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ABSTRACT

In continual learning, catastrophic forgetting is affected by multiple aspects of the
tasks. Previous works have analyzed separately how forgetting is affected by ei-
ther task similarity or overparameterization. In contrast, our paper examines how
task similarity and overparameterization jointly affect forgetting in an analyzable
model. Specifically, we focus on two-task continual linear regression, where the
second task is a random orthogonal transformation of an arbitrary first task (an ab-
straction of random permutation tasks). We derive an exact analytical expression
for the expected forgetting — and uncover a nuanced pattern. In highly overpa-
rameterized models, intermediate task similarity causes the most forgetting. How-
ever, near the interpolation threshold, forgetting decreases monotonically with the
expected task similarity. We validate our findings with linear regression on syn-
thetic data, and with neural networks on established permutation task benchmarks.

1 INTRODUCTION

Modern neural networks achieve state-of-the-art performance in a wide range of applications,
but when trained on multiple tasks in sequence, they typically suffer from a drop in perfor-
mance on earlier tasks, known as the catastrophic forgetting problem (Goodfellow et al., [2013)).
Continual learning research is mostly dedicated to designing neural architectures and optimization
methods that better suit learning sequentially (e.g., Zenke et al.| (2017); [De Lange et al.| (2021)).
Despite these efforts, it is still unclear in which regimes forgetting is most pronounced, even for
elementary models.

A number of works have explored the relationship between task similarity and catastrophic forget-
ting (Bennani et al., [2020; Ramasesh et al., |2021; |Doan et al 2021} [Lee et al., 2021} [Evron et al.,
2022; [Lin et al., 2023). While earlier works struggled to have a consensus on whether similar or
different tasks are most prone to forgetting, recent works suggested that continual learning is the
easiest when tasks have either high similarity or low similarity, and that it is most difficult for tasks
that have an intermediate level of similarity (Evron et al., [2022; |Lin et al., [2023)). The main exper-
imental evidence of this claim so far focused on the similarity of learned feature representations of
a neural network (Ramasesh et al.,[2021). Theoretically, [Lin et al.|(2023)) quantified task similarity
using Euclidean distances between underlying “teacher” models. However, this notion of similarity
cannot capture the task similarity in standard benchmarks (e.g., permuted MNIST), where typically
the input features are changing between tasks (and not the teacher). Others (Doan et al.,[2021; Evron
et al.,[2022)) interpreted task similarity as the principal angles between data matrices.

In practice, neural networks are typically extremely overparameterized. Several works have stud-
ied, empirically and analytically, the beneficial effect of overparameterization in continual learning,
particularly on the commonly used permutation and rotation benchmarks (Goldfarb & Hand, |2023};
Mirzadeh et al., [2022). In this paper, we propose a more refined analysis, which is able to show the
combined effect of overparameterization and task similarity for a general data model. We show that
task similarity alone cannot explain the difficulty of a continual learning problem, rather it depends
also on the model’s overparameterization level.

*Equal contribution. Correspondence to <goldfarb.d@northeastern.edu> or <itay @evron.me>.
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Our main result is an exact analytical expression for the worst-case forgetting under a two-task
linear regression model trained using the simplest (S)GD scheme. Data for each task is related by a
random orthogonal transformation over a randomly chosen subspace, and the Dimensionality of the
Transformed Subspace (DOTS) controls the task similarity — the higher the DOTS, the lower the
similarity between tasks. This similarity notion provides a natural knob that controls how similar
tasks are after a random transformation. This notion also closely characterizes popular permutation
benchmarks, for which it was first suggested by the seminal work of [Kirkpatrick et al.| (2017).

Figure |1 informally illustrates the essence of our result. When the model is suitably overparame-
terized, the relationship between task similarity and expected forgetting is non-monotonic, where
the most forgetting occurs for intermediately similar tasks. However, if the model is critically pa-
rameterized, then the behavior is monotonic and the continual learning problem is most difficult for
the highest dissimilarity level. This behavior illustrates how hard it is to estimate the difficulty of
continual learning in different regimes.
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Figure 1: Informal illustration of our theoretical result. Formal details are shared in Section 2}

The contributions of this paper are:

e We present a linear regression data model motivated by empirically-studied permutation tasks
that exhibits a joint effect of task similarity and overparameterization on catastrophic forgetting.

* We derive an exact non-asymptotic expression for the worst-case expected forgetting under our
model. We reveal a non-monotonic behavior in task similarity when the model is suitably overpa-
rameterized, and a monotonic behavior when it is critically overparameterized. We demonstrate
that contrary to common belief, overparameterization alone cannot always prevent forgetting.

* We replicate this theoretically-observed interaction of task similarity and overparameterization
using a fully connected neural network in a permuted image setting.

2 ANALYSIS

We study a linear regression model trained continually on a sequence of two tasks under varying
overparameterization and task-similarity levels.

2.1 DATA MODEL AND ASSUMPTIONS

Formally, we consider two regression tasks given by two p-dimensional data matrices
X1,Xo € R"*P and a single label vector y € R™. The first data matrix X; can be arbitrary.

For ease of notation, we often denote X £ X;.

The second task’s data matrix X5 is given by rotating the first task’s p-dimensional data in a random
m-dimensional subspace for some m € [p]. Specifically, we set X = X;0 = XO, where
O € RP*? is a random orthogonal operator defined as,

O:Qp|:Qm T (1)

Lo |9
and Q,,, ~ O (m),Q, ~ O (p) are orthogonal operators, sampled “uniformly”, i.e., using the Haar
measure of the orthogonal group. Our definition of the operator O results in a more mathematically-
tractable orthogonal transformation version of popular permutation task datasets (like the ones we
use in Section [3)), where the labels stay fixed while features permute. This definition also reduces
(when m = p) to the random rotations studied in |Goldfarb & Hand| (2023).
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To facilitate our analysis, we assume that the first task is realizable by a linear model (implying that
the second one is realizable as well). A similar assumption has been made in a previous theoretical
paper (Evron et al.l |2022) that analyzed, as we do, arbitrary data matrices (rather than assuming
random isotropic data). This assumption is especially reasonable in overparameterized regimes,
such as in wide neural networks under the NTK regime.

Assumption 1 (Realizability). There exists a solution w* € RP such that X,w* = Xw* =y.

Note that this assumption implies that the second task is also realizable (since
X,(0Tw*) = X000 "w* = Xw* =y). When p > 2rank(X), it is readily seen that the
tasks are also jointly-realizable w.h.p.

2.2 THE ANALYZED LEARNING SCHEME AND ITS LEARNING DYNAMICS

We analyze the most natural continual learning scheme. That is, given two tasks (X1,y), (X2,y),
we learn them sequentially with a gradient algorithm, without explicitly trying to prevent forgetting.

Scheme 1 Continual learning of two tasks

Initialize wo = 0,

Start from wy and obtain w1 by minimizing £;(w)2 || X;w—y]|* with (S)GD (to convergence)
Start from w; and obtain wo by minimizing L(w) = ||X2w—y||2 with (S)GD (to convergence)
Output wo

The learning scheme above is known to mathematically convergeﬂ to the following iterates,

w; = (arg min ||w — wol|* s.t. szlw) = Xy, (2)
weRP
= i _ 2 — _ + _x+
wy = (arg min |[w — w1 ||” s.t. y—sz) = XJy-+ (Ip X3 Xg) wi, 3)
weRP

where X is the pseudoinverse of X (we use X, X3 for analysis only; we do not compute them).

We now define our main quantity of interest.
Definition 2 (Forgetting). The forgetting after learning the two tasks (parameterized by X, w*, O),
is defined as the degradation in the loss of the first task. More formally,
F(O;X,w*) £ Li(ws) — Li(w1) = [Xiwz — y[I* = [Xiws —y|” = [Xwz —y|* .
—_——

=0
Our forgetting definition is natural and relates to definitions in previous papers (e.g., |Doan et al.
(2021))). Notice that under our Assumption [T} the forgetting is the training loss of the first task
(exactly as in|Evron et al.[(2022)). Alternatively, one can study the degradation in the generalization
loss instead, but this often requires additional data-distribution assumptions (e.g., random isotropic
data as in |Goldfarb & Hand| (2023)); [Lin et al.| (2023)), while our analysis is valid for any arbitrary
data matrix. Our analysis thus gives a better insight into the problem’s expected worst-case error.

To analyze the forgetting, we utilize our data model from Section[2.1|to show that,
F(O: X, w?) = [Xws —y|* = |X (X y + (I, - X§Xo) wi) —y°
[X.=%0] = ||X(XO0) Ty + Xw;, — X(X0)"(X0) w;,—y|’
| = [X(XO) X (1-0) wi||” = [[X(X0) "X 1-0) X *Xw*|* @)

wi=Xty=X+Xw*
[pseudoinverse properlies] = H (XX+X) (OTX+) X (I — O) X+XW* H2
[VX v Xl <X, vll,] < HX’EHX*XOTX*X (I-0) X*Xw*H2 ,

where || X||, = omax(X). We used two pseudoinverse properties (any matrix X and orthogonal ma-

trix O hold X = XX*+X and (XO)"=0TX"). Our upper bound is sharp, i.e., it saturates when
all nonzero singular values of X are identical. This allows for exact worst-case forgetting analysis.

'In the realizable case, minimizing the squared loss of a linear model using (stochastic) gradient descent, is
known to converge to the projection of the initialization onto the solution space (see Sec. 2.1 in|Gunasekar et al.
(2018)). This happens regardless of the batch size (as long as the learning rate is small enough). Finally, the
projections are given mathematically using the pseudoinverses (e.g., see Sec. 1.3 in|Needell & Tropp, (2014)).
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2.3 KEY RESULT: INTERPLAY BETWEEN TASK-SIMILARITY AND OVERPARAMETERIZATION

We now present our main theorem and illustrate it in Figure 2] on random synthetic data.
Theorem 3. Letp > 4,d € {1,...,p},m > 2. Define X, 4 = { X € R™P | n > rank(X) = d }.
Define the Dimensionality of Transformed Subspace o = “> as our proxy for task dissimilarity and
BE1- % as our proxy for overparameterization. Then, for any solution w* € RP (Assumption ,
the (normalized) worst-case expected forgetting per Def. 2| (obtained by SchemelI) is
]EoF(O; X, W*)

max Y r 1 =

XeXyq || X[[3]| X+ Xw|

a(2+,6’ (a® —6a® + 11a — 8) + 5% (—5a® 4 220* — 30a + 12) +

8% (50 — 18a” + 200 — 6)> +0 (;) ,

where X Xw* projects w* onto the column space of X. Notice that || X||3]| X+ Xw

sary scaling factor, since the forgetting | Xwy —yl|* = ||Xwy—Xw*|* naturally scales with | X3
and | XTXw*||2. The exact expression (without the O notation) appears in Eq. (8) in Appendix

*||? is a neces-

The full proof is given in Appendix [C] Below we outline an informal sketch of the proof.

Proof sketch. In our proof, we show that the expected forgetting is controlled by two important
terms, namely, Eo (] OTE% (I - O) e¢)2 andEp (e O'ETX (I-0O) ej)2 fori # j, where
e; is the 7™ standard unit vector. Each of these expectations is essentially a polynomial of the
entries of our random Q,,, Q,,, from Eq. @) To compute these expectations (in Lemmas |§| and E[),
we employ exact formulas for the integrals of monomials over the orthogonal groups in p and m
dimensions (Gorinl 2002). A more detailed proof outline is given in Appendix [C]
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Figure 2: Empirically illustrating the worst-case forgetting under different overparameterization lev-
els. Points indicate the forgetting under 1000 sampled random transformations applied on a (single)
random data matrix X. Their mean is shown in the thin orange line, with the standard deviation
represented by a gray band. The thick blue line depicts the analytical expression of Theorem
Here, we restrict the nonzero singular values of X to be identical, saturating the inequality in Eq. (4)).
Indeed, the analytical bound matches the empirical mean, thus exemplifying the tightness of our
analysis. For completeness, in Appendix[C.3] we repeat this experiment with p = 10 and p = 1000.

2.3.1 INTERESTING EXTREMAL CASES

To help interpret our result, we exemplify it in several interesting regimes, taking either the task
similarity proxy « or the overparameterization proxy f to their extremes.

Highly overparameterized regime (6 = 1 — % — 1). Plugging in 5 = 1 into Theorem we get
EoF(0: X, w*) ) 2 2

e O N (o P

A XX T =) ®

This behavior is illustrated in Figure[I(a) and in the top part of Figure[3] The non-monotonic nature
of this behavior and its peak at «w=0.5 corresponding to intermediate similarity, seem to agree with
Figure 3(a) in|Evron et al.|(2022) (especially when no repetitions are made, i.e., their k=2 curve).
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At the interpolation threshold (d =p = g =1— ;% =0). In this extreme, the theorem asserts,

2m

max Eo F(0; X, w”) =2q =
XeX,q [|X[FIXFXwH|2 7 p

This behavior is illustrated in Figure and in the rightmost plot of Figure [2] Notably, we get
a monotonic decrease in forgetting as tasks become more similar. This seems to contradict the
conclusions of [Evron et al| (2022)), according to which intermediate task similarity should be the
worst. We settle this alleged disagreement in our discussion in Section 4]

Minimal task similarity (m = p = a = % =1). Pluggingin a = 1 into TheoremE} we get

a EOF(O7X7W*)
max
XX, || X131 XHXw||2

:2—2B—ﬁ2+ﬂ3:§+2<§>2_<§)3'

This minimal task similarity regime matches the (noiseless) model of |Goldfarb & Hand| (2023),
where a (generalization) risk bound with a scaling of \/% was proven under a particular data model.

2.3.2 THE ENTIRE INTERPLAY BETWEEN TASK SIMILARITY AND OVERPARAMETERIZATION

The figure below illustrates our main result (Theorem [3). While high task similarity consistently
reduces forgetting, this effect becomes more evident with sufficient overparameterization. Notice-
ably, non-monotonic effects of task similarity (our DOTS), only occur when the model turns highly
overparameterized. Importantly, we observe once more that even with extremely high overparam-
eterization levels (5 =1 —% — 1), forgetting does not vanish entirely. Instead, this outcome is

contingent on task similarity, as captured by our DOTS measure. For instance, Eq. (3) shows that
when a = 2+ = 0.5, the worst-case forgetting becomes (0.5)* = 0.0625 when S=1— % —1.

