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1 [Deep Learning] Dialogue: My Understanding of Post-Selection Miscon-
duct in Deep Learning

Soham Sarode, Indian Institute of Information Technology, Jabalpur, India
Email: 21bcs203 @iiitdmj.ac.in

I have done some deep learning research. The following is my understanding after reading J. Weng [1],
On Deep Learning Misconduct, in the reference list of the Dialogue Initiation [2] in the last issue of the
Newsletter.

The initial misconduct in Deep Learning involves authors intentionally concealing unfavorable data dur-
ing training, possibly due to concerns about diminished accuracy. The second misconduct is characterized
as cheating, where authors wrongly label and report training data as independent test data, undermining the
integrity of the results. These misconducts undermine transparency, mislead the Al community, and cast
doubt on the credibility of achievements in Deep Learning research.

The “Pure-Guess Nearest Neighbors” (PGNN) is to play a devil’s role so that laymen can see the “devil”
Deep Learning better. PGNN considers a classification system, which has a Training stage but without a Test
stage. At the Training stage, PGNN stores the entire fitting set F. If the query is in the fitting set ', PGNN
simply outputs the stored label of the query. Otherwise, PGNN needs to guess a label. Because the time
to create PGNN versions is finite but not bounded, the author can simply keep generating PGNN versions
till one perfect version comes up. There is always a finite time during which the process of randomly and
uniformly guessing all labels for the validation set V will come up with a lucky classifier whose guessed
labels for samples in the V set are all correct.

The four properties of this PGNN algorithm are:

i) PGNN classifier using Post-Selection achieves a zero error rate on the validation set V (and also on
the test T if the author has T); the author needs a finite storage and a finite time, but unbounded.

ii) PGNN may also post-select multiple m luckiest networks in the training stage.

iii) Like Deep Learning, PGNN used a test set T in the Post-Selection (training) stage, and therefore its
reported performance is not trustworthy.

iv) Like Deep Learning, PGNN lacks an independent test and therefore it is not trustworthy.

This PGNN algorithm will take a long time to train as it is trial and error guesswork, like almost all
Deep Learning networks in Post-Selection which hand-tunes parameters, but lastly, PGNN will take a finite
amount of time.

This was the problem found. For any research, the diagnosis of the problem is very important, and then
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finding the solution to it is the second step. For example, the Developmental Networks from Dr. Weng’s
group provides a solution to the local minima problem faced by Post-Selection.

This is my understanding. I am very curious about how to avoid this misconduct in deep learning by
Developmental Networks. Having done deep learning research, I suddenly realized that “Deep Learning

Misconduct” paper. I have read the paper but I may or may not be correct here.
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2 [Deep Learning] Dialogue: Validation Error with Post-Selection Present

is Downward Biased for Test Error

Hongxiang Qiu, Michigan State University, Michigan, USA
Email: giuhongx@msu.edu

In this Dialogue, I will first formulate a sensible model describing investigators’ post-selection behavior
and the two issues Juyang (John) Weng stated in the Dialogue initiation. While I try to restrict the use of
mathematics, I must introduce mathematical notations to define this model precisely. After that, I will pro-
vide intuitive interpretations of the main theoretical result whose proofs will appear elsewhere. To illustrate
ideas, I will focus on supervised learning with independent and identically distributed (i.i.d.) data, perhaps
the simplest case of machine learning.

I first introduce one sensible way to model the two issues about Deep Learning that John raised. I use
O to denote a generic data point drawn from a distribution P. In the supervised learning setting, typically
O = (X,Y) where X is the independent variable and Y is the label or outcome. Consider F +V + T i.i.d.
data Oy,...,OF +v+r drawn from a distribution P. Here, (0;)_, (Oi)f:J}VH and (01)57:?‘/;‘,7;1 are the fitting,
validation and testing data sets, respectively. I will describe their usage in more detail in the next paragraph.
I treat ', V, T as deterministic (i.e., given) and so the only randomness in these data sets comes from the
random data points. Let L(g,0) be a fixed loss or prediction error of a prediction model g evaluated at a
data point O. The simplest example is the squared error loss L(g,0) = L(g,(X,Y)) = (Y — g(X))2. Let
E(glI) = |}—| Y.crL(g,0;) be the prediction error L(g,-) of a prediction model g averaged over data points
O; with i in an index set I C {1,...,F +V +T}. When L is the squared error loss, E is a sample average
squared error. I use [a : b] to denote the index set {a,a+ 1,...,b} for any positive integers a and b with
a < b, and use Oy to denote {O; : i € I} for an index set /.

The investigator considers an algorithm N that takes as input a hyperparameter 6 and a data index set
1, and outputs a prediction model such as a neural network. For example, N might minimize the prediction
error on the fitting data, i.e. search for argmin, . E (g,1: F) (potentially with regularization) by (stochastic)
gradient descent within a function class ¢. The hyperparameter 6 might include the structure of the neural
network, the initial weights, the step size of (stochastic) gradient descent, etc. The investigator considers
K > 2 hyperparameters 6y, ...,0x and obtain K prediction models (gx = N(6,1: F))X_, using the fitting
data O [1:F]-

Next, the investigator peaks validation errors E(gx, [F + 1,F + V]) and picks the model index k =
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argmin E (g, [F + 1 : F 4+ V]) with the smallest validation error!. This step is called post-selection by Weng
[4] because k is selected after looking at the validation error. The investigator then only reports E (g;.[F +
1,F +V]) as a test error, without reporting the total number K of candidate prediction models considered or
the performance E (g, [F + 1,F +V]) of all K prediction models. The testing set O(py 1 1.p v 7] is never
used by the investigator, for example, because the investigator only splits the data into two subsets of sizes
F and V without having a separate testing data set. If the investigator manually tunes the hyperparameter,
we may conceive K as an unknown large number and treat the above model as an approximation.

It is important to note that k = lAc(O[ FA1LF4V]>815---»8 ) is arandom variable depending on the validation
data Op, 1. 1y) and the K prediction models gi,...,gk; it does not only depend on the fitting data Oyy.x).
Hereafter, I omit the dependence of k on (O[F FLFAV] 81 s gk ) from notations for conciseness.

Formally, in the above procedure, the issue of hiding “bad-looking” data raised by John is the failure
to report K and E (g, [F + 1,F 4+ V]) for all k. The issue of absence of test is that g; is obtained using
both fitting data Oyy.f) and validation data Oy, .py), and its sample prediction error E(gg, [F +V +1:
F +V +T]) on the testing set Oy .4y 7)—or the population version Eo\, ., .\ . E(gp.[F+V +
1,F +V + T])—is never evaluated.

