sure to get a ticket that hits
the jackpot.

Therefore, the post-selected luckiest accuracy in AI is meaningless, because no system can beat PGNN
and NNWT in prediction accuracy. Why? The luckiest PGNN and NNWT model gives a perfectly zero
error for any given validation set V . Both PGNN and NNWT store the entire set F . NNWT generalizes
from F to V using Euclidean distance generalization if the input is not too far from the nearest neighbor in
F . Otherwise, NNWT just guesses an output. PGNN always uses its Pure Guess (PG) regardless of how far
the input is.

Fig. 1 illustrates the Post-Selection process. The luckiest random ball among n = 3 balls has the luckiest
Post-Error on the validation set V , but it does not tell anything about the test error (green curve) because a
test set T is absent. This absence should be true for two Nobel Prizes (e.g., see AlphaFold2 below for more
detail).

The technical aspects of why Post-Selection is misconduct have been covered in [1, 2, 11]. Here is
a summary. Suppose that a human trains n models each of which starts from a different set of hyper-
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Figure 1: A 1D-terrain illustration for the invalid Post-Selection protocol. The dashed terrain is from the
fit set F ; the solid-black terrain is from the validation set V , and the green terrain is from a test set T
that does not exist in post-selection. Many iterative learning processes drop random balls (3 here) that
land on a random location on the dashed terrain and then roll down the hill until they get stuck into a
local pit. The luckiest model is the blue ball whose validation height (distance to the solid-black curve)
is the lowest (marked as Luckiest post) among the three balls. However, the luckiest ball has not been
tested (unknown green terrains) and all other balls should be transparently reported about their random
distribution on validation of V . The NN-plane is the parameter space of a model, e.g., 60-million dimension
in [4]. Courtesy of [11].

parameters and neuronal weights. These n models fit a fit set F , using a greedy fitting method, such as so-
called “deep learning” based on supervised learning, reinforcement learning, adversarial learning, etc. The
human validates the n models using a validation set V , and computed the validation error ei, i = 1,2, ...,n.
He must report a single error ê that should have the minimum mean square error (MMSE) from the n errors
ei, i = 1,2, ...,n:

ê = argmin
ê

n

∑
i=1

(ê− ei)
2Pi (1)

where Pi is the probability of observing ei. Assuming that all ei, i = 1,2, ...,n, have the same probability,
Theorem 1 and its proof in [11] have established the MMSE estimate of ê is the average of the n errors of
all n trained models:

ê =
1
n

n

∑
i=1

ei. (2)

The Post-Selection misconduct reports the luckiest (smallest) ei on the validation set V (or test set T ).
Without loss of generality, suppose the n errors are ranked in nondecreasing order:

e1 ≤ e2 ≤ ...≤ en. (3)

Instead of reporting the MMSE estimate ê in Eq. (2), Post-Selection reports the luckiest e1. For example,

4



Vol. 18, No. 4 CDS Newsletters November 2024

for the MNIST data set prediction in [12], the luckiest e1 = 1.58%, while the average ê = 15.0% which is
ê/e1 = 9.5 times larger than the luckiest e1.

The Post-Selection protocol contains three types of misconduct:
(a) Missing a test: Contrary to using the “test” word [3, 4, 5, 6], there is an absence of a test—like

the luckiest lottery ticket in the past without a future test. This means all so-called “applications” in deep
learning research only fit a validation set, without “applications”.

(b) Hiding bad-looking data: There is a lack of transparency about the error distribution of all n trained
models [3, 4, 5, 6]—like hiding all loser lottery tickets. This means “using the validation set for post-
selection during model selection and hyperparameter tuning” is a common practice that has only negative
values.

(c) Exaggerating prediction accuracy: The validation accuracy reported [3, 4, 5, 6] is based on only
the luckiest model and thus, is inflated (e.g., 9.5 times in the above example [12]). Instead, the validation
accuracy should be MMSE, i.e., the average of all n trained models—like the average return rate of all lottery
tickets, every lottery ticket having the same expected return rate in the future.

For example, the ImageNet Contests [13] and the CASP protein folding contests [14] appear to have
greatly exaggerated the prediction accuracies through organizer-facilitated Post-Selections. The organizers
reported only the luckiest one among n≥ 5 submissions from each group.