Highly overparameterized regime

0.99 \\_,/
0.98 \

0'8 1

0.0 0.2 0.4 0.6

.0
High task similarity Dim. of Transformed Subspace (a)

102 107t 0.0 0.2 0.4 0.6 0.8 1.0

- 1.0 1.0 =
r08 08 )
«Q %]
- 107t AT
s 8
S &
o 1)
06 {06 o
o] 2D
+102 O
o 0]
(@]
e -
0]
04 © 04 o
© —=h
o o
5] e
> o)
o =
0.2 0.2 5
Q

0.0 0.0

Figure 3: Levelsets depicting our main result from Theorem [3] The entire space (combinations
of «, ) appears on the lower-right subplot. We zoom into more interesting regimes, i.e., high task
similarity and high overparameterization, on the lower-left and upper-right subplots (respectively).
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2.4 EMPIRICAL FORGETTING UNDER AN AVERAGE-CASE DATA MODEL

We aim to simulate the (linear) model from Section [2] and show that the average-case behavior
matches the joint effect that task similarity and overparameterization have on the worst-case for-
getting as analyzed in our Theorem 3] We choose the data model of (Goldfarb & Hand| (2023) for
its clear analogies to learning with neural networks. Under this model, n samples of effective di-
mensionality d are sampled independently. The latent dimensionality p of the samples controls the
overparameterization level. These parameters are precisely defined in Section 2.1 therein. We also
utilize the same hyperparameters and noise levels as defined in their numerical simulations in Sec-
tion 2.3. We compute the statistical risk and training error (MSE) of w1, wo, and the null estimator
on task 1 as a function of « € [0, 1] for p € [500, 1000, 3000] averaged over 100 runs.

Risk on Task 1 Training Error on Task 1
10?4 104
« 1004 10°
e
L0
10714 10714
10_2< L8 & B N ___§ B N _§ 8§ |} 10_2<
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
DOTS (a) DOTS (a)
wi, p=500 ws, p=500 ==uunnuns Ny|| estimator
e e /1, P=1000 W, p=1000
e /1, P=3000 wy, p=3000

Figure 4: Results of the numerical simulation. Risk and training error on task 1 are plotted as a
function of « for various levels of p. The solid (blue) curves denote performance on task 1 of an
estimator that is trained on task 1 and then on task 2. The dashed dark lines denote performance on
task 1 of an estimator trained on task 1 only. The dotted black line denotes the performance of the
null estimator. Training error curves for w; are omitted as these values are O for p > d.

The results of the experiment are shown in Figure ] The dotted black line denotes performance of
the null estimator (the parameter vector 0,) providing a level for which any non-trivial estimator
should beat. The dashed horizontal lines denote the risk of the single task estimator on task 1,
providing a hypothetical best-case bound for wy. The forgetting of the model is then defined by the
difference between the performance of wy (grey curves) and the performance of wy (blue curves).
The grey curves are omitted for the training error plot as the single-task training error is O for p > d.
Thus, forgetting in training error is controlled solely by the performance of wa.

Comparing Figure [2] (for the worst-case forgetting) and Figure [] here (for the average-case data
model) reveals that the interplay between task similarity and overparameterization in both cases
agrees with our analytical result in Theorem @ Here, for large p (3000), we observe a N-shaped
curve for the forgetting of wo, where the highest amount of forgetting occurs in the intermediate
similarity regime. The model under small p (500) has the greatest forgetting when tasks are most
dissimilar. Forgetting risk at the extreme of a = 1 reduces to the model of |Goldfarb & Hand|(2023),
whose main result explains why overparameterization is beneficial in this setting. Additionally, it is
not surprising that higher levels of overparameterization benefit the single task risk setting of wy, as
this reduces to the model of [Hastie et al. (2022)) where the double descent behavior was observed.
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3 NEURAL NETWORK EXPERIMENTS

In this section, we examine whether our analytical results apply to a continual learning benchmark
using neural networks. The permuted MNIST (LeCun, [1998)) benchmark is a popular continual
learning problem that has been used to measure the performance of many state-of-the-art continual
learning algorithms (Kirkpatrick et al.l |2017; |Zenke et al., 2017} [Li et al|2019). One performs a
number of uniformly chosen permutations on the 28 x 28 images of the MNIST dataset. This results
in equally difficult tasks (for an MLP): each task is a different pixel-shuffled version of MNIST. One
then trains in sequence on these tasks and measures catastrophic forgetting. We consider a variant
of the permuted MNIST benchmark, first suggested by [Kirkpatrick et al.[|(2017), where instead of
permuting the entire image, we only permute a square grid of pixels in the center of the image.
Define the width/length of the permuted square to be the “permutation size” (P.S). When PS = 0,
each task is identical and thus extremely similar. When PS = 28, each task is fully permuted
and thus extremely different. Any value of PS € (0,28) can be deemed to have some level of
intermediate similarity. Figure [5]shows examples of high, intermediate, and low similarities in this
setup. We are interested in the relationship between P.S and catastrophic forgetting. Based on prior
work (Ramasesh et al.l [2021; [Evron et al., [2022), it seems we should expect the most forgetting to
occur in the regime of intermediate similarity in a two-task scenario.

PS =14

I\

Figure 5: Three versions of permuted MNIST for PS = 0 (high similarity), P.S = 14 (intermediate
similarity), P.S = 28 (low similarity).

We use vanilla SGD to train a 2-layer MLP of width 400 on sequences of up to 4 tasks of MNIST and
EMNIST (a more difficult 26-class version of MNIST for handwritten English letters; see |Cohen
et al.| (2017)). After each task is trained, we report the test error on all seen tasks. We compare
forgetting across varying permutation sizes. See Appendix [A]for complete implementational details.
The results are shown in Figure[6] The leftmost plots best illustrate the relationship between P.S and
forgetting. The remaining plots are intended to ensure that each new task is being sufficiently fit.
We observe a N-shape behavior where the most forgetting occurs around PS € [16, 24], agreeing
with our hypothesis that forgetting is most severe for intermediately similar tasks.

Now consider the experiment in Figure[6]but using a 2-layer MLP with a lower overparameterization
level. For each dataset, we find an overparameterization level that is significantly lower than before
but still saturates to the training data and has comparable single-task test error as the highly overpa-
rameterized version. For MNIST we choose width 20 and for EMNIST we choose width 40. The
results of this experiment are shown in Figure [/| We can observe that the N-shape behavior is now
less pronounced and it appears that the continual learning problem has relatively equal difficulty
for intermediately similar tasks as for extremely dissimilar tasks. This general behavior agrees with
our previous results on the relationship of overparameterization and forgetting in Section[2] both in
the theoretical results and numerical simulations. See Appendix [B| for evidence of the connection
between the notion of similarity in permuted MNIST and the NTK feature regime.
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Figure 6: Results of the permutation experiment for varying levels of permutation size. The archi-
tecture is a 2-layer MLP of width 400. Model 1 corresponds to the net that is trained on task 1,
Model 2 corresponds to the net that is trained on task 1 then task 2, and so on. Plotted curves have
been averaged over 10 runs and error bars denote standard deviation of test error over the runs.
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Figure 7: Replication of the experiment in Figure [6] using less overparameterized 2-layer MLP
models (width 20 for MNIST and width 40 for EMNIST).

4 DISCUSSION

While several related works study continual learning theoretically (Kim et al.| 2022} Heckel, 2022)),
only some of them study the relationship between task similarity and catastrophic forgetting. [Ben-
nani et al.| (2020) prove generalization bounds which suggest that forgetting is more severe when
tasks are dissimilar. [Lee et al|(2021)) analyze a student-teacher setup, showing that intermediate
tasks forget the most. [Li et al.[ (2023) show regimes for which dissimilar tasks may be difficult
and where performance on intermediately similar tasks can benefit from regularization. Experimen-
tally, Ramasesh et al.|(2021) provide evidence that intermediate task similarity is most difficult by
studying learned feature representations during training on a number of modern neural networks.
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Geometric interpretation and Comparison to Evron et al.|(2022). Previous studies utilize prin-
cipal angles between the solution subspaces of the two data matrices (X, X9) to quantify task
similarity (Doan et al.,[2021; |[Evron et al., 2022). [Evron et al.|(2022) show analytically that interme-
diate task similarity (an angle of 45°) is most difficult in two-task linear regression. Their analysis
applies to any two arbitrary tasks, and thus seemingly contradicts the behavior observed, e.g., in
our Figure where maximal dissimilarity is most difficult. The key to settling this apparent
disagreement is the randomness of our transformations (Eq. (I)). Their analysis focuses on any two
deterministic tasks, while our second task is given by a random transformation of the first, as done
in many popular continual learning benchmarks (e.g., permutation and rotation tasks).

To gain a geometric intuition, consider two tasks of rank d = 1 (x;, X2)E] Consider also a max-
imal task dissimilarity (DOTS of o = % = 1). Then, x5 = Ox; is a completely random ro-
tation of x; in p dimensions. It is known that E|{ % T Ty NS 7 (Remark 3.2.5 in |Ver-

shymn (2018)) Near the interpolation threshold, e.g., when p = 2 (recall that d = 1), we get
E|{ ot RS Y~ 75 = E/(x1,x2) =~ 45°, corresponding to the intermediate task dissimilarity

in |[Evron et al. (2022), where forgettlng is maximal. Conversely, given high overparameterization
levels (p — 00), we get E|< EE HXzH>’N7 — 0 = E4(x1,x2) — 90°, corresponding to the

maximal task dissimilarity in|Evron et al.|(2022), where forgetting is minimal.

Comparison to Lin et al. (2023). |Lin et al.| (2023) prove generalization bounds on forgetting
which suggest that forgetting may not change monotonically with task similarity. However, their
data model is not suitable for high overparameterization. For example, in the limit of high over-
parameterization, their model is performing as well as a null predictor. In contrast, we focus on
the training error, and do not assume a specific data model for the first task, which allows us to
generalize even in the highly overparameterized regime.

A starting point for analysis. Our work focuses on linear models and data permutation tasks.
Exploring linear models using (stochastic) gradient descent is the most natural starting point for
theoretical analysis, as an initial step towards understanding more complex systems. Moreover,
recent work shows connections between extremely overparameterized neural networks and linear
models via the neural tangent kernel (NTK) (Jacot et al.| (2018)); but also see |Wenger et al.|(2023)).
We choose to study data permutation tasks for their well-defined mathematical relationship and
generation of equally difficult tasks (for a fully connected model). However there is criticism that
permutation tasks are relatively easy to solve in practice and only provide a best-case for real-world
problems (Farquhar & Gall 2018} [Pfiilb & Gepperth, |2019). Despite these critiques, we believe that
the data permutation setting is the most amenable for initial theoretical results.

4.1 LIMITATIONS AND FUTURE WORK

Our analysis in Section [2| has centered around a continual linear regression model. An immediate
next step is to explore the extension of our analysis and empirical findings to more intricate non-
linear models (e.g., MLPs, CNNs, and transformers) or to other notions of task similarity. Another
avenue of investigation involves extending the analysis to continual classification models, possibly
using the weak regularization approach suggested by |Evron et al.| (2023).

Our analysis has also primarily examined settings with 7' = 2 tasks. Extending these analytical
results to 7" > 3 tasks poses an immediate challenge. The complexity of our analysis, which already
required intricate techniques and proofs, suggests that tackling the extension may be considerably
difficult. Moreover, the convergence analysis presented in a previous paper (Evron et al.| 2022)) for
learning 7" > 3 tasks cyclically has proven to be notably more challenging than that for 7" = 2 tasks
(and was further improved in a follow-up paper (Kong et al.|[2023)).

Finally, since our models are linear, our proxy for overparameterization, i.e., 5 = 1— %, directly con-
trols the overlap between the task subspaces (see also the geometric interpretation above). Clearly,
this proxy is different than the width of deep networks. On the other hand, there are still relations
between these two proxies through the theory of the NTK regime (Jacot et al., 2018). A further
examination of these relations, both theoretically and empirically (perhaps in the spirit of our Ap-
pendix B] and |[Wenger et al|(2023))), could benefit the continual learning literature.

2For simplicity, we discuss the principal angles between x1, X2 instead of between their nullspaces (i.e., the
solution spaces). In two-task scenarios, these are essentially equivalent (see Claim 19 in Evron et al.|(2022)).
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Table 1: Hyperparameters for the neural network experiments

Hyperparameter | Value
learning rate 0.01
batch size 64
epochs / task 100
momentum 0
dropout 0

A NEURAL NETWORK IMPLEMENTATION DETAILS FOR SECTION 3]

Table [T] reports the hyperparameters used in the neural network experiments. All architectures used
ReLU activation functions for the hidden layers and softmax for the output layers. Weights were
initialized as Uni f (’71, %) where i is the input dimension of the given layer. The experiment in
Figure[6lused intermediate width 400 and the experiment in Figure[7]used intermediate width 20 for
MNIST and 40 for EMNIST.

B NTK FEATURE SIMILARITY EXPERIMENTS

relation between datasets A, B € R™*P is > | I\aaﬂ’\llg\‘l /n. Figure || plots the average correlation

between original MNIST and permuted MNIST as a function of permutation size. We see that the
average correlation is monotonic in permutation size — extremely high for low permutation size
and extremely low for high permutation size. This provides evidence of the connection between the
centered permuted MNIST problem and task similarity in the NTK regime.

Let a,b € RP be two sets of NTK features and define correlation as i< al th Then the average cor-

1.0

0.8 1

0.6 1

Average correlation

0.2 1

0 5 10 15 20 25
Permutation size

Figure 8: Results of the permuted MNIST NTK feature similarity experiment.
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C SUPPLEMENTARY MATERIALS FOR OUR ANALYTIC RESULTS (SECTION@

Throughout the appendix, we denote the singular-value decomposition of a given X € R"™*P by
X = UXV' for ¥ € R"*P. The number of nonzero entries on the diagonal of X is d = rank (X).

Recall Theorem 3
Let p>4,d € {1,...,p},m > 2. Define X,y = {X &R |n>rank(X)=d}.

Define the Dimensionality of Transformed Subspace o £ % as our proxy for task dissimilarity

and £ 1 — % as our proxy for overparameterization. Then, for any solution w* € RP (Assump-
tion[I), the (normalized) worst-case expected forgetting per Def. [2] (obtained by Scheme[I)) is

EoF(0; X, w*)

max 2+ +11la — 602 — 8) + 82 (=5a® + 2202 — 30 + 12) +
R XX Xow 2 ( Ao )+ )

8% (5a° — 18a? +20a—6)> +0 <1) ,
P

where X+ Xw* projects w* onto the column space of X. Notice that ||X||?||X*Xw*||? is a neces-
sary scaling factor, since the forgetting || Xwo —y||* = || Xwsy—Xw*||? naturall‘scales with || X]|?
8

and || X+ Xw*||2. The exact expression (without the O notation) appears in Eq. (8) in Appendix

Proof outline. We start our proof (below) by showing that the expected forgetting is sharply upper
bounded as,

=rEoF (0 X, w* (e OTETE (1-0) =TTV W)’

“M&

(VW)

M=

= (IEO (e;OTETE(I- O)e1)2 +(d—1)Eo (e{ O'=*X(I-0) e2)2>

i=1

=[IX+Xw||?
where e, es are the two first standard unit vectors in RP. This directly implies that,

2

EoF(0; X, w*) TOT 2 TOT
<Eo (e/O'E"X(I-0)e;) +(d—1)Ep (e, O'ETE (I - 0)ey)
X% X Xow |

solved in Lemmal@] solved in Lemmal§]

Each of these two expectations is essentially a polynomial of the entries of our random orthogonal
Q, € RP*? Q,, € R™*™ which form the random operator O = Q, [ Qm I } Q; as

p—m
explained in Eq. (T).