Hereafter, I assume that all expectations exist and use [E4 to denote the expectation over a generic random
element A. For example, the aforementioned population test error IEO[ FAVALPV4T] E(gn[F+V+1:F4+V+
T) is the prediction error of g; with the randomness in the independent test set O[F4v+1,F+v+7) Integrated
out and the random prediction model g; fixed. This expectation can be interpreted in the following way:
obtain g; using the fitting and validation data Oyy. 1 y), collect many test data sets Oz y 4 1.7 v 7], cOmpute
the test error E (g, [F +V +1,F +V +T|) for all these data sets, and the expectation Eo,, ., ., . E (83, [F +
V+1:F+V+T]) is the probabilistic limit of the average over these test data sets when the number
of test data sets goes to infinity (thus the term “population version”). Because g; is independent of the
testing data and E is a sample average, this expectation can also be viewed as the probabilistic limit of
E(g;,[F+V +1,F+V +T]) as the size T goes to infinity by law of large numbers.

In the following, I will interpret the main theoretical result. The formal statements and proof can be
found in the supplement. Consider the bias of the validation error E (g, [F + 1 : F + V) for estimating even

the smallest population test error among all K prediction models,
EoypnE(g0s [F+1:F+V]) - ke{ninK Eou v iirivinE (@ [F+V+1:F+V+T]). (1)

Here, the first expectation [Eg, E(g;, [F +1:F+V]) can be interpreted as follows: collect many vali-

F+1:F+V
dation data sets Oy 11.p1y], comput]e the smallest validation error E(g;, [F +1: F +V]) = ming E (g, [F +
1: F+V]), take the average over all validation data sets, and the expectation EoyrnE (g [F+1:
F +V]) is the probabilistic limit of this average as the number of validation data sets—instead of the
validation data size V—goes to infinity. This procedure to interpret the expectation disagrees with com-
mon practice in machine learning where the validation data size V is large, but the expectation is still
informative of the behavior of the smallest validation error E(g;,[F + 1 : F +V]) on a typical valida-

tion data set. Note that Eo,, ., E(g;,[F +1: F +V]) cannot be interpreted as the probabilistic limit

UIf more than one prediction model achieves the minimum, £ is an arbitrary one of them.
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of E(g;, [F +1: F +V]) as the validation data set size V goes to infinity. In contrast, the other expectation,
Eo oy ipivin E (86 [F+V +1: F+V +TJ), may still be interpreted as the probabilistic limit of the sample
average test error E(gg, [F +V +1: F 4V +T|]) of model g; as the test data set size T’ goes to infinity. It is
important to note that the post-selected model g; may or may not achieve the smallest population test error
mingEoy, . \py.rE (8 [F+V +1:F+V+T]), because, conditioning on the fitting set, k is a random

variable depending on the validation set while argmin; [Eo, E(gi,[F+V+1:F+V+T])isa

FAV+LF+VAT)
constant.

I have shown that, the bias of the validation error E(g;, [F + 1 : F +V]) for estimating even the smallest
population test error among all K prediction models, the term in (1), is never positive and often negative—
that is, E(gg, [F 4 1 : F +V]) is overly optimistic on average for even the best candidate prediction model’s
population test error. Since the population test error of the post-selected model cannot be smaller than the
best candidate prediction model’s population test error, the E(g;, [F + 1 : F +V]) is overly optimistic on
average for the population test error of g;.

I have further proven that the bias in (1) is zero if and only if, for some fixed model index k* € {1,...,K},
it holds that L(gs+,0) < L(gx,O) for P-almost every O and all k = 1,...,K; that is, there exists an optimal
candidate model g;+~ with the smallest prediction error for every data point. Here, £* is a fixed index (con-
ditioning on the fitting data), whereas k is a random index depending on the validation data. In this case,
the randomness in k through post-selection on the validation data degenerates, and E ( g, [F+1:F+V])is
unbiased for the population test error of g;.

This unbiasedness condition is extremely stringent and often not satisfied. One example of this unbi-
asedness condition is when all K candidate prediction models are identical, in which case considering K
prediction models is redundant. For instance, the fitting algorithm N solves a convex optimization prob-
lem from an initial point 6, so every local minimum is also a global minimum. In the metaphor of lottery
tickets in Weng [4], this corresponds to the case where all tickets are identical. As another example, the
K hyperparameters 6 differ dramatically so that only one leads to a reasonable prediction model while all
others always produce useless, improbable predictions, regardless of the fitting data. In the metaphor of
lottery tickets in Weng [4], this corresponds to a rigged lottery where the outcome of every lottery draw is
pre-determined by a fixed scheme, the post-selected model. This might happen when the hyperparameter 0
includes the step size for (stochastic) gradient descent. Only one candidate step size (e.g., 0.01) converges
to a reasonable prediction model. In contrast, all other candidate step sizes are huge (e.g., 1000), always
leading to divergence in the fitting algorithm N and insane prediction models after reaching a pre-specified
maximum number of iterations. In the metaphor of lottery tickets in Weng [4], this example corresponds to
the case where all other purchased lottery tickets must be disqualified to enter the draw. I anticipate all the
above examples rarely happening in practice.

The above unbiasedness condition can also be empirically falsified with the data by inspecting L(gx, O;)
foreachi € [F+1:F +V]: if L(g;, 0:) > L(gk, O;) for some k # k and some i € [F + 1 : F + V], then the
unbiasedness condition fails, i.e., the bias cannot be zero. This is because, when the unbiasedness condition
holds, g; must achieve the smallest population test error, and thus Prob(L(g;,0) < L(g,O) for all k) = 1.

Except on rare occasions where this unbiasedness condition holds, reporting E(g;,[F +1: F +V])

alone is not only biased, but even worse, downward biased. It tends to provide an overly optimistic estimate
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of the population test error of any candidate prediction model g;. We should consider reporting a better
estimator of a test error. Reporting the total number K of candidate models and all their validation errors
E(gx, [F +1:F+V]) is more informative and transparent, even for manually tuning hyperparameters.

The main concern in this Dialogue, the bias, is a restrictive concept. In particular, I do not show
any result about the magnitude of the bias in (1) or the distance between the smallest validation error
F +V +T]), and my result does not preclude the possibility (i) that the bias in (1) tends to zero, or (ii)
that the smallest validation error E(g;, [F + 1 : F 4+ V]) converges to the smallest population test error
to infinity.