ImagetNet allowed any finite number n of submissions from each group by providing a so-called on-
line “Evaluation Server”. Namely, the Post-Selection protocol was hidden in the ImageNet competition
[13] since each group could conduct Post-Selection using the “Evaluation Server”. Even the test set T
was released publicly—“A set of test images is also released” [13] with only partial annotations withheld.
However, each group could manually supplement the remaining annotations or, alternatively, guess them
and then check the “Evaluation Server”. A piece of evidence of post-selection using test set is that for the
luckiest network, its error (15.3%) on the test set is even smaller than its error (15.4%) on the validation
set [13, Table 2]. The luckiest fitting accuracies (which are not test errors) of SuperVision [4] reported by
the ImageNet [13] seem to have fooled the Turing Award Committee 2018 and the Nobel Committee for
Physics 2024.

Likewise, the AlphaFold2 fitting accuracies (which are not test errors) in protein folding contest CASP14
[6] seem to have fooled the Nobel Committee for Chemistry 2024. For CASP14, n= 5 but the Post-Selection
protocol is hidden by the CASP14 organizer. John Moult, the contact author of the contest organizer’s
paper [14] privately emailed to Juyang Weng, “up to five models each group is allowed to submit on one
domain”, apparently meaning n = 5 in Post-Selection. The authors are still waiting for John Moult to
provide the 5 accuracy values of AlphaFold2. In [14] the organizer vaguely mentioned: “The set of five
submitted models contain two different conformations for this region”, apparently out of context about
the experimental protocol. Additionally, this sentence means that Fig. 2 in [14] is an example that the 5
AlphaFold2 models are different, but the paper did not tell us how large the differences are. In other words,
the Post-Selection was performed by the CASP14 organizer but the organizer hid it.

A reviewer of this article might require the authors to provide evidence of Post-Selection but these
charged papers all hide the misconduct protocol. Indeed, very few experimetnal papers openly discussed the
Post-Selection protocol, e.g., n = 20 in [15, Fig.5], n = 20 in [12, Fig. 7], n = 10,000 in [16, p. 232], and
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n = 30 in [17, Fig. 2], and . Many experimental papers simply hid the Post-Selection protocol.
Furthermore, the luckiest model is a function of all n trained models. For example, in AlphaFold2, the

luckiest model is a function of 5 models. Apparently, the CASP14 organizer allowed n = 5 models from
AlphaFold2 and the organizer did the Post-Selection for AlphaFold2. After seeing the validation set V (not

a test set), the CASP14 organizer declared that there is a lucky model that falls around the 1
◦
A ball of the

particular validation set V (consisting of 87 sequences), but there are 5− 1 = 4 other trained AlphaFold2
models that were worse. However, the CASP14 organizer did not report the remaining 4 AlphaFold2 models
as they should. Furthermore, this luckiest model has not been tested by a disjoint test set T yet. According to
the above MMSE theorem, the luckiest AlphaFold2 is expected to produce the average of validation errors
of all 5 AlphaFold2 models instead. Analogously, the luckiest lottery ticket in last week’s lottery draw has
not been tested in the future unknown lottery draw and it is expected to be not as lucky as last week—only
giving average ê.

Therefore, all the reported prediction accuracies that use Post-Selection protocols, including those from
the Hopfield Nets [3], SuperVision [4] in the ImageNet Contests, AlphaFold [6] in the CASP14 Contests,
along with those in many other well-known systems (e.g., Transformers [5] and ChatGPT [18]) should have
been greatly exaggerated and invalid.

Regardless of the current Post-Selection flood, the future of AI and machine learning appears to be
bright. There is a holistic solution to 20 million-dollar problems [19]. What the Post-Selection protocol
suffers from is Problem 13 of the 20 million-dollar problems, namely the high-dimensional local minima
problem. The holistic solution trains only n = 1 model [1, Eq. (11)] but it is further globally optimal
in the sense of distributed maximum likelihood, without any iterative search. For example, the solution
must include automatic brain patterning [20] and lifelong developmental changes in the internal machinery
brought on by learning itself [21]. However, this subject is beyond the scope of this short editorial.

In summary, the Post-Selection protocol should be invalid for any model that has so many parameters
that it can simply overfit any given validation set through Post-Selection, like PGNN and NNWT. This
protocol blunder could be also true with all awardees of the Nobel Prize for Physics 2024 and the Nobel
Prize for Chemistry 2024. In particular, the so-called “successfully implement examples of deep and dense
networks” and the so-called “most monomeric protein structures can now be predicted with high fidelity”,
respectively claimed by the two “Scientific Background” documents from the two Nobel Committees, seem
to lack a valid protocol basis.

The two Nobel Committees should know what to do to live up to the public trust.
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