We compute these two expectations (in Lemmas [6] and [§) by employing exact formulas for the
integrals of monomials over the orthogonal groups in p and m dimensions (Gorin, 2002). Our
derivations often get complicated, and so we split them into three appendices:

1. Appendix|C|(below): Derivations of more complicated expressions involving the operator O.

2. Appendix [D} Derivations and properties of monomials of general random orthogonal matrices,
mostly using results from (Gorin| (2002).

3. Appendix [E} Derivations of auxiliary expressions (mostly involving Q,,, Q) that are used as
building blocks in multiple derivations.
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Proof for Theorem[3] Starting from Eq. (4)), we show that for any given X, w* it holds that

mrEoF(0; X, w) = 5Ly Eo XX TXOTX*X (I - 0) X* Xw|

X1 1X]

(6)
< Eo|X*XOTX*X (I-0) X Xw*|*,

where, importantly, the inequality saturates when all the nonzero singular values of X are identical.
Plugging in the SVD, i.e., of X = UXV ", we get

XpEEoF(0; X, w*) <Eol[VEFEVIO'VETSV' (I-0) vetsvTw|?
=Eo|ZfEZVOTVETEVI (I-0)VEiEV'

where the last equality stems from spectral norm properties (recall that V is an orthogonal matrix).

Following our definition of O = Q,, {Qm Ip,m] Q; (Eq. H and since Q,, is sampled uniformly

from the orthogonal group O(p), we notice that O and VT OV are identically distributed. Hence,
we can rewrite the above expectation as

XpEEoF(0; X, w*) <Eo[[="S0S*E (1-0) seviw’

x|
- 2
[=ts=(z+5)? Ze e, 0TS (I-0)= v
i=1
d 2
[Pythagorean theorem] = Z E (e;ro—r2+2 (I _ O) E+EV) ||el||2 ) (7)
=1

=1

Remark 4 (Ease of notation). For simplicity, in the equation above and from now on, we omit
the explicit subscript notation whenever it is clear from the context of our derivations what the
expectation pertains to. For instance, instead of writing Eo [F(O; X, w*)| we can simply write
E[F(O; X, w*)].

As another example, we often analyze (for i # j) expressions of the following spirit,
Q 2
Eo (eiTOeJ) = Eq,~0().Qn~0(m) (e Qp { " | I ] Q;ej)

2
Qm
= Eu,vwspfl(p):ulv <uT |: Ipfm v )

QmNO(m)

where the last step follows from the angle-preserving property of orthogonal operators (Q,). For
the sake of simplicity, we take the liberty to also write the expectations above as,

2 2
e C Y R 9 S AP

Finally, when the dimensions are clear from the context, we interchangeably write matrices in the

two following forms: { Om I } = [ 0 I }, and { Qm 0 ] _ { Qnm 0 } .
p—m p—m p—m

14
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Back to the proof. Focusing on just one term from the above Eq. (7), we have,

d 2
E(e;O'ETE(I-0) E+Ev)2 =R <ejoT2+2 (I-0) ZejeTv>
2

(e OTSTE(I-0)e) (e] v)

E

M= T8

v;uE (] OTETE (I-0)ej) (e, O'ZTE(I-0)ey)

I
'M“

<
Il

—
B
Il

1

VE (e] 0TS (1-0)e;)’ +

|
,M&

<
Il
—

d
+ > vjuE(e]OTETE(I-0)e)) (¢ OTETE (I-0)ey)
j#k=1

=0, by Lemma[j]

V’E (] OTETE (1-0)e;)’

J

I
.M&

j=1
=E(e/OTETS1-0)e)’+ Y E(e/OTETE(I-0)e;)’
pr jelanii}
J#i
=E(e/OTETS(1-0)e;)  +E(e] O S*S(I-0)e)” Y w2

Jeld\{i}

We are free to use eq, e, instead of e;, e; (for ¢, j € [d]) due to the exchangeability of different rows
of Q,. For instance, notice that

k=1

E(e; 0TSt (1-0)e;)’ = E(Ed: e/ Q% |QJewelq, (1] ]) Q;ej>2.

That is, the expression is a function of Q;el, e Q;ed which are the first d rows of the random
Q, and are entirely exchangeable (see Prop. E])
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Going back to Eq. (),
d

T T 2

xpPEoF(0: X, w* Z O'X E(I-0)="=v)

d
=Y |E(e]OTSTE(I-0)e))’ +E(e]O TSI -0)er)” Y o?
=1

je[d]\{‘}
d

=E(e]O'S*S(I-0)e))’ Y 12 +E(e] O’ S*S (I 0)ey) Z Yo
i=1 i=1 jedN\ (i)

—E(e]O'SS(I- 0)ey) Zv +E(e[OTS TSI -0)es)*Y (| Y 03] —o?
i=1 i=1 jeld)

12 +E(e] OTETE (1- 0)ey)” dva—va

M= 1

=E(e]O'SS(I-0)ey)’
1

.
Il

—E(e;O"S"E(I-0)e)’

M-

v} +E(e[ 0TS (I-0)es) (d 1) 07

s
Il
—
-
I
—

- (E (efOTETE(I- O)e1)2 +(d-1)E(e;O'E"2(I-0 > Zv

Interestingly, in this worst-case scenario, the direction of w* that lies in the column span of X, i.e.,
X+tXw* = VETEV  w* does not play a role, but only its scale |[VEFTEVTw*|| = [|[Vv| =
¢

[|v] = Zf L v? (since v is only nonzero in its first d entries). Normalizing by this scale, we get,

EoF(0; X, w*)
| [ Xow|*

<E(e/O'S*S(I-0)e) +(d—1)E(e]OTSTS(I- 0)ey)’,

solved in Lemmal@] solved in Lemmalg]

where we remind the reader that the inequality saturates when all the nonzero singular values of X
are identical.
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By plugging in the two lemmata and after some tedious algebraic steps, we get the final bound of,
max EoF(O; )(7 W*)
XeX,q || X2 [|X+Xw* |2
mp? (2+p+p?) —2m°p(24+10p+13p° +p* ) +mp(240+230p—15p° +-50p° —2p* +p° ) n
(p—3)(p—2)(p—D)p(p+1)(p+2)(p+4) (p+6)
m(p®—28p° +47p* —324p° —60p® —240p—576) +2p(288+120p—90p>+71p° —6p* +p° ) n
(»—3)(p—2)(p—1)p(p+1)(p+2)(p+4) (p+6)
d. m*p(—7p—2—6p>)+m? (16p* +18p°+74p° +92p+48) +m?(—11p° —223p® —267p” —302p—240)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
d. m(2p®—3p°+168p* —33p° +728p° +1124p+192)+(74p* —240p—576—490p> —252p* —24p°) " (8)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

22 - m*p(6+5p)—2m® (8p°+13p°+9p+18) +m? (15p*+24p° +106p>+162p+36) n
(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4)(p+6)

9d? - m(—3p5+3p4—129p3—191p2—198p—144)+p(288+246p—15p2+26p3—p4) n
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

&P m*(—5p—6)+m®(18p”+34p—12)+m? (—20p° —46p> —39p—42)

(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
ey m(6p*+10p®+96p°+154p+60)+(2p* —30p° —32p> —144p—144)
(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4)(p+6)

The above is the exact expression for the worst-case forgetting. To reach the O notation, we assume
that p > 1, and so we are left with the most significant elements of each product. That is, we show
that,

~ 7n4p2 (pz)—2n1,3p(p4)+7rL2p(p5 ) +m(p6)+2p(p5) 7n4p(—6p2)+m3 (16p4)+m2 (—11p5 ) +7n(2p5)—24p5
~ g

p +d p®
o m*p(5p)—2m? (8p3)+m2 (15p4)+m(—3p5)+p(—p4)
2d 8 +
d3 m4(—5p)+m3(18p2)+m2(—20p3)+m(6p4)+(2p4)
P8
— m472m3p+m2p2+mp2+2p2 +d76m4+16m3p711m2p2+2mp3724p2+
p* p°
2d2 5m4716m3p+152n2p273mp3 —p* + d3 75m4+18m372077712p2+6mp3+2p3
p p
— m472m3p+mip2+mp2+2p2 + g76m4+16m3p711T2p2+2mp3724p2+
p p P

) d 257n4716m3p+15)77121)273mp37;1)3 + d 3 75m4+18m3720m2p2+6mp3+2p3
P pt P pt

_ m=2mpt(m?+m+2)p? d\ —6m*+16m®p—11m2p®+2mp*
- p + ; pA +

9 (4)2 5m4716m3p+151n2p27(3m+1)p3 + (4)3 75m4+18m3p7204m2p2+(6m+2)p3
p p p

- () 2(5) + () +(2) 33+ (D) (0 (3) 1o (3) -1(3) 2 () +
2() (o (5) -0 (z) +15(2) -3 (5)-4) +
(1) (-5(z) +1s(5) - (z) +0(2) +3)

—20° +a® 4 (1 = B) (—6a* + 16a* — 11a* + 2a) +
2(1-B)° (50" = 160" +150% - 3a) + (1 - )° (~5a* + 18a® — 2002 + 6a) + O (1)

1
P

=

i

A
=«

= a(2+ 8% (50° — 18a% + 20a - 6) + § (~50° + 220% — 30a + 12) +

B(a® ~6a? + 11a-8) ) +0 (1)
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Lemma 5. Leri € [d] and let j,k € [d] such that j # k. It holds that
E(ef;O'=tZ(I-0)e;) (e O"STE(I-0)e;) =0.

Proof. The expectation can be decomposed as,
E(e;O'STS(I-0)e;) (e;O'STE(I-0)es)
=E[(e]O"E"Se;) (] O'="Se;)] —E[(e] O'="Se;) (e] O' =TS 0e;)]
—E[(e; O'="20e;) (¢; O = Se; )| + E[(ef OTZX0e€;) (ef O'EX0e;)]
=E[(e]O"e;) (e/Oer)] —E[(e/ O'e;) (] O'TT0e;)]
—E[(e; O'E"%0e;) (e; O'er)] +E[(ef OTETS0¢;) (ef O'ETS0ey;)] ,

where the last step holds because j, k € [d] and therefore £ Xe; = e;, X1 Xe;, = ey.

Following the definition of O (Eq. (1)), the first expectation becomes

B [(e07e)) (e]07er)] ~Eq,a. e/ @ [+,

T T Qn T
} Q,ei-€,Q, [ I,,,m} Q, el} .
——
AA
Since j # k, we must have either j ¢ {i,k} or k ¢ {i,j} (or both). Denote the relevant rows of

Q, by q; = Q;ei, q; =S Q;ej, qr = Q;ek and notice that they are independent of Q,,, (or A).

Without loss of generality, j ¢ {4, k}. The above expectation becomes Eq, q,, [4; Aq; - q; Aq;],
where q; appears only once (an odd number). By Cor. @, the expectation vanishes.

Quite similarly, the second expectation becomes

d
E[(e;O'e;) (6] OTETX0e;)] =) Efe/O"e;-e/0e; e/ Oey]

t=1
d
=> ElajAq;-q/ Aq; - q/ Aqy] .
t=1
Notice that both ¢, appear an even number of times in (each of) the above expectation(s).
Since j # k, at least one out of j, k appears an odd number of times (either one, three, or five)
in each of the above expectations. Again, by Cor.[T1] this expectation vanishes. Clearly, the same
holds for the third expectation.

The fourth expectation is,

M=

E [(e?OTE*‘EOej) (e;rOTEJFZOek)} = E [(e;rOTegeZOej) (e;'—OTete;—Oekﬂ

£,t=1

M=

E[a/ Aqi -9/ Aq; - q; Aq; - q/ Aqy] .

0,t=1

Notice that ¢,¢,¢ appear an even number of times in (each of) the above expectation(s).
Since j # k, at least one out of j, k appears an odd number of times (either one, three, five, or
seven) in each of the above expectations. Again, by Cor. this expectation vanishes.