There is also substantial literature on post-model-selection inference in statistics; for example, Berk
et al. [1], Javanmard and Montanari [2], Kuchibhotla et al. [3], among others. I conjecture that simi-
lar ideas could be applied to estimating and making inferences about the smallest population test error
mingEoy, .,y E (8 [F+V +1:F+V+T]), the population testerror Eo ., . E(gp, [F+V +1:
F +V +T]) of the post-selected model g; conditional on the fitting and validation sets O[1.r yv) (thus con-

ditional on g;), or other test errors.
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3 [Deep Learning] Dialogue: The Luckiest Network on Validation Performs

Average During Tests

Xiang Wu, Nanjing University of Science and Technology, Nanjing, China
Email: wux0213 @ hotmail.com

Inspired by Weng’s Dialogue and his papers reporting the misconducts in deep learning [2], we con-
ducted some visual navigation experiments in realistic synthetic environments to test a deep learning model
that consists of a Convolution Neural Network (CNN) and a Long Short-Term Memory (LSTM).

A simulated visual navigation task, as a simplified version of Autonomous Driver Assistance Systems
(ADAS) is conducted. For the ADAS, some great challenges beyond ADAS Level 2 need to be addressed:
(1) the GPS information conflicts with vision (e.g., obstacles, traffic lights, and detours); (2) visual objects
have not been seen before; (3) resolving conflicts requires a trade-off between short-term goal and long-term
goal.

We created a simulated environment for teaching and testing an agent to walk along a sideway with the
GPS signal from Unity 3D to indicate the long-term destination, as shown in Fig. 1 (a). In the meanwhile,
the agent needs to learn the basic traffic rules with supervision: go at the green traffic light; stop at the
red traffic light; and walk around obstacles. The agent’s head is equipped with two uniform-pixel cameras.
Each camera has a horizontal view field of 135 degrees to the front. The dimension of each binocular image
captured by these cameras is w X h x d = 256 X 72 x 3, where d represents red-green-blue. All the spatio-
temporal data were divided into three disjoint sets, the fit set F, the validation set V, and the test set 7. For
resources of the networks, see [4].

This Dialogue experimentally demonstrates the statement in the title for a set of 30 CNN-LSTM net-
works that are fairly designed and have more networks than the 20 CNN-LSTM networks reported in [4].

In our experiments, the 30 CNN-LSTMs have randomly initialized neuronal weights but the same set of
hyper-parameters. We traced the identity of these networks over 20 epoch batch-training where each epoch
corresponds to going through all the spatiotemporal sequences once in the fit data set F. In contrast, the
Developmental Network 2 (DN-2) learns incrementally so it does not need iterations at all. Therefore, it is
not fair to compare the batch learning of 30 CNN-SLTMs with the incremental learning of the sole DN-2
here, because the latter does not need multiple iterations at all and its solution to all network parameters is
in a closed form at each time ¢. Note that the frame time ¢ is different from the epoch.

Fig. 2 reports how these CNN-LSTM networks reduce their fit error on the fit set F, through multiple
epochs through the batch data on fit set F.
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GPS: Forward (Slightly Left, Right, Object)
X: (Stereo image, GPS)  Z: (Action, Location, Type)

GPS:  Right, Left, Forward, Arrive

Action: Right, Slightly Right, Forward, Left, Slightly Left, Stop
Type: Object, Off Road, Open, Green light, Red light

Location: Left, Right, Middle, Free (c)Objects and traffic lights
(b) in the simulated environment

(a)

Figure 1: The settings of the simulated environment. In (a), the agent follows the GPS instructions to walk
along the sideway. The simulated environment includes different lighting and vegetation conditions. The
agent is equipped with two uniform-pixel cameras to capture binocular images. In (b), a binocular image
sample with GPS instruction and corresponding motor supervision is listed. The supervision is formed by
three motor concept zones. In (c), some objects in the simulated environment are shown. Some of these
objects are used in the training scenes, while others are used in the disjoint test scenes. Namely, testing
contains new objects that are not present in training. Adapted from [4].

At the end of 20 epochs, we find the luckiest network on the validation set V, as shown in Fig. 3. From
the figure, we can see that the luckiest CNN-LSTM network indeed has the minimum validation error at
epoch 20, but as we expected, it should not always be the luckiest network on other epochs 1 to 19.

We recorded the performances of all (30) CNN-LSTM networks on the test set 7', as shown in Fig. 4.
Note that epoch for CNN-LSTM in Fig. 4 is the iteration number through fit set F', but that for incremental
learning DN-2 is the discrete time frame. They have very different meanings.

In summary, CNN-LSTM’s performance is extremely sensitive to the luck of initial weights, which de-
feats the popular misunderstanding that Deep Learning is not sensitive to local minima. What is importantly
new is that the luckiest CNN-LSTM on validation only performs around the average of all (30) trained net-
works in a new test. See in Fig. 4 the CNN-LSTM-L curve is around the CNN-LSTM-AVE curve (above
and below, but near.) This experimental result confirms why all the “Deep Learning” methods should at least
report the average validation error of all trained networks, as argued intuitively in [2] and mathematically
proven by Weng in [3]. The luckiest error on the validation set V' is expected to give only an average error
in a disjoint test set 7'!

In contrast, the sole DN-2 reached the minimum error as early as epoch 1 by going through all time
frames only once and only incrementally, much faster than any of these 30 CNN-LSTM networks. This is
because DN-2 is optimal in the sense of maximum likelihood (ML) which is sufficient to reach the optimal
solution within the first epoch! During 20 epochs, the performances of DN-2 are slightly across epochs

different due to the effect of the synaptic maintenance mechanism [1].
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Figure 2: The distribution of the fit errors of 30 CNN-LSTM networks on fit set F. The boxplot (like
candles) marks 5 values of the distribution of the ranked errors of 30 networks, namely the minimum (0%),
25%, median (50%), 75%, and maximum (100%). CNN-LSTM-AVE: average fit errors of 30 CNN-LSTM
networks. CNN-LSTM-L.: the fit error of the luckiest CNN-LSTM post-selected on the validation set V.
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Figure 3: The distribution of the validation errors of 30 CNN-LSTM networks on validation set V. CNN-
LSTM-AVE: average validation errors of 30 CNN-LSTM networks. CNN-LSTM-L: the validation error of
the luckiest CNN-LSTM post-selected on the validation set V' at epoch 20.

Figure 4: The distribution of the test errors of 30 CNN-LSTM networks on the set set 7 vs DN-2. CNN-
LSTM-AVE: average test errors of 30 CNN-LSTM networks. CNN-LSTM-L: the test error of the luckiest
CNN-LSTM post-selected on the validation set V at epoch 20. DN-2: The sole Developmental Network 2
trained by the fit set F'.

11
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4 [Deep Learning] Dialogue Summary: Is ‘“Deep Learning” Misconduct
and What Should Researchers Do?

Juyang Weng, Brain-Mind Institute and GENISAMA, USA
Email: juyang.weng @ gmail.com

After my Dialogue Initiation was published in the last issue of the IEEE CDS Newsletter, I invited
several authors of Deep Learning and LLMs to provide their positions and views on the Dialogue. These
invited authors include Yann LeCun, Yoshua Bengio, Geoffrey Hinton, and Alec Radford. Unfortunately,
none of them responded.

This issue of the Newsletter published three Dialogue responses, from Soham Sorode, Hongxiang Qiu,
and Xiang Wu, respectively, as the readers can see above.

Let me first summarize responses to the six (6) questions that I raised in the Dialogue Initiation.

1. “It is simply a lack of perfection in the development of science. We should continue along this path.”

Among the three respondents, none expressed that we should continue along this path. All three re-
spondents criticized the Deep Learning practice directly or indirectly. I would like to mention also some
responses in a context other than this Dialogue. A colleague, also editor-in-chief of a journal, wrote infor-
mally to me that these Deep Learning articles are bad papers or bad reviews, but he did not let me cite his
name. In response to my letter of complaint about Deep Learning misconduct sent to the IEEE Computa-
tional Intelligence Society, the 2023 president of the IEEE Computational Intelligence Society suggested
“education”, but I did not see that he initiated any programs so far in his “education” direction. As the
President of the IEEE Computational Society, he is responsible for establishing programs to correct the
society-wide misconduct that I call cheating and hiding. Considering the current prevailing misconduct in
almost all areas of the Society, has the society president done his job well?

2. “We need more transparency in the successes and failures of these tools.”

Soham Sorode wrote, “These misconducts undermine transparency, mislead the AI community, and cast
doubt on the credibility of achievements in Deep Learning research.” Hongxiang Qiu wrote, “Reporting the
total number of K of candidate models and all their validation errors ... is more informative and transparent,
even for manually tuning hyperparameters.” Xiang Wu’s experiment revealed how much the inflated per-
formance is if one only reports the luckiest error on a validation set. He wrote, “What is importantly new is
that the luckiest CNN-LSTM on validation only performs around the average of all (30) trained networks in
a new test.” “This experimental result confirms why all the “Deep Learning” methods should at least report

the average validation error of all trained networks.” From Xiang Wu’s response, the reader can see that

12
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the luckiest CNN-LSTM (on the validation set) in his Fig. 3 (marked as CNN-LSTM-L) gives a test error
in his Fig. 4 (marked as CNN-LSTM-L) that is around the mean error of 30 trained networks (marked as
CNN-LSTM-AVE). The following is my hypothesis: If my PGNN model [2] were among Wu’s candidate
networks, it would have given a zero validation error at every epoch! This is drastically lower than all the
curves in Wu’s validation plot Fig. 3. However, PGNN’s test error at all epochs in Wu'’s test error plot Fig.
4 would be only around the value of CNN-LSTN-AVE at Epoch 20. Sorode was correct in saying PGNN
plays a devil’s role. PGNN shows how bad the Post-Selection devil is!

3. “It is not true that Deep Learning amounts to cheating in the absence of a test if the paper is a willful
repetition after being alerted of an early naive mistake.”

Qiu assumed this practice, “The testing set ... is never used by the investigator.” After a company’s
upper-level management was alerted by me, the company should not willfully publish the same Post-
Selection data in the absence of a test, even if we assume that the first Post-Selection paper from the same
company was originally a naive mistake. Such a willful publication amounts to willful cheating.

4. “Itis not true that Deep Learning amounts to hiding bad-looking data if the paper is a willful repetition
after being alerted for an early naive mistake.”

Under Qiu’ model, “The issue of hiding ‘bad-looking’ data raised by John is the failure to report K
and E(gg, [F + 1,F +V]) for all k” After the company’s upper-level management was alerted by me,
the company should not willfully publish Post-Selection papers that hide the performance data of all other
trained networks, even if we assume that the first Post-Selection paper from the company was a naive
mistake. Such a willful publication amounts to the willful hiding of bad-looking data.

5. “Technically Deep Learning is correct because its reported error of the luckiest network on a valida-
tion set is a good estimate of the expected error on a future test.”

To avoid ambiguity that is intrinsic in English, by “luckiest nework”, we always mean the luckist network
that is chosen based on its error on a validation set V, unless explicitly stated otherwise. Qiu wrote that the
luckiest network is “downward biased” when it is compared with the luckiest network in a future test 7,
let alone that of the same network on test 7. Wu’s experimentally showed that Deep Learning is invalid
because its reported error of the luckiest network on a validation set is inflated. In AIEE 2024 [2] I have
theoretically proven (see Eq. (7) there) the theory behind Wu’s experimental data. Namely, the minimum
mean square error (MSE) of the luckiest network on a future test is the average error of all trained networks.
This minimum MSE should be reported as the best estimate for a future test. However, Eq. (7) in [2] is only
for randomly initialized parameters such as weights, not including hand-tuned hyper-parameters yet. Below,
I will discuss my latest proof that all hand-tuning parameters are random since they depend on the random
fit set and the random validation set. Qiu’s Dialogue also stated that the performances should be reported
for “manually tuning hyperparameters”.

6. “Ethically Deep Learning is incorrect because only the average error of all trained networks on a
validation set is a good estimate of the expected error on a future test.”

Wu’s data experimentally supports this statement. As I mentioned above, my AIEE 2024 paper [2]
theoretically proved Wu’s experimental data for the case of randomly initialized parameters such as weights.
See below for hand-tuned hyperparameters.

In the following, I comment on each of the three Dialogues.
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The author of the first Dialogue response, Soham Sorode, has done some deep-learning research. How-
ever, he seems to be more open and honest than many researchers who have done the same alleged miscon-
duct. Honesty should be a minimum standard for a scholar.

The author of the second Dialogue response, Hongxiang Qiu, is a biostatistician. He seems to have the
required statistical background to see through the weakness of Post-Selection. As far as I am aware, his
result about the downward bias of the luckiest network is new. Although his proof is about expectation, the
expectation tells the average behavior of each random sample from experiments. Qiu’s derivation has many
mathematical details that are not very accessible to some of our Al developers. My 37 rounds of reviews and
interactions with Qiu mainly focused on his presentation about intuition. I thank Qiu for promptly giving
me 37 rounds of responses that considerably improved the presentation of intuition. In the supplement, 1
provide an intuitive view to assist those who feel that Qiu’s mathematical details are challenging.

The author of the third Dialogue response, Xiang Wu, presented a very important experimental result.
As far as I know, he produced the first experiment in Al where a post-selected agent was subject to a new
test! All Deep Learning results, as well as many other methods that use Post-Selections, typically report
only the luckiest validation error. Few of them reported the average validation error, e.g., see [1]. Let us
view the three data plots Figs. 2 to 4 in Wu conjunctively to see the following six points.

(i) The fit errors of 30 CNN-LSTM networks in Fig. 2 fluctuate, but have a trend to slowly reduce when
the networks go through the same set of fit data set F' as epochs. This is reasonable because the fit error on
F is the objective function to be minimized by a gradient-based learning method.