O
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C.1 DERIVINGE (¢/O'E"3 (I - 0O) ei)2

Lemma 6. Letp > 4,m € {2,...,p},d € [p], and let O be a random transformation sampled as
described in Eq. ({I). Then, Vi € [d), it holds that

E(e]O'STE (1-0)e;)
_ m*(p*+2p)—2mPp®+m? (p* —4p®+20p? —24) +m(3p* —10p® +63p +6p—72) +2(p+1) (p° —11p? +38p—24)
- (p—D)p(p+1)(p+2)(p+4)(p+6)
d(p+1)(—2m* +6m3p—2m?2(p—1)(2p—5)—12m(p® —3p+3) —8(p> —8p+6)) n
(p—1)p(p+1)(p+2)(p+4)(p+6)
d? (4mp(7m2+m+4)+4(m+1)(m+2)p2+(m76)(mfl)m(m+1)78(2p+3))
(p—D)p(p+1)(p+2)(p+4) (p+6)

_|_

Proof. We decompose the expectation as,
E(e; 0TS (I-0)e;)’
—E(e] Oe;)” — 2E [(e] Oe;) (¢] OTE"X0e,)] +E (e] 0" =*0e;)” ,
and derive each of its three terms separately in the following subsections.
By adding these three terms and by simple algebra, we get the required result,

_ m2—2mp—m—+p>+2p+2 _9 (pfm)(d(7m2+2mp+3m76)+m2p72mp273mp+p3+5p2+8p*8) +
- p(p+2) (p—1)p(p+2)(p+4)
3(m+4)(m+6)+(p—m)(p—m+2)(mz—Qmp—4m+p2+10p+36) n
p(p+2)(p+4)(p+6)
(d—1)(—=724+m* (—1—2p)—72p—20p> —20p° +m?® (6+16p+8p* ) +m” (—47—70p—34p> —10p*)) +
(r—1)p(p+1)(p+2)(p+4) (p+6)
(d—1)(m(42+136p+114p>+22p°+4p*)) n
(p—1)p(p+1)(p+2)(p+4)(p+6)
(d—1)d(4mp(—m?+m+4)+4(m+1)(m+2)p°+(m—6) (m—1)m(m+1)—8(2p+3))
(p—1)p(p+1)(p+2)(p+4)(p+6)
m* (p?+2p) —2m>p®+m? (p* —4p®+20p® —24) +m (3p* —10p® +63p +6p—72)+2(p+1) (p> —11p>+38p—24) n
(p—D)p(p+1)(p+2)(p+4) (p+6)
d(p+1)(—2m*+6m®p—2m?(p—1)(2p—5) —12m(p° —3p+3) —8(p> —8p+6)) n
(p—1)p(p+1)(p+2)(p+4) (p+6)
d? (4mp(7m2+m+4)+4(m+1)(m+2)p2+(m76)(mfl)m(m+1)78(2p+3))
(p—1)p(p+1)(p+2)(p+4)(p+6)

Remark 7 (Explaining proof techniques). In this subsection, we explain the proof steps more thor-
oughly than in other places, since most of the techniques repeat themselves throughout the appen-
dices.
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C.1.1 TERM I: E (] Oe;)’

Recalling RemarkEj on our simplified notations, we show that,
2 2
I S

S (S A DR (R B R I

Opening the product above, by Cor. [I2] we are only left with the following terms:

uuT|:Qm 0:“}

=F uT{O Ipm]uuT[O Ipm}u}—FE[uT{Qm 0

=E _(u;ub)z} +E [u; Quueu, Qnu,]

Ug
uy

e RP

where, like we frequently do throughout the appendix, we decomposed u into u = [

with u, € R™ and u, € RP™™. This decomposition is often useful, since for two or-

thogonal unit vectors u,v, it holds that 0 = u'v= u;—va + u;')—vb = ul—va = —u;'—vb and
2 2 2 2 2

L= lul]” = [Jua|” + [w[” = [[ua]|” =1 = [Jup|".

Another “trick” that we use often, is to reparameterize Q,,u, (for Q,, ~ O(m)) as ||u,]| r for

r ~ 8™~ 1. Then, the expectation above becomes,

— 8 flul"] + & ol o] (1 ) | = [lul] + 2 ]

S IID ORI RS ) St
i=m—+1j=m+1 =1 j=1
=(p-mE[u)] +(p-m)p-—m-1)E[u_ju)] + % (mE [u] +m (m —1)E [ufu3)])

=(p—m)E [uf] + (p—m)(p—m—1)E [uiu3] + E [ui] + (m — 1) E [ufu3] ,

where in the last step we used the fact that different entries of u are identically distributed (see also
Prop. [9). Using simple algebraic steps and employing the notations presented in Appendix [D] for
monomials of entries of random orthogonal matrices, we have

=(p-m+1)E [uﬂ + (m2 —2mp+2m+p? —p— 1)]E [u%u%}
4 2
:(p—m+1)<—>>—|—(m2—2mp+2m+p2—p—1)< 2 >
0 i
Finally, we plug in the expectations (computed in Appendix D)), and get

3p—m+1) m?>—2mp+2m—+p*—p—1_m?—2mp—m+p*>+2p+2

p(p+2) p(p+2) p(p+2)
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C.1.2 TErRM2: E[(e] Oe;) (6] O =T 0¢;)]
It holds that,
E [(e] Oe;) (e TOTEJ“EOe»)} =E[(e] Oe;) (e OTE"=0e)]

=E

d
e/ Oeie] 07 Zekek Oell = ZE [eIOeleIOTeke;—Oeﬂ
k=1 k=1

i]E { e, Oe) e1 Oel} =E [(eIOel)ﬂ +(d-1)E [(e;Oel)2 eIOel}
k=1

—_—
solved in Prop.[T4] solved in Prop.
_ (p—m) (m?—2mp — 3m + p* 4 6p + 14) o) (p —m) (—m? + 2mp + 3m — 6)
(p—Dplp+2)(p+4)

p(p+2)(p+4)
_(p—m) ((p—1) (m? = 2mp — 3m + p? + 6p + 14) + (d — 1) (—m? + 2mp + 3m — 6))
p-1p+2)(p+4)
(p —m) (d (—m? + 2mp + 3m — 6) + m?p — 2mp? — 3mp + p* + 5p* + 8p — 8)
(p=1pp+2)(p+4)

C.1.3 TERM3: E (¢] OT £ X0¢;)’
It holds that,

d 2 d 2
E(eiTOTE+EOei)2: E (elTOTE+EOe1)2: E <e1TOTZ eke20e1> e (Z (e;Oe1)2>

k=1 k=1

d d d d

= ZZE ey Oe1 (e Oe1)2 = ZIE (e20e1)4 + Z E (ekTOel)2 (eZOel)2

k=1¢=1 k=1 k£t=1

k=t ke

= E (eIOe1)4 +(d-1E (e;Oe1)4 +

k=1, solved in Prop.[[§] ~ k>2, solved in Prop.

k=t
2(d-1)E (elTOel)2 (eQTOel)2 +(d-1)(d-2)E (e;Oel)2 (e;Oel)2
£#£k=1V k#£=1, solved in Prop.[T§] k,£>2, k¢ solved in Prop.[T9]

kL

We note in passing that since d < p, then when p = 2 = d < 2, the rightmost term is necessarily
zero. Therefore, we can use Prop. freely Vp > 2, even though it requires that p > 3.

2 3(m~+4)(m+6)+(p—m)(p—m~+2) (m?—2mp—4am+p>+10p+36
E(eiTOTEJrzoei) = p(p+2)(p+4(1)(p+6) )+
3(d—1)(m*—2m® (2p+3)+m? (4p>+4p—1)+2m(6p>+8p+3)+8(p>—2p—3)) +
(p—1)p(p+1)(p+2)(p+4)(p+6)
(m+4) (2mp+4p+m7m276) —(p—m)(p—m~+2)(m(m—2p—5)+10) n
(p—1)p(p+2)(p+4)(p+6)
(d—1)(d—2) (4mp(—m2+m+4)+4(m+1) (m+2)p? +(m—6)(m—1)m(m+1)—8(2p+3))
(p—1)p(p+1)(p+2)(p+4)(p+6)
N 3(m+4)(m+6)+(p—m)(p—m+2)(m2—2mp—4m+p2+10p+36) +
- p(p+2)(p+4)(p+6)
(d—1)(—=724+m* (—1—-2p)—72p—20p> —20p° +m° (6+16p+8p>)) n
(p—D)p(p+1)(p+2)(p+4)(p+6)
(d—1)(m?(—47—70p—34p> —10p® ) +m (42+136p+114p°+22p° +4p* ) ) n
(p—1)p(p+1)(p+2)(p+4)(p+6)
(d—1)d(4mp(—m?+m+4)+4(m+1)(m+2)p°+(m—6) (m—1)m(m+1)—8(2p+3))
(p—1)p(p+1)(p+2)(p+4)(p+6)

2(d—1)
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C.2 DERIVINGE (] O'ETX (I - 0O) ej)2

Lemma 8. Letp > 4,m € {2,...,p},d € [p], and let O be a random transformation sampled as
described in Eq. ({I)). Then, Vi, j € [d] such that i # j, it holds that

E(e]OTSTE (1-0)e;)’
_ (—4p®—6p>+12p)m*+m?(10p* +14p®+20p° +48p)+m> (—7p® —4p* —109p® —134p> —120p—144) +
B (p—3)(p—2)(p—1)p(p+1) (p+2) (p+4) (p+6)
m(2p°+3p°+84p* —45p° +336p +636p+144)+(—18p° +24p* —182p® —104p® —168p—288) "
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
J. 3m*(—4+4p+3p?) —4m® (p+2)(7p? —2p+6) +m? (26p* +44p° +163p? +256p+36 ) n
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4) (p+6)
d- —2m (3p°+102p°+142p> +154p+132) —2p(p+1) (p° —24p° +26p—204) n
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
£ m*(—5p—6)+m?(18p° +34p—12)+m? (—20p° —46p> —39p—42)
(p—3)(»—2)(p—1)p(p+1)(p+2)(p+4) (p+6)
22 m(6p*+10p®+96p°+154p+60)+(2p* —30p° —32p> —144p—144)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) ’

Proof. We decompose the expectation as,
E(e]OTETS (1-0)e;)”
—E (e] Oe;)” — 2E [(e] Oe;) (e] OTE"20¢;)] +E (e] OT£"30¢;)” ,

and derive each of its three terms separately in the following subsections. The final result in the
lemma is obtained by summing these three terms. O

C.2.1 TerM I: E (e] Oe;)”
It holds that,
2
E (eiTOej)2 =E (uT ([Qm Op_m} + [Om I”"”D v) =F (u;erva + ubTvb)2

=E (u;erva)2 + 2E (uIvaaqub) + E (u;rvb)2

solved in Eq. @) =0, by Cor.@ solved in Eq. @)
_ omp+m—2 m(p—m)  mp+m—2+m(p—m)
P—Dpk+2) (-1pp+2) P-1pp+2)

_ 2mp +m —m? — 2
(p—Dpp+2)
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C.2.2 TErRM2:2(e]Oe;) (e/ OTTTX0e;)
It holds that,

2E [(e] Oe;) (e] O'E%0¢;)] = 2E

d
e, Oeie] 07 E ekeEOeQ]
k=1

[
M-

d
E [e;—OeleIOTekegOeg] =2 Z]E [e;Oele;—Oele;—Oeg}
k=1

=
I

1

=2 E[e;OmeIOeleIOeg} +E {(e;—Oel)2 e;—Oeg} +(d-2) E[e;—Oele;Oele;Oeg]

solved in Prop. [20]

solved in Prop.[T] solved in Prop. [21]

_ . —m®—m+(m+1)p—2 —m2+4+2mp+3m—6 (d—2)(2m2—3mp—2m—p+8)
=2(p—m) < (p—1)p(p+2)(p+4) + (p—1)p(p+2)(p+4) + (p—2)(p—1)p(p+2)(p+4)

(p—=1Dpp+2)(p+4) (r=2)(p—1pp+2)(p+4)
2(p—m) (d(2m? —3mp —2m —p + 8) 4+ p (—2m? + 3mp + 2m + p — 8))
(r=2)(p—-Lplp+2)(p+4)

—2m2+2m+(Bm+1)p—8 (d—2)(2m* —3mp —2m — p+ 8)
=2(p—m)
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C.2.3 TERM3: E (e] OT£+X0¢;)”
It holds that,

2
E(e] OTS"X0e,)’ =E (e] 0T S+%0e,)” = E ( To’ Zekek 0e2>

d d
Z E (e, 10 Tere] Oeg) (61 O'ese, Oe2 = Z E (e, 1 Oe; -e/ 062> (ez—Oel ~eZOe2)

k=1 k=1
d ) d
= Z]E (e,:Oel . eQOeg) + Z E (ekTOel . e,IOeg) (e;Oel . eZOeg)
k=1 k#0=1
k=0 k0
‘We now show that,
d

ZE (eq Oe; - 62062)2 = 2E (e] Oe; - eirOeg)2 +(d—2)E (ej Oe; - e;,'—Oeg)2
k=1

k=1,2, solved in Prop.[T§] k>3, solved in Prop.[19]
2((m+4)(2mp+4p+mfm276)7(p7m)(p7m+2)(m(m72p75)+10)) n
(p—Dp(p+2)(p+4)(p+6)
(d—2) (4mp(—m>+m+4)+4(m+1) (m+2)p*+(m—6)(m—1)m(m+1)—8(2p+3))
(p—D)p(p+1)(p+2)(p+4)(p+6)
— z2(m=p=1)(m—p)(m(p+2)(m=2p—5)+2(5p+6)) |
(p—Dp(p+1)(p+2)(p+4)(p+6)
4m,(—m2+m+4)p+4(m+l)(m+2)p2+(m—6)(m,—l)m(m+1)—8(2p+3)
(r—D)p(p+1)(p+2)(p+4)(p+6)

d-
Moreover, we have that,

d
Z E (elOel ~e;0e2) (eZOel ~eZOe2)
k=1
=2 (e{ Oeje] Oe;) (e, Oeje; Oes) +4 (d — 2)E (ef Oejef Oes) (e] Oeje; Oes) +
k=1,6=2V k=2,=1, solved in Prop. ] k<2,6>3V k>3,£<2, solved in Prop. 4]
(d—2)(d—-3)E (e;—Oele;Oeg) (eIOeleIOeQ)

k+#£>3, solved in Prop.

By summing all of the above and by some tedious algebraic steps, we finally get that,

E(e] OTEtX0e;)”

_2p(m*(6—3p—2p°)+m®(—12—20p+15p°+7p®)+m> (18+13p+5p° —21p° —8p*) )

B (p—3)(p—2)(p—1)p(p+1)(p+2) (p+4)(p+6)
2p(m (3p°+8p* +21p°+28p> —14p—12) +p(12—4p—29p> —12p>+p*))

+

=3 =2 (p—Dp(p+1) (p+2) (p+4) (p+6) +
d. 3m*(—4+4p+3p”)—4m®(—6—13p+16p°+8p* ) +m? (—36+16p+29p>+88p°+36p* ) n
(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4) (p+6)
d. —2m(6p°+13p*+69p°+105p>+16p—12)+(—4p°+54p* +90p® +152p° +120p) n
(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4)(p+6)
iy m*(—5p—6)+m?(18p®+34p—12)+m? (—20p® —46p> —39p—42)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
ey m(6p*+10p®+96p°+154p+60) +(2p* —30p° —32p> —144p—144)

(r—3)(p—2)(p—1)p(p+1) (p+2) (p+4)(p+6)
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C.3 EXTENDING FIGURE[2ZE MORE RANDOM SYNTHETIC DATA EXPERIMENTS
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Figure 9: Empirically illustrating the worst-case forgetting under different overparameterization
levels. Points indicate the forgetting under many sampled random transformations applied on a (sin-
gle) random data matrix X. Their mean is shown in the thin orange line, with the standard deviation
represented by a gray band. The thick blue line depicts the analytical expression of Theorem [3] The
analytical bound matches the empirical mean, thus exemplifying the tightness of our analysis.
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D MONOMIALS OF ENTRIES OF RANDOM ORTHOGONAL MATRICES

Throughout the supplementary materials, we often wish to compute the expectation of an arbi-
trary monomial of the entries of a random orthogonal matrix Q ~ O(p) sampled uniformly from
the orthogonal group, e.g., ]EQ[q% 1q‘f QqS 5] Following Gorin (2002) we define a “power matrix”

M e Z’;O (for some R < p) that maps into a monomial l_L ie1 ; 7 constructed from the entries
of the first R columns of the random Q € RP*P. We denote the expected value of this monomial by

»,R o 2 0
Eq [H qff”} £ (M), forexample, Eqlq ¢5145.] 2 <%> %> :

We employ the notation O to complement M to have p rows. For instance, in the example above,
0 is a vector with p—2 zero entries.

The following are helpful properties of the integral (expectation) over the orthogonal group, as
mentioned in |Gorin| (2002).

Property 9 (Invariance of the integral over the orthogonal group). Let Q ~ O(p) and M € Zp XR.

1. Invariance w.r.t. transpose. Since Q and Q' are identically distributed, it holds that
(M) = (M), For example,

2.0 2 4 4
% 2 gt gt a2 ,q8 = (0 2 6>
<%ﬁ> EQ[(h 1‘]2 1(122%1‘132] EQ[Q1,1Q1,2Q1,3Q2,2Q2,3] <6’6’? .

2. Invariance w.r.t. row and column permutations. Since different rows/columns of Q are identi-
cally distributed, the integral over the orthogonal group O(p) is invariant under permutations
of columns or rows of the power matrix M (see also|Ullah|(1964)). For example,

421 2 6 4 2 6 4
<6> 6)> EQ[‘h 1Q2 142, 5ol = EqQlay 161202 2] = <% %> )

The following is a known property of odd moments in integrals (expectations) over the orthogonal
group (see |Brody et al.|(1981);|Gorin| (2002)).

Property 10. Ifthe sum over any row or column of the power matrix M is odd, the integral vanishes,
10

i.e.,, (M) = 0. For example, Eqlg1,195,1452] = <i _>> =0.
T 0 0

(In contrast, generally, it holds that < > #0).

Corollary 11. Let q; be the i column (or row) of Q. Let AV, ... AN) € RP*P be N matrices
independent on Q and let iy, . .. ian € [p| be 2N indices. Then, if there exists an index i € [p) that
appears an odd number of times in i1, . . . ,ian, the following expectation vanishes:

]E[qilA(il)qiN+l : qizA(iZ)qiN+2 T qiNA(iN)quN] =0.
For example, the above dictates that,
Eq,.Q. |:eIQ;D [Q’" Ip_m} Qpei-e/Q, [Om 1, } Qpes-e;Q, { op,m} QZ‘”] =0,

since q1 appears 3 times (also because qs appears once).
Proof. The expectation can be rewritten as,
) ) N .
Ela, A"y, iy AV, ] = Z Z E [He_1q”’“Q§Z€LZQkZ’iN+Z} '

Let t € [p] be an index that appears an odd number of times in i1, . . ., i2)7. The t™ column (or row)
appears the same number of times in each of the (summand) expectations. Thus, the sum of the ¢
column (or row) corresponding to q; in the power matrix IM corresponding to that expectation will
be an odd number. Thus, by Prop. the expectation vanishes. [
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Corollary 12. Let vy,...,vony € RP and ¢ € R be random variables independent of Q,, ~ O(m).
Then, if N is an odd number, the following expectation vanishes:

[Qm

Elc-v{ {Qm op,m} VN+1 - [Q’" opfm]VNH VA opw}"w} =0.

For example, the above dictates that the following expectation vanishes,

T Qm T T Qm T T Qm T —
EvaQm |:el QP |: Op_m:| Qp €1 - € QP |: Op_m:| P €1 €y Qp |: Op_m:| Qp e2:| - 07

since here N = 3.
In contrast, the above does not imply that the following expectation vanishes,

T m T T (O T T m T
EQ,,,Qm {el Q, [Q op,m} Qp e -e Q, { Ip_m] Qp e -e,Q, {Q op,m} Qp 92] )

here, this is considered as ¢

since here N = 2.

Proof. The expectations become,

E {C.Hf_lv; [Qn OK]VNH} = [c H;Vl@:m V)i (Qu)i (V) )}
—5 |- I, (X7, v <:N+e> )
N

- > > E[c-nk

1Qitz,jz (V@)iz (VNJrf)je] .
i1,eniN=1j1,...jn=1

We notice that in each of the (summand) expectations the entries of Q,,, appear exactly /N times.
However, since N is odd, at least one row or column of the power matrix corresponding to the
monomial in the expectation must have an odd sum. Then, by Prop. all these expectations
vanish. O
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The main result we need from |Gorin| (2002) is their Eq. (23), providing a recursive formula to
compute (M) for any power matrix M. We bring this formula here for the sake of completeness.

Lemma 13 (Recursive formula for computing expectations of monomials over the orthogo-
nal group). Define the Pochhammer symbol (z), = % Denote (%) = I, (Zl)
Denote (T |K) = [1_, (i | Kinx,..., Kir_1).

Then, the one-vector integral is given by (i) = (%)%1/2 - (%)m Jo-

Moreover, the R-vector integral (corresponding to a matrix M € Z’;BR, is given by
p—R+1 -1
<M> - ( 2 )7 ’
mR/2

() i s fon v

w

where the first sum runs over all " with all even entries (less or equal to the corresponding entries
of the last column T r). The second sum runs over all K € Z’;’é?’*l for which all sums of columns

are even, i.e., k; £ S kijisevenVj € [R—1]. Finally,_M(R’l) stands for the first R — 1
columns of M, andmp =Y 0_ m; gpand & =Y ©_, K;.

In the pages to come, we present many calculations of expectations of different monomials that
we use throughout the supplementary materials. We include these calculations since the recursive

formula of Lemma [I3]is somewhat complicated to apply, and we wish our derivations to be repro-
ducible and easily followed.

D.1 MONOMIALS OF ONE ORTHOGONAL VECTOR

Elf] = (3)=(8); (3),= (B () i =

)
Y= (0" (2,3, = oo
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D.2 MONOMIALS OF TWO ORTHOGONAL VECTOR
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D.2.3 THREE INDICES (ROWS)
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D.2.4 FOUR INDICES (ROWS)
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D.3 MONOMIALS OF THREE ORTHOGONAL VECTOR
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D.3.3 THREE INDICES (ROWS)
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D.3.4 FOUR INDICES (ROWS)
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D.4 MONOMIALS OF FOUR ORTHOGONAL VECTOR
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AT

> rwA
IT

o

Y
S~—|

]

0110\_,0

Nooolo

)

(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

p—3

2p(p+4)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

3
— (p—1)p(p+1)(p+2)(p+4)(p+6)

;

1111\—,0

1111%0

11\_,0
——To
——To

——To

Noalo
110\—,0

110»_,0

—o—1o
211%0

110\—,0

—o—=To
——olo

211\_,0

101%0
—o—To
110\—'0

110\—,0

1
— (p—1)p(p+1)(p+2)(p+4)(p+6)

)

(r—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

)

p>+7p+14
=2)(p—1Dp(p+1)(p+2)(p+4)(p+6)

2
oD Fe) T
p>+5p+18

(p—l)p(p+1)(;+2

— (p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

1
p—3

+ _4(p+2) )
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

1
(p—1)p(p+1)(p+2)(p+4)(p+6)

(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

1
-3

p

—5p—6
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E AUXILIARY EXPECTATION DERIVATIONS

In this section, we attach many auxiliary derivations of simple and complicated polynomials that we
need in our main propositions and lemmas.

Proposition 14. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,
—m) (m? = 2mp — 3m + p? + 6p + 14
B [(ef 0e)”] = Wm0 = 2mp 3t 7 4 Gp 4 1),
p(p+2)(p+4)

Proof. We notice that the expectation can be written as
£[(e[0e)’] =E [ [@ gJu+u" [, u)’] .

Employing the algebraic identity that (a + b)3 = a3 + 3a®b + 3ab® + b and Cor. [12| (canceling
terms with an odd number of Q,,, appearances), it can be readily seen that in our case we are left

with (a + b ﬂg—k 3a2b + 3ab? + b3. We thus get,

E [(e] 0e)’] =3E[(u" [ o] w)’u" [ Ju] +E[@ [*), ] w)]

+E (sz: u?)g

b
— 3B | (T [ Jw)* Y u?
1=m-+1 =m+1
p 9 p p p
=3 Z E [(u—r [Qm 0] u) uﬂ + Z Z Z E [u?u?ui]
i=m-+1 i=m+1j=m+1 k=m+1

P P
=(p—m)|3E [ug . uIQmua . uaTQmua] + Z Z E [uiu?ui]

The inner left term becomes

3 3 m m
B[4} all 0l Bensnos [re7] ] = T [uf o] = 30T E [uuta]

= 2 | i [u2ut] +m (m — 1 E [u2u2ud] :3(<i§,>+(m—1)<§>>»

m

i=j i#

while the inner right term becomes

p p
Z E [usup] +(p—m—1) Z E [u?_jujug]
k=m+1 k=m+1
Jj=p m+1<j<p—1
=E[u] +(p-—m-1E[u)_juy] +(p—m—1) | 2E [u)_ up] + (p—m—2)E [u)_,u_,ul]
N——
k=p m+1<k<p-—1 =pV k=p—1 m+1<j<p—2

SINNIN w

4
~($)+o-m-1 (3( 1)+ -m-2(
Combining these two inner terms, we get,
E [(eIOel)g}

=) () +30-m)(

[SITNES

SINININ
~_—
N———

>+(m22mp+6m+p23p1)<
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—(p—m 15 9(p—m) m? — 2mp + 6m + p> —3p — 1
=@ )(p(p+2)(p+4)+p(p+2)(p+4) pp+2)(p+4) >
(p—m) (m? — 2mp — 3m + p? + 6p + 14)

p(p+2)(p+4) :

O

Proposition 15. Forp > 2,m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,

(p —m) (—m? 4+ 2mp + 3m — 6)
(P=Dp+2)(p+4)

E {(e;—Oel)Q e;Oeg} =

Proof. By decomposing the expectation into the two additive terms below, we get that
& [(e;—Oel)Qe;Oez} _E [(uT {Qm Ip,m] v)2 u’ {Qm Ip,m} u}
|:(UT [Qm O} v+ uT [0 Ipfmjl V)2 (uT I:Qm 0] u-+ uT [0 Ipfmjl u):|

E
E {(anmva ) vi)” (W Quut, + u;ub)}
E [1,QmVa (WaQmVa + 1y vi) (0aQumug + 1y wy)] +

below
E [ug—vb (anmva + u;rvb) (anmua + u;—ub)}
below

(p—m)(mp+2)—4—m*+mp+m—2) (p—m)(—m?+2mp+3m —6)

(p—Dpp+2)(p+4) B p—Dplp+2)(p+4)

Using Cor. [];2] in the first step below, we show that the first term is,
E [anmva (anmva + ul—)rvb) (anmua + ubTub)]
=E [anmvau;—Vbanmua] +E [anmvaanmVau;ub]

1 2 T T 1 2 2 2
= —E [ ual* ul va - w) v | + B [l [vall® us]l’]
m m

1 2, T 2 1 2 2 2
= =7 B[l J 2 [l vl o
— B | [luall (uy vp) + B | lluall” [vall” [lus

solved in Eq. solved in Eq.

_ 1 _emmmnt?) 1 mp-mmp+y)-2) _ (P —m) (m(p+2) —4)
m (p=Dpp+2)(p+4) T m (p=Dpp+2)p+)  (p —Dp(p+2) (p+4)

From Eq. (9), we know that the second term is
E [u) v (0aQmvae + 1) vi) (0.Qrug + u, uy)]
_ Ty)? 1 2 T2 — _mmim  mi1l (p-m)m(m+2)
=E {(“b Vi) } - (1 + m) N {”“a” (up vs) } = D T T DR DD
~————
solved in Eq. (23) solved in Eq.

(p—m) (—m?*+ mp +m — 2)
(P=Dp+2)(p+4)
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Proposition 16. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (), it holds that,

E(TO 4 3(m+4)(m+6)+ (p—m)(p—m+2)(m?>—2mp — 4m + p® + 10p + 36)
(61 0e) = P2 T4 (T 0)

Proof. We start by showing,
4
E (eIOe1)4 =K (uT [Qm Ip_m] u) =E (uIQmua + u;rub)4

Employing an algebraic identity and Cor.[I2]to cancel terms with an odd number of Q,,, appearances,

it can be readily seen that in our case we are left with (a 4 b)* = a* + 4a?0 + 6a2b2 + 4at® + b*.
We thus get,

=F (uaTQmua)4 + 6E (uZQmua)2 (uzua)2 +E (u,;rub)4

= Eposnot uosr—t ([Ua]|tTu,) " + 6E [(u;ub)2 Eposnt (||ta rTua)Q] +E (u) wp)’

a

4
= E | ua]* Bensnr (cT0) "] + 6E [fugll’ ua* 0] Buvsr [r7] wa] +E ]
We employ the isotropy of r and show that,
4 41 6 4 2 8
= E [[[ta]* Evusm s (Il x7en)" | + B [l fual 0] wa | +E s

g, 6 4 4 8
= Epnsnt [ Euall® + B s f10a*] +E [l

6 2 4
() Bl + 2B | (1= o) ol + ol

3 g, 6 4 2 4 8 8
- % _E|u, 7(153 . —2IE3[ oll? 1t } E ||u, ) E
m(m 1 2) ([l + [[uall [uall” [[uall™| + Efjug” ) + E [[us]]

3 6 s 6 4 12 6 8
=——+— | E||u, —E||u.]|” = —E|u, E
(s + 22 ) Ellual® + Bl = 2l + E ]

6m + 15 8 6 4 12 6 8

= ——— B+ —Efluf” — —E[[ua]]” + E [lu”

m (m + 2) m m
where we use the subscript in <%> >m to indicate that, unlike in most places, the corresponding
random vector is in S~ rather than SP~1.

Next, we derive these expected norms in Prop. [26] and obtain
_ 6m+15 m(m+2)(m+4)(m+6) 6m(m+2) 12m(m+2)(m+4)
S m(m+2) pp+2)(p+4)@+6)  mpp+2) m pp+2)(p+4
(p—m)(p—m+2)(p—m+4)(p—m+6)
p(p+2)(p+4)(p+6)
(6m+15)(m+4)(m+6) 6(m+2) 12(m+2)(m+4)

p(p+2)(p+4)(p+6) p(p+2) plp+2)(p+4)
(p—m)(p—m+2)(p—m+4)(p—m+6)
pp+2)(p+4)(p+6)
(6m +15) (m +4) (m+6)+6(m+2)(p+4)(p+6) —12(m+2) (m +4) (p+6)
p(p+2)(p+4)(p+6)
(p—m)(p—m+2)(p—m+4)(p—m+6)
p(p+2)(p+4)(p+6)
3(m+4)(m+6)+ (p—m)(p—m+2) (m*—2mp— 4m + p? + 10p + 36)
B p(p+2)(p+4)(p+6)
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Proposition 17. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (), it holds that,

3(m*—2m®(2p+3)+m? (4p> +4p—1)+2m(6p>+8p+3)+8(p>—2p—3))
(p—1D)p(p+1)(p+2)(p+4) (p+6) '

E (ei'—Oeg)4 =
Proof. We begin by showing that,
4 4 4
E (elTOeg) =K (elTQp {Q’” I ] Q;eg) =E,iv (uT [Q’" Ip,m] v)

= EuJ_v (u;erVa + u;rvb)4 =E (u;erVa + ul;rvb)4 5

p—m

where the last step simply employs our simplifying notations (Remark ).