(i1) The validation errors in Fig. 3 are typically larger than the corresponding fit errors in Fig. 2. This
is also reasonable because the validation errors are not directly minimized by the gradient-based method.
In particular, for the luckiest CNN-LSTM-L network on validation, its validation errors are typically larger
than its corresponding fit errors.

(iii) Likewise, the test errors in Fig. 4 are typically also larger than the corresponding fit errors in Fig. 2.

(iv) The validation errors in Fig. 3 and test errors in Fig. 4 tend to have similar distribution ranges at
each Epoch. Of course, the similarity depends on the similarity of distributions between the validation set V
and test set 7'.

(v) I have proven using a statistical framework in [3, Theorem 3] and [4, Theorem 7], that every trained
network has the same expected error in a future test, regardless of its luck on the validation set. This is true
with not only randomly generated weight parameters but also hand-tuned hyperparameters. This conclusion
is intuitive in lottery analogy, regardless of whether the lottery ticket numbers are randomly generated or
hand-written. I hypothesize here that if the sizes of the fit set ' and the test set 7 both go to infinity, the
test errors of all 30 trained CNN-LSTM networks in Wu’s experiment will approach the same value—their
average, regardless of their ranks on validation V. In other words, the variance of the test errors in Fig. 4 will
diminish with expanding F' and 7. We can see that the curves in Fig. 4 are already considerably squashed
compared to Fig. 2. Likewise, if we repeatedly test 30 lottery tickets without bound, the average winning
rates of the 30 lottery tickets will approach the same value—their average.

(vi) Whether or not all 30 CNN-LSTM networks have the same expected error in a future test depends
also on whether any of them have a capability of abstraction. Unfortunately, this power is lacking with all

the 30 CNN-STLMs because they lack an architecture of abstraction (e.g., emergent Turing machine or the
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like). If a network has internal power to conduct abstraction, e.g., to learn invariance from sensorimotor
samples, and to transfer the invariance to new but applicable contexts, such a network will have a smaller
expected error in a test. From the motor actions in Fig. 1 of Wu, we can see that the abstract concepts,
such as what, where, scale, orientation, and relation, have not sufficiently trained for DN-2. For example,
the concept values for location are coarse (left, right, middle, free) and the concept for scale is absent. The
resources for the DN-2 network are also very limited, which does not enable DN-2 to reach a drastically
lower test error after the first epoch than what is shown. DN-2 needs more space to store weights than
the CNN-LSTMs because it does not use convolution on purpose. Thus, the DN-2 network can abstract
in its internal representations. However convolution cannot abstract any location-related concepts because
convolution is shift-invariant.

It is worth noting that although both Hongxiang Qiu and Xiang Wu dealt with the performance of the
luckiest network on the validation set, their comparisons are for different targets. Qiu’s target is the expected
error of the luckiest network on a disjoint test which could be a different network from the luckiest network
on validation. Wu’s target is the error of the same network when it is measured on a disjoint test. Qiu’s
target is typically smaller than Wu’s target but never larger.

I hope that this Dialogue will inspire further discussions on this important issue that has plagued the Al
discipline on a worldwide scale for many years. We added a short title [Deep Learning] for this Dialogue
series so that this Dialogue can continue to accept new responses. If you like to submit a response to this
Dialogue [Deep Learning], send your response to me and EIC Dongshu Wang by starting with the short
title [Deep Learning] followed by your response title. Two different Dialogues, e.g., [Deep Learning] and

[Post-Selection], can run in parallel in a future issue.
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S [Post-Selection] Dialogue Initiation: Is Post-Selection Generalizable?

Xiang Wu, Nanjing University of Science and Technology, Nanjing, China
Email: wux0213 @ hotmail.com

In the last Dialogue labelled [Deep Learning] the main issue is not limited to so-called “Deep Learning”,
but points to a technique called Post-Selection. Let me initiate a new Dialogue that covers a larger topic
“Post-Selection”. Therefore, this new Dialogue is labeled [Post-Selection].

Post-Selection is a term originated in statistics, involving terms like Post-Selection Inference [1]. How-
ever, the post-selected network in Deep Learning has hardly been used for inference (i.e., lack of a test as
Weng [2] argued).

The Post-Selection technique has been used in some other Al areas, such as evolutional computation,
genetic algorithms, and other areas that use randomly initialized trials, such as simulated annealing, random
forests, swarm intelligence, and Extreme Learning Machines, to name a few.

Weng [3] raised: “Namely, it is a severe technical and protocol flaw in reporting only the luckiest
network, regardless of the post-selection uses validation sets or test sets. At least the average error over
Post-Selections must be reported. This conclusion has a great impact on evolutional methods that often
report only the luckiest network, instead of those of all networks in a population. Namely, the performances
of all individual networks in an evolutionary generation should be reported. Furthermore, a reasonably
disjoint test set must be used to evaluate the generalization of the luckiest network.”

I would like to raise the following topic for this Dialogue: Is the post-selected predictor useful for
inference? If it is, in what sense? Is post-selected predictor generalizable for Al problems?

For possible publication in the next issue of the Newsletter, send your Dialogue response to me at
wux0213@hotmail.com and EIC Dongshu Wang at wangdongshu@zzu.edu.cn by March 15, 2024. The
size of your response is limited to 1 to 2 Newsletter pages.
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6 Technical News: AI and Brain-Computer Interfaces

Elon Musk’s Neurolink problems. Courtesy of medium.com

Neuralink founder Elon Musk announced on social media platform X that the first human patient im-
planted with the device from the brain chip startup company recovered well, with preliminary results indi-
cating promising neural spike detection.

Similar experiments have been published before in research papers. Neuralink made a considerable step
toward applications.

What is Neuralink for? In the short term, it’s for helping people with paralysis. But that’s not the whole
answer. The idea is that these threads will read signals from a paralyzed patient’s brain and transmit that
data to an iPhone or computer, enabling the patient to control it with just their thoughts — no need to tap,
type, or swipe.

But it’s important to understand that this technology comes with staggering risks. Former Neuralink
employees as well as experts in the field alleged that the company pushed for an unnecessarily invasive,
potentially dangerous approach to the implants that can damage the brain (and apparently has done so in
animal test subjects) to advance Musk’s goal of merging with Al

There are also ethical risks for society at large that go beyond just Neuralink. Several companies are
developing tech that plugs into human brains, which can decode what’s going on in our minds and has the
potential to erode mental privacy and supercharge authoritarian surveillance. We have to prepare ourselves

for what’s coming.
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Supplement to “Dialogue: Validation Error with Post-Selection Present is

Downward Biased for Test Error”
Hongxiang Qiu
Department of Epidemiology and Biostatistics, Michigan State University

In this supplement, I formally state the main theoretical results and provide elementary proof. I use the
notations from the Dialogue.

Recall that O stands for a generic data point drawn from a distribution P. One might think that, because
(i) both the validation data Oy ry] and the testing data Op,y 41 pyv 7] are independent of the fitting
data Oyy.f), and (i) E(g, [F +1: F +V]), as a sample mean of i.i.d. random variables L(g,0), is unbiased for
the expectation EgL(g, 0), it must hold that E(g, [F + 1 : F +V]) is unbiased for Eo,, .., ., E(& [F +
V +1,F 4V +T]) for any given g obtained from the fitting data O[1.r), namely the bias IEO[FH:HV]E(g, [F+
1:F+V])=Eo, iy E(& [F+V + LF+V+T]) is zero. Mathematically, since T is deterministic
and the randomness in the testing data comes from its data points O[ v 1.r v 4 7] it holds that

E(g[F+V+1:F+V+T))

OlF 1V +1,F+V+T)

1 F+V+T F+V+T
- IEO[F+V+1,F+V+T]?. F;/HL(g’ Oi) = T. F;/+11E0iL(g, Oi)-
1= 1=

Since each O; is identically distributed, each [Ep,L(g,0;) equals Eo/L(g,0’) with O’ denoting a data point
independent of the fitting data Oy;.). Thus,

EO[F+V+1:F+V+T]E(g’ [F+V+ 1 : F+V+T])
| FHVv+T F+V+T
=— )Y EoL(g.0)= T Y EoL(g.0)=EyL(g.0).
i=F+V+1 i=F+V+1
Similarly, Eo,,.,,, ., E(g,[F+1:F+V]) = XY Eo,L(g.0:) =EyL(g,0') since the above argument

holds with the testing data Op,y y1.rv 7] replaced by the validation data Oy 1.r,y]. These equalities
imply that

E(g,[F+1:F+V])=Eq, E(¢,[F+V+1,F+V+T]) (1)

OlF+1:7+v) FAV4+LF+VA+T]

for any given g that is obtained from the fitting data Oy but does not depend on the validation data.

One might then make the following wrong conclusion based on a seemingly valid argument:

Invalid argument. By (1), E(g;, [F +1: F +V]) must also be unbiased for Eo,, . ..., E(8;,[F +V +
LF+V+T)):
]EO[F+1:F+V]E(gl§’ [F +1:F+ V]) - ]EO[F+V+1:F+V+T]E(gIQ’ [F +V+LF+V+ T]) =0, 2)

because g; is just a prediction modeled trained using O|y.p).
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(1) is indeed correct with g independent of validation and testing data, but the fallacy in (2) arises
from the fact that g; further depends on the validation data Oz, 1.r1y) as k is a random variable whose
randomness comes from both the fitting data Oy;.) and the validation data O[f1.r,y]. In other words, g;
is trained using both fitting data O|,.r) and validation data Oz 1.r y| and depends on all K models, but (1)
only holds for g trained using fitting data Oy;.) only, so the argument for (1) fails for g;.

I next show that the smallest validation error E(g;, [F + 1 : F +V]) is often downward biased for even
E(gk, [F +V 4+ 1,F +V 4+ T]) among K prediction

models. As mentioned in the Dialogue, it is important to note that the post-selected model g; may or may

the smallest population test error ming IEO[F+V+1:F+V+T]
not achieve the smallest population test error mingEo,,.,, ., .., ., E (8 [F +V + 1LF +V + T]) among the
K prediction models, because, conditioning on the fitting set, k£ is a random variable depending on the
E(gk,[F+V +1:F+V +T]) is constant and does not depend
on any random data. There may be nonzero probability that the random variable & is not a minimizer of
E(g,[F+V+1:F+V+T]).

validation set while argming Eo,. ., ..y, p

kl—>lE0[

F4+V+1:F+V+T)

Proposition 1. Conditioning on the fitting set Oyy.p), the bias of E(g;,|F + 1 : F +V]) as an estimator of
mink]EO[F+v+1;F+v+T]E(gk’ [F +V+LEF+V+ T] )’

IEO[MM]E(g,;, [F+1 :F+V])—mkinIE0[ E(gi, [F+V+1,F+V+T])<0. 3)

FAVA+LF+VAT]

Proof. Proposition 1 follows immediately from Jensen’s inequality. I provide an alternative elementary
proof below.

For any fixed prediction model g; (j € {1,...,K}), we have

E(g,[F+1:F+V])

OlF+1:7+v)
=0,y MINE (g, [F +1: F +V]) (def of )
< ]EO[F+1:F+V]E(gj’ [F +1:F+ V]) (def of min)
= ]EO[HVH:HM]E(gj, [F+V+1,F+V+T)) (by (1)).

This inequality holds for all j € {1,...,K}, and hence

Eo E(gj,[F+V+1,F+V+T]),

[F+1:F+V]

and (3) holds by replacing the dummy variable j in min with k. 0

Thus, the bias of E(g, [F + 1 : F +V]) as an estimator of the smallest population test error
rnjin]EO[HVH:HV”]E(gj, [F+V+1,F+V+T)])

is never positive. It is important to note that the bias in (3) is not the bias for estimating the population test
error Eo oy E(83: [F +V + LLF +V +T]) of the post-selected model g; (conditional on the fitting
and validation sets), because g; might not achieve the smallest population test error among the K prediction
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models.
One might argue that (3) is not a strict inequality, and so E(g;,[F +1: F 4 V]) is still unbiased for
min;Eo, .. E(g)[F+V+1,F+V+T]) in some cases. I will next argue that

]EO[MHV]E(g,;, [F+1:F+V])— min IEO[F+V+1:F+V+T]E(gk’ [F+V+1,F+V+T])=0, @

namely the equality in (3) holds so that E(g;, [F + 1 : F +V]) is unbiased for estimating

E(g;,[F+V+1,F+V+T]),

m/m IEO[F+V+ LF+V+T]

only in special cases that I will describe next.

I have the following result on an equivalent condition for unbiasedness.?

Proposition 2. Conditioning on the fitting set O(1.r), with O denoting a generic random data point drawn
Jrom P independent of the fitting set O|y.r), (4) holds if and only if

there exists k* € {1,...,K} such that Prob(O € A) = 1, 5)

where A := {0 : L(gi,0) < L(gx,0) forallk € {1,...,K}}. Here, in contrast to k, a random variable
depending on the K prediction models and both fitting and validation data, k* may depend on the fitting
data but not the validation data.