Employing an algebraic identity and Cor.[T2]to cancel terms with an odd number of Q,,, appearances,

it can be readily seen that in our case we are left with (a 4 b)* = a* + 4a?0 + 6a2b2 + dat® + b*.
We thus get,

=E [(uszva)ﬂ +6E [(uszva)2 (u;rvb)z} +E [(ugvb)ﬂ

solved in Eq. @ solved in Eq. @) solved in Eq. @)
3(m?(p+3)(p+5)+2m(p+1)(p+3)—8(2p+3))
(p—Dp(p+1)(p+2)(p+4) (p+6)

3m? 76m3p+3m2p2 76m2p712m2+6mp2+12mp
(p=1)p(p+1)(p+2) (p+4) (p+6) ’

(m~+2)(mp+2p+3m)(p—m)
M eV e

After some tedious algebra, we get, as required,

3(m*—2m®(2p+3)+m? (4p> +4p—1)+2m (6p> +8p+3)+8(p° —2p—3))
(p—1)p(p+1)(p+2)(p+4)(p+6) :

E (eIOe2)4 =
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Proposition 18. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,

E (elTOel . e2T0¢31)2 =E (eQTOez . eQTOel)2
(m+4) (2mp+4p+m—m?—6) — (p—m) (p —m+2) (m(m —2p — 5) + 10)

(p—1)pp+2)(p+4)(p+6)

Proof. First, due to the exchangeability (Prop.[9), we have,
2

E (eIOel . e;—Oel)Q:E (e;—OegeIOeg)?:E (e;—OTege;OTel) =E (e;Oeg . e;rOel)2
Then, we show that,

2
E(’ ([ o]+ [y, uwa" ([ ]+ [, . D))
E (uIQmua + ubTub)2 (uIvaa + ubTvb)2
E

2 2
((uaTQmua) + 2u, Ququy up + Hub|\4) (u) Qmve + 1, vi)

E (e;—Oeg : e;Oel)2

We now partition the above into three terms that we solve separately.

The first term is,
E (uIQmua)2 ((uIvaa)2 + ZuQTvaaubTvb + (ubTvb)Q)

=E (u;erua)Q (u;'—vaa)2 +2E (ul—(;}mua)2 u;ervau;vb +E (u;erua)2 (ul;rvb)
solved in Eq. (T3) =0, by Prop.[] solved in Eq. {T8)
_(m+4)(mp+3)+2(p—3)) (m+2)(m+4)(p—m)
p=Dpp+2)(p+4)(+6) @-1pE+2)(p+4)(p+6)
_(m+4) (2mp + 4p + m — m? — 6)
(p=1p+2)(p+4)(p+6)

2

The second term is,

E [(2u;—Qmuau;—ub) ((uszva)2 + QUIvaau;—vb + (ul—,rvb)Qﬂ
[Prop.[2] = 4E [u, Qmnueu, wy, - u) Qurveuy v

=4Eu1v [Eqm [u) Quau] Qunva] - [lus]® - uJVb}

— 4By, [E,,Nsm_l (el w) ) (Juallxva)] - fuy)f? - u;rvb]

— 4By, [||ua||2 )| - 0] By g [rr 7] v, - ubTv,,]
4 4
—Eury [l s 0 v -0 ve] = ~E [Jual® (1= fual®) (—u)ve) u] v

[l (0] v0)°] - [fjual? (0] v3)’]

solved in Eq. {T3) solved in Eq.
4 mm+2)(m+4)(p-m) 4 (p-m)m(m+2)
mpE-1)pp+2)(p+4)(p+6) mp-1)pp+2)(p+4)
4p—m)(m+2)((m+4)—(p+6) —4(p—m)(mp+2p+4—m?)

p—Dpl+2)(p+4)(@+6)  (@-Dplp+2)(p+4) (p+6)
The third term is,

E [||ub||4 ((uaTvaa)2 +2ul Qvouy vy + (ubTvb)Q)}
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-k [”ub”4 (“IQmVa)z} +2E {H“b”4 uIQmV“ubTvb} +E {Hubll4 (ugvb)z}

=0, by Prop.[12]
4 2 4 2
= B [l (u] Quva) | +E [ (ul va)?]
solved in Eq. (Z8) solved in Eq. (T3)

(plugging inm < p — m)
. (p—m)(mp2—m2p—5m2+7mp+12m—2p—4) (p—m)m(m2—2mp—6m+p2+6p+8)
B (p—1)p(p+2)(p+4) (p+6) (p—D)p(p+2)(p+4) (p+6)
_(p—m) (m3 —3m?2p — 11m?2 + 2mp? + 13mp + 20m — 2p — 4)
(p—=1Dplp+2)(p+4)(p+6)

Finally, summing the three terms (and after some tedious algebra), we get the required

2 (m+4) (2mp+4p+m—'rn2 —6) —(p—m)(p—m~+2)(m(m—2p—5)+10)

T T
E (e; Oe; - e; Oey) Ry R =R
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Proposition 19. For p > 3,m € {2,3,...,p} and a random transformation O sampled as de-
scribed in Eq. (), it holds that,

) 2 _ 4mp(7m2+m+4)+4(m+1) (m+2)p*+(m—6) (m—1)m(m+1)—8(2p+3)

T T
E (92 Oes - e, Oey (p—Dp(p+1)(p+2)(p+4) (p+6)

Proof. We show that,
E(e] O -ef Oer) =E(u” ([ o]+ [°r, D)z ul ([% ]+ [, ])v)°
=E (u) Qnz, + u;rzz;)2 (ug Qmva + ug—,er)Q
=E ((UIQmZa) +2u, Qmzou, z, + (up Zb)z) u, Qnv, +uy Vb)2 )

where the expectation is computed over the orthogonal matrix Q,, ~ O(m) and three random
(isotropic) orthogonal unit vectorsu L v | z € SP~1.

Again, starting from the first additive term,

B [(0] Q) (07 Q)"+ 2] Qv vi + (] w) )]

=E (UIQmZa)Q (uIQmVa)2 +2 (HIsza)z uIvaaul—;er + (UIQmZQ)2 (ul;rvb)2
solved in Eq. (34) =0, by Cor.[T2] solved in Eq. (33)
m(p+3) ((m+2)p+5m+2)~16p—24 (P m)(m~+2)(m(p°+5p+2)—6p—4)
(p—1)p(p+1)(p+2)(p+4)(p+6) (p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
_ (p—2)(m(p+3)((m+2)p+5m+2)—16p—24)+(p—m) (m+2) (m(p*>+5p+2) —6p—4)
B (p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) )

The second term is,
2 2
E [2uszzau;zb ((uIvaa) + 2uIvaaugvb + (u;vb) )]
2
=K [QUIQmZaugzb (UIQMV(J :| +4E [UIQ’mZauJZbUIvaaubTvb] +
=0, by Cor.[T2]
E [QuIszauszb (ugvb)z}

=0, by Cor.[T2]

T T T T
= 4EUJ_VJ_Z,Qm [ua szaub Zpu, vaaub Vb]

4
=4Ey vz [||ua||2 Epogm-1 (vTrrTza) u;zbugvb} = — Fulvliz [||ua||2 V;—zau;—zbu,—;vb]

solved in Eq.
4(p—m)((m+2)p*+ (2—3m)p—2m? (p+2) — 6m +4)
P=2)(p-plp+1)(p+2)(p+4)(p+6)
And the third additive term is,
E {(ul—,'—zb)2 ((u;erva)2 + 2uTvaaug—vb + (qub)Z)}

=E [(ub Zb)2 (uIvaa) } +2E [(ub Zb) u;erVaul—,er} +E [(u;—zb)z (ug—vb)Q}

:E[(uj szaf(u;vb)z] =0, by Cor.[17] solved in Eg.
due to the invariance (Prop. [9),
already solved in Eq. (35)
(pfm)(m+2)(m(p2+5p+2)76p74) m(pfm)(7m2+mp+2p+4)

(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) ' (p—1)p(p+1)(p+2)(p+4)(p+6)
(p—m) (m—+2)(m(@P*+5p+2) —6p—4) + (p—2)m (—m*+mp+2p +4))
(P=2)(p-Vplp+1)(p+2)(p+4)(p+6) '

By adding these three terms and after some tedious algebra, we get the required proposition. O
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Proposition 20. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,

(p—m)(—m?*+mp—m+p—2)
(P=Dpp+2)(p+4)

E [e;OelelTOelelTOeQ} =

Proof. First, we notice that
Fu v, [Vi Quitet] Quugn] vi] = By iy [v] B [(luall0) (o 1) ] wang v
=E,.v [||uaH2 V) Epogm-1 [rrT] uaubTvb}

1 2 T, T 1 2 T \2
= *Eu v|: a a j| =——FE [ a :| .
L [l v e v] = LB [ (u]ve)

Then, we focus on our quantity of interest here,
E (eQTOelelTOelelTOeg)
_ T | Qm T|Qm T | Qm
=Euiv,Q,. [v [ Ip,m} uu [ Ip,m] uu [ Ip,m} v]

=E [(vIQmua + vbTub) (uIQmua + ubTub) (uaTvaa + ubTvb)] .

Splitting the first multiplicative term, we get,
E [VIQmua (uIQmua + ubTub) (uIvaa + u;vb)}
Cor.[21=E [vZQmuauIQmuaugvb} +E [V;—Qmuau;—ubuszva]
=FE [VIQmuaqumuaugvb} +E [||ub||2 v;Qmuau;—vaa} ,
solved in Eq.
1

1 w12 (T v (p—m)(p—m+2)
[abovf:}— mEuLv [” aH ( l—?r b) :| + (p—l)p(p+2) (p"i_4)7

and

E [vbTub (uszua + u;ub) (uZvaa + ubTvb)}

[cor] = E [V;ubu;r Qmuauszva] +E [v;—ubu;—ubu;vb}

2
=E [v;ubu;—Qmuauszva] +E [||11b||2 (u;rvb) }
[invariance of Q,,, w.r.t. transpose (Prop. 9] ©)

2
=E[v, Qunu.u, Quu.uy vy +E [(1 - ||11aH2> (u, vp) }

1
[above] = —%Eulv [||uaH2 (u;vb)Q} +E {(u;rvb)ﬂ —-E [HuaH2 (u;vb)Q} .
Combining the above, we get

T T T _ (p—m)(p—m+2 T \2 2 2/ T, 2
E (e, Oeie| Oeje| Oey) = W +E [(ub Vi) } - (1 + m) E [||ua|| (u, v) ]

solved in Eq. Z3) solved in Eq. (T7)
_ _(p—m)(p—m+2) + (p—m)m _ m+42 _(p—m)m(m+2)
(p—Dp(p+2)(p+4) ' (p—1)p(p+2) m  (p—1)p(p+2)(p+4)

B (p—m)(—m2+mp—m+p—2)
(p—Dpp+2)(p+4)
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Proposition 21. For p > 3,m € {2,3,...,p} and a random transformation O sampled as de-
scribed in Eq. (), it holds that,

(p—m) (2m* — 3mp — 2m — p + 8)
P=2)(p-Dpl+2)(p+4)

E [e;Oele;OelegOez} =

Proof. We start by decomposing the expectation into the following,
E [e;Oele;—Oele;Oeg]
=Bl [y Jueat [y Jueat Sy
=K [VIQmua . (z;Qmua + szub) . (zaTvaa + zgvb)} +
E [V;—ub . (zIQmua + z;ub) . (zIvaa + z;vb)]
Focusing on the first additive term and by employing Cor. [12](in the first step below), we get,
E [VIQmua (zIQmua + z;rub) (zIvaa + z;rvb)}

T T T T T T
=E [va Qnu, -z, Quu, - 2z, Vb] +E [va Qnu, -z, Uy - 2, vaa]

m m
=E |:Hua||2VIErNSm71 [rrT] Zg, -z;vb} +E z;rub . Z VigijU;j Z 2k qQreVe

ij=1 k=1
1 p m m
= mE[||ua|2 v, 2, 'Z;—Vb:| +E ( Z uszs> : Z ViQi;Uj Z 2k QkeV
e s=m+1 i,j=1 k=1
—7Zb Vb
1 2 T e
— {IlvlaH2 (Vi z) } +(p—m) Y D> Elujupvivezez] E (g
i,j=1k =1
solved in Eq. (&)
[By Prop.[10] most summands are zero]
L m(p—m)(mp+2m —4) - 2
S +(p—m E [uju,viv;z; 2, E g
—m)(mp+2m—4 p—m
_ (piz;)(pl(l)lf(;+2)(p4)r4) + - mE [uiu,yvi212,] +m (m — 1) E [usu,viv21 2]
i=j i#]

(b~ m) (mp + 2m — 1) 01
=—<p-€><p-1>§éiz><§+4>+<p—m>(<%§%>+<m—”<%%%>)

— _ _ mp+2m—4 —1 2(m—1)

=p=m) ( G-Vt T o Dpp ) T <p,2>(p,1>p(p+2)(p+4))

—(p—m)< —mp + 2 + ! )
p=2)p-Dpp+2)(p+4) @-Dpp+2)(p+4)

__ (p=—m)(=mp—p+4)
r=2)(p—pp+2)(p+4)

In addition, the second term is,
E [v;—ub (zIQmua + z;ub) (zIvaa + szb)}
=E [vbTub -z, Quu, - zIvaa] +E [vbTub Sz wy, - szvb]
=E [||za||2 Vi wv] Epogm1 [rrT] ua} +E [v;ubz;ubzgvb]
= ;E[HzaHQv;ub @ ] —HE{V;ubz;—ub @ }

— T — T
=—v, up =—2z, Vg
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=L [l ()] B [ ] e v

solved in Eq. @)
p p m

_ 1 m(p—m)(mp+2m —4) B .
B Y P S I ¥ SRy Z Z ZE[uwzukzwzze]

i=m—+1 k=m-+1 ¢=1

- (p —m) (mp +2m — 4) —m p Y V1 21 Wi Vs Uk 2
(=2 (p—-1pp+2)(p+4) z’=%;1k:%:+11€[11 iU UR 2k