Moreover, when (5) holds, the model gi~ achieves the smallest population test error, namely

lEO E(gk*’[F+V+1’F+V+T]):mkin]EO[F+v+|:F+v+T]E(gk’[F+v+1’F+V+T])’ (6)

[FHV+1LF+V+T]
and k € argmin, Eo v irrivin E (8 [F +V + 1LF +V +T]) with probability one; that is, the distribution

of k is degenerate at k* (if, in addition, the index set for optimal candidate models

argminEo, E(gi, [F+V+1,F+V+T])

X F4+V+1:F+V+T)

contains only one element k*).

The losses L(gx+,O) and L(g,O) are both random variables. They are the prediction errors of models
8k- and g, respectively, on a data point O randomly drawn from P (independent of the fitting data Oy;.z)).
For example, O may be a random data point in the validation or testing sets. The set A = {0 : L(gi+,0) <
L(gy,o0) forall k € {1,...,K}} appearing in Proposition 2 may be uncountable, especially when the distri-
bution P of O is continuous. The optimal candidate model index £* is fixed conditioning on the fitting data;
this is in sharp contrast with the post-selected model index k, a random variable depending on the validation

data conditioning on the fitting data.

2In general, if applied to a strictly convex/concave function, Jensen’s inequality takes equality only when the random variable
is a constant. The equality condition for the special case of Jensen’s inequality in (3), as stated in Proposition 2, is less stringent,
because min is not strictly concave.
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Intuition. I next describe intuition for Proposition 2 before presenting the proof. I momentarily assume
that P is discrete for simplicity. A rigorous argument can be made for an arbitrary distribution P, such as a
continuous distribution, based on this intuition.

By the definition of k, we have that the left-hand side of (4) equals

]EO[F+1:F+V] InkinE(gk’ [F +1:F+ V]) - lEO[F+V+1;F+V+T]E(gk*’ [F +V+LF+V+ T])’ (N
with a fixed (possibly unknown) model index k* satisfying (6). The term in (7) further equals
IEO[F+I:F+V] mkinE(gk’ [F NREE i V]) o ]EO[F+1:F+V]E(gk*’ [F +LF+ V]) (®)

by (1), because k* is fixed (even though k* may be unknown) and gy~ is trained using the fitting data only.

Since both expectations are over the validation data Og . y], we have that (8) equals

Eo

[F+1:F+V]

mkinE(gk,[F—}—l:F+V])—E(gk*,[F+1:F+V]) : 9)

In other words, the left-hand side of (4) equals (9). Note that the order of min and IE has not been exchanged
in the above derivation, even if the order might appear to have been exchanged when comparing (4) and
).

Consider the random variable Z := Z(O(p 1.5 4v)>815- - -8k ) :=ming E(gx, [F +1: F +V]) = E (g, [F +
1 : F+V]) in the above expectation. Z may be interpreted as the gap between the smallest sample vali-
dation error and the best candidate prediction model’s sample validation error, and depends on the val-
idation data O 1.pyy) as well as the K prediction models. Since (i) (4) is equivalent to EZ = 0, and
(ii) ming E(gg, [F +1: F +V]) < E(gg+, [F +1: F +V]) by definition so that Z < 0, we have that (4) is
equivalent to Z = 0, that is, the smallest sample validation error always equals the sample validation error
of g+

Moreover, Z = ming E(gi,[F +1: F+V]) —E(ge,[F +1: F+V]) =0 is equivalent to L(gy,0) <
L(gx,O) for every k and every O: If L(gi-,0) < L(gk,O) for all k, it follows from the definition of E that
Z = 0. The other direction can be shown by contradiction. Suppose that the opposite is true, namely
L(gx»0) > L(gw,0) for some k' and some realized data point o. Consider the realization of the validation
data being V copies of o. For this validation data, we have that E(g,[F +1:F +V]) > E(gu,[F+1:
F + V1), that is, the validation error of g is not the smallest and thus Z < 0. In other words, Z does not

equal zero for all validation data, a contradiction.

I will rely on the following rephrasing of a theorem in measure theory for probability measures, for

example, Theorem 4.4.7 in Leadbetter et al. [1].
Theorem 1. Let G be a random variable. If EG = 0 and Prob(G > 0) = 1, then Prob(G = 0) = 1.
I next prove Proposition 2.

Proof of Proposition 2. Proposition 2 is the equivalence between (4) and (5).
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e (4) < (5): Suppose that (5) holds. Let/ C [F +1: F +V +T] be any index set for data independent
of the fitting set. Note that

Br:={or:L(gk+,0;) <L(gg,0;) forallk € {1,...,K} and all i € [}
CCri=A{or: E(ge1) < E(gi. )}

Thus,
1> Prob(0; € ;) > Prob(0; € By) = 1~ Prob(0; € BY )
where the complement of B; is
BS = {o;: L(gx+,0;) > L(g,0;) for some k € {1,...,K} and some i € I’}

With D; := {o; : L(g+,0;) > L(g,0;) for some k € {1,...,K}}, we have B = U;;D; and thus 0 <
Prob(0; € BY) < Y,c;Prob(O; € D;). Since (0;);es are i.i.d. copies of O distributed as P, (5) implies
that Prob(O; € D;) = Prob(0 € A®) = 1 —Prob(O € A) = 0 and therefore 0 < Prob(O; € Bf) <
0. Thus, 1 > Prob(O; € C;) > 1 and Prob(O; € C;) = 1. Taking I to be the testing data index
[F+V+1 :F+V+T],WehavethatProb<E(gk*,[F+V+1 :F+V+T])=ming E(g, [F+V+1:

F+V+T] )) = 1 and thus (6) holds. Similarly, taking I to be the validation data index [F+1: F +V],

we have that
Prob <mkinE(gk, [F+1:F+V])=E(ge,[F+1 :F—}—V])) =1, (10)

that is, Prob(Z = 0) = 1. Therefore,

IEO[FH:HV]E(gI}’ [F+1:F+V])

= ]EO[F+1;F+W InkinE(gk, [F + 1:F + V]) (def of ]%)
=Eoy, oo B8k [F+1: F+V]) (by (10))
=Eou v 1rivin E(Gs [F+V+LF+V +T]) (by (1))
= m-in]EO[F+v+1:F+v+T]E(gj’ [F +V+ 1>F +V+ T] )7 (by (6))

J

that is, (4) holds, namely (4) <= (5).

e (4) = (5): I prove this direction by contradiction. Suppose that (5) does not hold. Consider £*
satisfying (6).

With O being a generic random data point distributed as P independent of the fitting data Oy;.r) and
H; :={o: L(gk,0) > L(gk,0)}, I first show that there exists an index kK’ # k* such that

Prob(Hy) > € (1D

29



Vol. 18, No. 1 CDS Newsletters February 2024

for some constant € > 0. The event in (5), A = {0 : L(g,0) < L(g,0) forallk € {1,...,K}, is
equivalent to the following intersection of events

K
(M H. (12)
k=1

Since (5) does not hold by assumption, the probability of the complement event of (12) has non-zero
probability, that is,
K
Prob (0 < Hk) = /]lu,’leHk (0)dP(0) > 0.
k=1
Since
K K
Prob (O € | JHi | <) Prob(0 € Hy),
k=1 k=1
we have that

K
Y. Prob(Hy) > 0.
k=1

Therefore, there exists an index k' # k* such that Prob(O S Hkr) > 0, and so there exists some constant
€ > 0 such that Prob(O € Hy) > €, i.e. (11) holds.

I next show that

Prob(Z < 0) > 0. (13)
Because
J = {0 s1:p4v) P L(gk»0i) > L(gu,0;) foralli € [F+1: F+V]}
€M 2= {ofps1p4v)  E(gee [F 12 F V)~ minE (g, [F+1: F +V]) > 0},
where the latter set corresponds to the event {o[ry1.p4v] : Z(0p1:54v]-815---»8k) < 0}, we have
that

Prob(Z < 0) = PrOb(O[F+1:F+V} € M) Z PI'Ob(O[F+1:F+V] S J)
Since Ojp 1.4y are 1.1.d. copies of O distributed as P independent of the fitting data Oz, by (11),
Prob(Opp 1.5y €J) = T4, Prob(Hy) > [T_, € = € > 0, namely (13) holds.

I next show that Prob(Z < 0) = 0, a contradiction with (13). The left-hand side of (4) equals

Eo v mkinE(gk, [F+1:F+V])—Eg, E(g,[F+V+1,F+V+T])

FAVA1LF+VAT]

(def of k)
=Eo,. v, mkinE(gk, [F+1:F+V])=Eo,, . E(g.[F+LF+V]) (by (1)

mkinE(gk,[F—f—l:F+V])—E(gk*,[F+1 :F+V])

= ]EO[F+I:F+V]

=1EZ (def of Z).
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Therefore, (4) is equivalent to [EZ = 0. By the definition of Z, Z < 0. Thus, with G := —Z, we have
shown that EG = 0 and Prob(G > 0) = 1. By Theorem 1, Prob(G = 0) = Prob(Z = 0) = 1, and so
Prob(Z < 0) =Prob(Z <0) —Prob(Z =0) = 1 — 1 = 0. This is a contradiction with (13).

O

Intuitively, the above equivalent condition (5) for (4) means that the bias is zero if and only if (i) all
truly best prediction models among the K models are identical, and (ii) the randomness in post-selection of
k degenerates because a truly best prediction model performs better than suboptimal ones on (almost) every

data point so that g; must be an optimal model among the K models.
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An Intuitive View of Hongxiang Qiu’s Dialogue: “Validation Error with

Post-Selection Present is Downward Biased for Test Error”
Juyang Weng
Brain-Mind Institute and GENISAMA, USA

Hongxiang Qiu’s Dialogue deals with the expected error of the post-selected (the luckiest on the valida-
tion set V) network g; among K trained networks {gi,...,gx }. Although the expected error is different from
a sample error, we expect that if we do many experiments each of which gives a sample error, the average
of sample errors approaches the expected error, according to the Law of Large Numbers.

Qiu has proven that if one reports the error of the luckiest network g; on the validation set, the reported
error is downward biased not only for the expected error of g in a future test but also for the expected error
of the luckiest network g+ in a future test. The bias is zero if and only if the uncertainty from validation V
to test T disappears in probability 1. If we use the lottery as an analogy, the luckiest ticket in the last lottery
draw V will have worse expected luck in the future lottery draw 7.

Therefore, Qiu’s result is very important. It says that post-selection is overly optimistic even for the
luckiest predictor in a future test.

To assist those who feel the mathematics from Hongxiang Qiu is challenging, I slightly modify the
notation below Eq. (3) in Qiu. Denote the fitting set, the validation set, and the test set as F, V, and T,
respectively, but with their sizes all given (fixed). Note that g; is a function of gy, ...,gx and V, denoted as
8;(&1,-.-8x,V). Then, conditioned on F, the four display expressions in Qiu below his Eq. (3) are rewritten
below, using a slightly modified notation:

EvE(g;(81,---8x.V))

=Ey min E(g;,V) (def of k)
gi€{g1.8x}

<EvE(g;V) (def of min)

=TErE(g;,T) (by i.id. in VUT).

The above inequality holds for all g; € {g1,....gx } and all 0 € V, and hence

EvE(g(g1,-8k,V)) < min ErE(g;,T),
8j€{g1.gx}
and Eq. (3) in Qiu holds.

The iff (if and only if) condition is for the sole inequality (def of min) above to become equality. This
observation might be intuitive for the reader to understand how to prove the iff condition.

Below, I slightly modify the iff condition in Proposition 2 of Qiu by introducing a concept called uni-
verse. In mathematics, a universe is a collection that contains all the entities one wishes to consider in a given
situation. The universe U of a set S = {x € U : g(x) = T} is the domain of the proposition g : U — {T,F}.
Outside the universe U, the proposition g is not defined. Since g is defined only in its domain, the universe
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is necessary for any set.
Here, the universe U = ¥/, denoting the sample space of V, should be explicitly defined for the set A in
Qiu. For any g+ € {g1,....gx }, define

A:={oe ¥ :L(g,0) <L(gj,0) forall g; € {g1,...,gx}} with universe ¥ (1)

Note that the set A is defined only on the universe ¥". Conditioning on the fitting set F, the equality
holds iff there exists g+ € {g1,...,gx } such that

Prob(o€A) =1 2

foralloe ¥,or P(¥ —A) = P(¥)—P(A) = 1—1 = 0. Namely, the luckiest g in our {g1,...,gx } is the
best for any o € ¥ with probability 1.
We rewrite the expression under the expectation in Eq. (9) of Qiu’s supplement as

dV)=  min  E(geV)—E(ge(g185).Y). 3)
gk€{g1.8k }

The above Eq. (2) means that the non-positive variable d (V') becomes zero d(V) =0 (i.e., degenerated) with

probability 1 in ¥, because its expectation [Eyd(V) is zero (Theorem 1 in Qiu’s supplement). Therefore,

due to the degeneracy in Eq. (2), the luckiest g; on V must be the luckiest g+ on T'. This is like a rigged

lottery!

Specifically, the iff condition deals with two random variables, E(g; (g1, ....gk, V) ) that denotes the first
term in Eq. (3) and the second term in Eq. (3). Both terms depend on the random fitting set F, the set of
K prediction models {gi,...,gx }, and the validation set V. However, the set A defined for the second term
should use the universe ¥ to be tight for the only-if condition. This is because under expectation Eyd(V)

the variable V may vary only in ¥, which affects d(V') in Eq. (3).
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