== (p —m) (mp + 2m — 1) —pP—m)m p V121 UpUpUkZ
= - 2e-Drprap+s P k;ml]E[““’“}

_ _ mp+2m—4
=—(p m)<(p—2)(p—1)p(p+2)(19+4)

+m|E [uivlvpzlzp] +(p—m—1)E [up_1upv1vp_1212p) )

k=p m+1<k<p—1

__( _m) mp+2m—4 +m <8%%>_~_(_ _1) (1)%(%
W =2 (p—Dp(p+2)(p+4) Tog/ W™ +93

mp+2m—4

_ _ —1 2(p—m—1
= —(p—m) (o + ™ (eoweinem + oo ))
_ —2(p—m) (—=m?+mp+m—2)

(P=2)(p-Dpp+2)(p+4)

Overall, we get that
T T T _ (p=m)(—mp—p+4) —2(p—m)(=m*+mp+m-2)
E [e; Oeie; Oeie; Oes] = 505005050 T — 020 D i D)
(p—m) (2m2 —3mp—2m—p+8)
r—=2)(p—1)pp+2)(p+4)
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Proposition 22. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,

E (eIOel . eIOeg) (e;Oel . e;Oeg)

_ —m*(p+3)+m®(3p”+8p—6)+m>(—3p® —6p +13p+3)+m(p* —7p*+4p+6) +p* —p® —18p> —40p—24
o (p—1)p(p+1)(p+2)(p+4)(p+6) )

Proof. We start by decomposing the quantity as follows,
E (eIOel . eirOeg) (e;—Oel . e;Oeg)
=K [(uZQmua + u;—ub) (u;erva + u;rvb) (VIQmua + v;—ub) (v;—vaLL + v;vb)}
=K [uaTQmua (u;vaa + ubTvb) (VIQmua + vbTub) (vJvaa + vbTvb)] +

E [u;—ub (u;erva + u;—vb) (VIQmua + V;,rub) (VIvaa + v;rvb)]

‘We show that the first term is,
E [u;—Qmua (u;—vaa + u;rvb) (V;Qmua + V;rub) (V;'—vaa + V;—Vb)]
= E [ug Quuaug Qe (Vg Quita + v5 ) (Vg Quva + v vi)] +
E [uIQmuaubTvb (vIQmua + vbTub) (V;vaa + vbTvb)]
[cor@ = E [u;rQmuauIvaaVIQmuaVIvaa] +E [uZQmuaug—vvaubVI vaa] +

T T T T T T T T
E [ua Qruu, Qnvevy vy vb] +E [ua Qruu, vipv, Qru.vy vb]

equivalent
=E [u;QmuauIvaav;QmuavIvaa] + 2 [u;QmuauaTvaavbTubvbTvb} +
E [u] Quuavy Quva (0] v1)’]
=E [u(jQmuauaTQmVaVIQmuaVIQmVa] +

2
2E {Hu(IHQ Eypgm-1 (rTuarTva) V;rubv}—)rvb:| +E {UIQmuaVIvaa (ul—;rvb) ]

=E [ulQmuauaTvaavIQmuavIvaa] —&—% E [HuaH2 uzva . vbTub ||VbH2} +

solved in Prop. 23]

solved in Eq. (29)
E [uaTQmuangmva (vbTub)Q}
solved in Eq. (30)
B —(m2(2p+3)+7n(—p2+14p+30) —6p2+4p+24) 2m(p—m)(p+3)(m2—7np—2(p+2)) T
o (p—1)p(p+1)(p+2)(p+4)(p+6) m(p—1)p(p+1)(p+2)(p+4)(p+6)

3(p—m) (7m2 +mp+2p+4)
(»—1)p(p+1)(p+2)(p+4)(p+6)
_ —m®(@p+3)+m? (4p® +4p—3) —2m(p° —p° +9) —4(p® +2p +4p+6)
B (p—1)p(p+1)(p+2)(p+4)(p+6) )

Moreover, we show that the second term is,
T T T T T T T
E [ub u, (ua Qnve +u, vb) (va Qnu, + vy ub) (va Qv+ vy vb)]

[cod] = E [u;—ubu;vbv;ubv;vb} +E [u;—ubu;vaaVIQmuav;—Vb] +

E [ubTubuIvaavbTuvavaa] +E [ubTububTvvaQmuavIvaa]

2 T, ..T
=E {u;ub (v;rua) v;rvb} +E [ub upu, vaaVZQmuavljvb] +

T T T T T T T T
E [ub wu, vp - u, Qvev, vaa} +E [ub wpuy v - v, Qrugv, vaa]

equal due to the invariance of Q,, W.r.t. transpose (Prop.@]}

T T.\2_T T T T T
=FE {ub u, (va ua) vy vb} +E [ub wu, Qnvev, Qnugvy vb} +

solved in Eq. (3T) solved in Eq. (32)
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T T T T
2FE [ub upuy v - u, Qmvev, vaa]

solved in Eq. (33)
_ (p—m)m(m2(p+3)—2m(p2+5p+3)+p(p2+7p+10))+
o (p—1)p(p+1)(p+2)(p+4)(p+6)
(p=m) (3 2y 0mp =G4 + 77 +100) | () (+3) (3 1) +(m—1)(p=m—1)

(p—1)p(p+1)(p+2)(p+4)(p+6) (p—1D)p(p+1)(p+2)(p+4)(p+6)

- (p—m)(p—m+2) (77’L217+3'm2 —mp?—2mp+9m—p? 7p+12)
B (p=1)p(p+1)(p+2) (p+4) (p+6)

Overall, we conclude that
E (eIOel . eIOeg) (e;Oel . e;Oeg)
_ —mP(2p+3)+m? (4p>+4p—3) —2m(p® —p*+9) —4(p®+2p” +4p+6)
= P—Dp(F D (pF2) () (p+6) T
—(p—m)(p—m—+2) (m2p+3m27mp272mp+9m7p27p+12)
(p—1)p(p+1)(p+2)(p+4)(p+6)
—m*(p+3)+m? (3p>+8p—6)+m? (—3p® —6p>+13p+3)+m (p* —7p*+4p+6) +p* —p® —18p> —40p—24
(p—D)p(p+1)(p+2)(p+4)(p+6) )
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Proposition 23. Forp > 2, m € {2,...,p} and a random transformation O sampled as described
in Eq. (1), it holds that,

T T T T _ —(m?@p+3)+m(—p?+14p+30)—6p>+4p+24)
E [U-a Qruau, Qmvav, Qmuav, vaa] - (p—D)p(p+1)(p+2)(p+4) (p+6)

Proof.

T T T T
E [ua Qmuaua vaava Qmuava vaa]

m m m m
30D D B luwijurvevnunvsved B qiqregnrgsi]

i,j=1kf=1n,r=1s,t=1
m m

> > Eluwiuvwnuev,v] B (g Giegnrgnd] +

i,n=1j0rt=1

i=k=—=n=s

m m
Z Z E [usujupveviurvrve] (B (qijqreqirGre] + E [qijqreqrrgit])
ith=1 j b =1

i#£k=—(n=i#s=k) V (n=k#s=t) due to symmetry w.r.t. n, s
m m
2
= > Y E[wujuvpuv)vy] Egiqiegnegnd +
i,n=1j0rt=1
m

m
> Y Elwujusvviuevivy] (B giiqredir @i + B (g5 ahegrric)
i£k=1740,rt=1

=mY»_ > E[ufujuvewwl] Elqr;q1nrgn] +

£(A) below

m m

mY > Elumorwujugorve] (B g qredr rgre]) + Bl jaregir o)

k=2 j,0,rt=1
é(B) below
_ 7m3(p+3)+m2(p275p712)+m(6p2726p760)+16p278p748+
B (m+2)(p—1)p(p+1)(p+2) (p+4)(p+6)

—m3p—13m2p—24m3+2mp> —6mp—24m—4p°
(m+2)(p—1)p(p+1)(p+2)(p+4)(p+6)

— (m? (2p+ 3) +m (—p® + 14p 4 30) — 6p> + 4p + 24)
P=Dplp+1)(p+2)(p+4)(p+6)
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Deriving (A).

(A) = Z Z [ufujurvevpv)] B q1,i01,0nr dni]
n=1j/L,rt=1

m

= > E[ufujuomr] Elgjqneqegd +
j3l,rit=1

n=1, solved below
m

(m—1) Y E[ufujuveows) Elqr;q1.002.062.4]
7,4, rt=1

n>2, solved below
m?(p+4p+15)+6m(p—3)(p+1)+4(5p>+2p—6)
m(m+2)(p—1)p(p+1) (p+2) (p+4) (p+6)

—m3p—3m3—9m?p—27m? —14mp—42m—4p> —16p—24
m(m+2)(p—1)p(p+1)(p+2)(p+4) (p+6)

—m? (p+ 3) +m? (p* — 5p — 12) + m (6p> — 26p — 60) + 16p> — 8p — 48
m(m+2)(p—1)pp+1)(p+2)(p+4)(p+6)

2 0
When n = 1: The only nonzero options are ( % % ) and < %, % > We have,

m
Z E [u%ujurthvﬂ E [%,j%,@%,ﬂh,t]
7,l,rt=1
m
= <%> % >m Z E [uiuivivi] +
j=1
2 0 " s G
<%) % Z E [ulu vzvl Z ulu]u,«vjvrvf] + Z E [u%ujuijvf]
el _,_/ o —
IR et j=t#r=t = j=t#l=r
m m
=(49 ) SOE [uludei?] + <§) §)> > (B [wfudviv;] + 2B [ufujuevivivr))
j=1 ™ jte=1
= <%> % >m E [uivi] + (m — 1) E [uiu3vivi]) +
2 0 " i
(38) (3 mlawiend] +2 3 Ebuuetvel]
J#L=1 J#t=1
a0y ((aa ES 3 3 ™ E [idusuvsun?
_<ﬁ)ﬁ)>m <6>6>> + (m 1)<6>6>> +<_)_)> ZZE[ulujuw]wvl]
D 0 0/m jabl=1

(m — 1) E [ufvivi] 4+ (m — 1) E [ufudvi] + (m — 1) (m — 2) E [ujujvivi]

j=1.0>2 j>2.0=1 GAE>2
rm=n{E 1) )+
>p+(m1)(m2)< >>+

m—1) | 2E [ufusvav}] + (m — 2) E [uiuguzvavsvi]

/\

[SIININ

oloco

\/

3
—

I
oL
olo
3\/

D
[SIFS
[SIHS

SIS

/\
[SIININY
oloco
\/
3
[\
B
[

—_
N
P
olow
ol

oo
olvon

7~
[SIININ
oloco
~——
3
/? /N

J=1,0>2V j>2,0=1 JAe>2
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3 <9<p1><p+1>+<m1>(p2+4p+15))

= m(m+2) \ " (- DpptD)(p+2)(p+4)(p+6)
(m—1) 2Ap+1)-3(pE3)—29(p+1) (m—2)(2(=p+3)+(p+3)?)
m(m+2) \ (p—1)p(p+1)(p+2)(p+4)(p+6) = (p—1)p(p+1)(p+2)(p+4)(p+6)

~ m? (P +4p+15) +6m (p—3) (p+ 1) + 4 (5p° + 2p — 6)
o o mm+2)p-Vpe+)p+2)+4)(+6)
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11 2 0
When n > 2: The only nonzero options are { 2 %), <_1> 1 > , < 02 > We have,
00 00
m
> E [uiuuevewo3] g a1.092.02.]
Jl,rit=1
m m
=(33), B[] + (1 1) 3 (B [ufuueyond] +E [wuvied]) +
0 0/m 1255572 77 1Uj eV Ves 1U;Vp U3
j=1 ™ j#e=1
j=b=r=t J=t#r=LV j=r#£t=L
20 i
<% %) Z E [ulujurvjvrvﬂ
i#r=1
j=Ll#r=t
2 2 2 2.2 2 2.2 2 2
:<6>6>>mZE[u1ujvjv2] +<%é> Z E[ulujvevz]qL
j=1 ™ jte=1
11 2 0 Ui
2 2
((44),+(34)) 3 eltunmu
1
T m—1)(m+2)
= 7m(ni+2) (IE [uiviv3] + E [ufuzvy] 4+ (m — 2) E [ufujvios] >+
=1 =2 i>3
S - (15 [ubod] +E [uduZv?o?] >+
—_—— ———
j=1.6=2 j=2.6=1
7(m71);11(m+2) (m —2) (IE [u%v%vg] +E [u%u%v%vg] +E [u%u%v%vg] +E [u%u%vg] +
j=1.6>3 §>3=1 j=2.6>3 §>3.6=2

(m-3)E [u%ugvgvz] >+

J#0>3

Wl(m—m) 2Kk [ui’uzvlvg] +2(m-2)E [U?’L@,’Ufl}%’t}g] +2(m—-2)E [u%uzu;wg’vg] +

j=1,r=2Vj=2,r=1 j=1,r>3V j>3,r=1 j=2,r>3Vj>3,r=2

(m —2) (m — 3) E [ufuzusvivzvs] )

J#r>3

~_——
N——
+

olvorno ol
\/
N——

+

olornow ol

S
oloow
[SIININ
~_
+
T
[SIINISI
[SIE=INI
~_— Oolvown
+
S
[SIFSININY
[SIININIS
~———
+
P
[SIINISI
oloko
~_
+
3
e
/\

4

9

0

—(m=2) (
(m—1)m(m+2)
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1 (2(p+1)~3(p+3)+(m—2)(p+3)2)

= mm+2) \ - Dp(p+)(p+2)(p+4) (p+6)
1 (,2.9(p+3)+4(m,2)(,3(p+3>)+(m,2)(m,g)(,p,s)) "
(m—1)(m+2) (p—1)p(p+1)(p+2) (p+4)(p+6)

G DmmT2) | G- Dpe DI DmTe) T (

-1 9(p+3)(p+5)+(p*+4p+15)
(p—1D)p(p+1)(p+2)(p+4)(p+6)

_9) 2~3<p+3><p+5>+2<p+3)2+<m3><p+3><p+5>)

—m®p—3m®—9m?p—27m>—14mp—42m—4p> —16p—24
(m—=1)m(m+2)(p—1)p(p+1)(p+2)(p+4)(p+6)
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Deriving (B).

B) = Z Z E [uy v urujurvpveve] (B g1 jaeeqr rqre] + E (g1, jqreqrrar,e])

k=2 j,0,rt=1
m
=(m-1) Z E [uyuguju,v1v20eve] (B [q1,591,0G2,092,¢) + E[q1,501,692,092,+])
3l,rit=1
m
= (m—1)2( % % ) ZE [urusuivivev?] +
j=1
j=r—t=t
i 2 0 11
(m—1) Z E [uu@u?vlvgvg] <<2> 2)> + <_1> l,> > +
o) 00/ m 00 /m

j=r#l=t

m
11
(m—1)2 < _é _(1)> > Z E [u1 uguju,v102v0,] +

=1
Jj=Cl#r=t
11 2 0
(m—1) Z E [y ugu;upv1020,0] (< N i>> + <2> 2>> )
o 00/ m 00/ m
j=t#l=r
m
=(m—1) (2 ( % % >m Z]E [ulugu?vlvgvf] +
j=1
2 0 11 m
2
((35),+(31),) 32 Bummint] )
JFL=1
11 2 0 Ui
(m—1)(3 < %) _é) >m + <% % >m Z E [uy uouju,v1v20;0,]
’ i#r=1

=(m-—1) WQLH) ZE [UlUQU?Ul'UQ'U?] + (m(_ml;;% Z E [ulugu?mvzvﬂ +

Jj=1 jAL=1
m

(m—1) % Z E [u1 ugu;u,v1 0200,

jAr=1

= % (2 (m—1) ZIE [ulugu?vlvgvﬂ +m ; E [ulugu?vlvgvﬂ
Jj= J#=1

+(m—2) Z E [’U,1UQUJ"U,T’01’U2UJ"UT])

j#r=1
m m
= m(rr17,+2) <2 (m—1) ZE [uww?vwwf»] +m Z E [ulugu?vwgv?] +
Jj=1 jAe=1

m
(m —2) Z E [u1uguju,v1v20;0,] )
i#r=1

= m (2 (m—1) (QE [u?uw%vg] +(m—-2)E [ulungvlvgvg] >—|—

j=12 i>3
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m
m Z E [uluzu?vlvgvf] >+
J#e=1

,,Y(nn;f%) < 2E [ufujoivi] +4(m —2)E [ufusuzvivovg] +

j=1,r=2Vr=1,j=2 j<2,r>3Vr<2,5>3

(m — 2) (m — 3) E [ug uguzusv1 vav304] )

j#r>3
))+
>+(m—2)(m—3)<i >>+

m(m+2) < 2F ulugvlvg] +2(m—-2)E [u1u201v2v3] +2(m-2)E [uu@u%vfl}g] +

j=1,0=2V j=2¢=1 je{1,2},0>3 ¢e{1,2},5>3

ST

2(m—1) 2 “i’ -?E 2) %
m - 2
7 ﬁ -

SN
Ol,»—n—n—u—t

2 2 2
22 _
2 ?? 4(m 2)<%

(m—2)(m-3)E [ulungvlvgvi] )
£#£j>3

(m—2) 2<53>+4( 2)<%%>+( 2) (m — 3) ﬁ +
m — m —
m(m+2) 7T _é_é) %)—(1{
31
m 2<§)11”>+2(m—2) 03 )+
m(m+2) 6)6) ?6}

1 3 11

11 11
2(m—2)<3>g>+(m—2)(m—3)<(2)g>

00 00

_ 4m-1) /33 L (2m=1)(m-2) +4(m—2)2 i1 T
- m(m+2) T m(m+2) m(m+2) %) _(1)>

2(p2+4p+15)+3(m2)(m3)) n

R e e ) << NP T P D (pT6)
p—1)p(p+1)(p+2)(p+4)(p+

m(m+2)(p—1)p(p+1)(p+2) (p+4)(p+6) m(m+2)

m (72-9<p+3>74<m72>-3(p+3>7(m72>(m73)(p+3>)
m(m+2) (p—1)p(p+1)(p+2)(p+4)(p+6)

—m3p — 13m2p — 24m? + 2mp? — 6mp — 24m — 4p?
m(m+2)(p—1)pp+1)(p+2)(p+4)(p+06)
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Proposition 24. For p > 3,m € {2,3,...,p} and a random transformation O sampled as de-
scribed in Eq. (1)), it holds that,

E (elTOel . elTOeg) (e;Oel . egOeg)
_ 2m4p+4m4—7m3p2—18m3p+8m2p3+25m2p2+24m2p+
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

20m? —3mp* —11mp® —44mp? —64mp—24m—p* +11p>+32p> +68p+48
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

Proof. Like in previous proofs, we decompose the expression into,
E (eirOel - eIOeg) (e;Oe1 . e;Oeg)
=E [(uszua + u;rub) (uIvaa + u;—vb) (zIQmua + z;—ub) (zIvaa + z;—vb)]
=E [u;erua (uIvaa + ubTvb) (zaTQmua + szub) (zaTvaa + zl;rvb)] +
E [ul—,rub (uIQmVa + u;rvb) (zIQmua + z;)rub) (zIvaa + zg—vb)] (10)
Focusing on the first term, and employing Cor.[T2] we see that,
E [uIQmua (u;erva + u;rvb) (zIQmua + z;ub) (zIvaa + z;—vb)]
=E [uaTQmuauzvaazIQmuazIvaa] +E [uZQmuauaTvaaszubszvb} +
E [uszuaugvbz;Qmuaz;vb] +E [u;—Qmuau;vbz;ubz;—vaa]

The polynomial in the first summand can be derived tediously, very much like in the proof of the
former Prop. 23] and shown to hold

2 2 2 3
T T T T _ —m?(2p”+9p+6)+m(p—2)(p° —6)+2p°+32p+48
E [u; Quuatt, QuiVaZs QuitaZy Quva] = (p=2)(p—1)p(p+1)(p+2)(p+4)(p+6)

The sum of the three rightmost summands is,
T T T, T T T, T T
E [ua Qnugu, Qnvez, uyz, vb] +E [ua Qnuguy vz, Qnu.z, vb] +

T T T T
+E [ua Qnuuy, vz, Upz, vaa]
m

= (E [wiw;qijurveqrezy, wpzy vo) + E [wiujqiu, vizeueqrezy vo)) +

-

&,
I
~
Il
—

(E [uiu]'qijZkWleubTVbsz w))

Ms

~

S
>

~
Il
=

E [q:5qr¢) (B [usujurvezy wpzy vo| + E [wiuju, veziwezy vo)) +

I

S
S
E
~
I
-

:Ms

E [qijqre] (E [Uiujzkvzugvbz;ub])

s
&
o
ES
I
L

3

= Z E [q?j] (IE [uiujuivjz;—ubz;vb} + E [uiujziuju;—vbz;—vb] + E [uiujzivju;—vbz;rub})
z}j:lH’_/

=1/m
1 2
To T T 2. T T . T T T T T

-— (E[HuaH U, VaZ, WpZy, vb} +E [HuaH U, ZaW, VpZ, Vb} +E[u, vou, z,u, vizy ub])
_ 1 IR 2. T, T, T ElaTv.ulz ul vizl
-— luall” vy Zouy zou, va + [ua VoU, ZaU, VbZp ub]

obtained from Eq. (39) by plugging inm < p—m - S"IV?S inEq. -

sinceu, v = —uy vy andu, z, = —z; up

_ 2(p—m)(m+2)(2(p—m)p+4(17—m)—p2—3p+2) i (p—m)(—m>+mp+2p+4)
o (p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) (p—1)p(p+1)(p+2)(p+4)(p+6)

—(p—m) (m+2) (5mp + 6m — 3p* — 2p)
(p=2)(p-=Dpl+1)P+2)(p+4)(p+6)
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Overall, the first term of Eq. (I0) equals,

E [uTQmuLL (uTQmVa + uz—;rvb) (ZTQmua + ZbTub) (ZTvaa + ZbTVb)]
(m +m +2m+8)+4(m+2)p —2(5m +8m— 2)p +(m— 2)(5m +3m— 16)
(r—2)(p—1D)p(p+1)(p+2)(p+4)(p+6)

The second term holds,
T T T T T T T
E [ub up (ua Qnvae +u, vb) (za Qnu, + 2, ub) (za Qnve + 2, vb)]
T T T T T T
=K [u;rubub VpZy UpZy vb] +E [ub upu, vaazIQmuazb vb] +

T .7 T .7 T T T T
E [ub wu, Q. Vez, Upz, vaa] +E [ub wu, vz, Qnu.z, vaa]

equal (swap v, zandmap Q — Q)
=E [ugubug—vbz;ubzgvb] +E [ul—,rubz;rvb . u;r vaazIQmua] +
2FE [ugubu;vb . ZIQmuazIvaa]
=K [ubTububTvbquazaTva} +E [ubTubeTvb - uaTvaazaTQmua] +
solved in Eq. @2) solved in Eq. {@#3)
2FE [ubTububTvb . ZIQmuaZ;vaa]
solved in Eq. (#6)

. (p—m)((1+%)m(p—m+2)(2mp+4m—p2—3p+2))
- (p—2)(p—1)p(p+1)(p+2)(p+4) (p+6)
(p—m)(2(m2p2+5m2p+2m2—mp3—7mp2—16mp—12m,+4p2+16p+16))
(r—2)(p—1D)p(p+1)(p+2)(p+4)(p+6)
(p m)(p— m+2)(2m p+4m? —3mp? —11mp+2m—p +5p+18)
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) ’

Finally, the overall expression holds,

E (eIOel . eIOez) ( Oe; - €4 092)

6(m3+m2+2m+8)+4(m+2)p‘ — (am +8m72)p2+(m72)(5m2+3m716)p
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

(p—m)(p—m+2)(2m2p+4m2—3mp2—11mp+2m—p2+5p+18)

(p—2)(p—D)p(p+1)(p+2)(p+4)(p+6)
2m p+4m —7m? p 2_18m? p+8m P 3 425m> p 2 424m? p_|_
(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)
20m? —3mp* —11mp> —44mp? —64mp—24m—p* +11p>+32p> +68p+48
(p—2)(p—1)p(p+1)(p+2)(p+4) (p+6)
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Proposition 25. For p > 4,m € {2,3,...,p} and a random transformation O sampled as de-
scribed in Eq. (), it holds that,

E (e;—Oe4 . e;Oel) (e;—Oe4 . e;—Oel)

_ 75m4p76m4+18m3p2+34m3p712m3720m2p3746m2p2739m2p742m2+6mp4+10mp3+96mp2+
B (p—3)(p—2)(p—1)p(p+1)(p+2) (p+4)(p+6)
154mp+60m+2p* —30p> —32p% —144p—144
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) °

Proof. We begin by decomposing the expression into four terms,
E (e;Oep . e;Oel) (e;Oep . eQTOel)
=E [(uIsza + u;rzb) (uszva + ug—vb) (xZsza + x;rzb) (xIvaa + x;vb)}
=E [uaTsza . uIvaa (XIsza + bezb) (XIvaa + x,;rv(,)] +
E [ul—)rzb . u;vb (XIsza + x;—zb) (X;—vaa + xl;rvb)] +
E [uZsza . u;—vb (XIsza + xl—,rzb) (xIvaa + xgvb)] +
E [uszb . uIvaa (XIsza + xl;rzb) (xaTvaa + bevb)]
Below we compute each of these terms separately. The result in the proposition is given by summing

these 4 terms.

Term 1. Employing[I2]once again, the term decomposes as
E [uaTQmZa . qumva (xaTQmZa + bezb) (xaTvaa + xgvb)}
=E [u;rszau;ervax;erzax;erva] +E [u;—szau;erva ~X;—sz2—vb] .
solved in Eq. @)

The polynomial in the left inner term (the first summand) can be derived tediously, very much like
in the proof of Prop. 23] and shown to hold

T T T T
E [ua Qnzau, Qnvax, QnzaX, vaa]

_ —m?(2p®+11p”+p—30)+m?(p* +p°+2p> +60p+72) +2m(p* +p° +18p° +14p—60) —8(2p+3) (p>+12)
B (m+2)(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4) (p+6) )

Overall, the first term is,
E [uszZa : uIQm,Va (XIsza + ngb) (XIvaa + X;)rvb)]
_ —m®(2p®+11p°+p—30)+m? (p*+p°+2p> +60p+72) +2m(p* +p° +18p° +14p—60) —8(2p+3) (p>+12) n
B (m+2)(p—3)(p—2)(p—1)p(p+1)(p+2) (p+4) (p+6)
(pfm)(72m2p278m2p+mp3+4mp2+15mp+18m76p276p712)
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6)

_ 2m®p*+8mPp—5m?p® —23m?p® —16m>p+12m>+2mp* +9mp®+45mp> +86mp+24m—14p® —18p> —108p—144
(p—3)(p—2)(p—1)p(p+1)(p+2)(p+4)(p+6) )

Term 2. Notice that u, v, z, x are exchangeable in the sense that we can swap them freely (see
Prop.[9). Therefore,
-

E [u;—zb “uy Vi (xIsza + X;—Zb) (xIvaa + x;rvb)}
[cod] = E [u;zb . ubTvb (X;sza . XaTvaa + x;rzb . bevb)]
=E [u;—zbugvaIszax;erva] +E [u;zbugva;—szg—vb]

[swap] = E [uIszaulvaabeszbTvb] +E [ubTvaszbubTxbvszb]

swapped x, u; solved in Eq. swapped v, u; solved in Eq.
(p—m) (—2me2 — 8m?2p + mp® + 4mp? + 15mp + 18m — 6p% — 6p — 12) N
P=3)p-2)-Dpl+1)(E+2)(p+4) (»+6)
m(p—m) (5m2p +6m? — 5mp? — 6mp + p> + p® + 2p)

r=3)p-2)p-Dpl+1)(+2)(p+4)(p+6)

_( _m) 5m>p+6m3 —7m?p? —14m>*p+2mp3+5mp>+17mp+18m—6p> —6p—12
P (r=3)(p—2)(p—Dp(p+ 1) (p+2) (p+4)(p+6) :
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Terms 3 and 4. First, we notice that subterms 3 and 4 are equivalent (we can swap z, v due to the
invariance; Prop. [9), that is
T T T
E [ua sza : ul—;rvb (XIQmZa + Xy Zb) (Xa vaa + Xl—;rvb)]

T T T T T T
=E [ub zp - u, Qe (xa Qnza +x Zb) (xa Qnve +x Vb)]
(p—m)(—27n2p2—37n2p+6m2+mp3—mp2+9mp+18m+p3—5p2 —4p—12)

[betow] = ) [ e IR B Y R [ =E Ve E) :

and so we focus on just one of them.

By employing Cor.[12] we see that

E [uszza . ubTvb (xaTsza + bezb) (XIvaa + x;rvb)]
T T T T T T
=K [ua Qmnzo -y v (Xa Qnza - X Vo + X Zp - X, vaa)]
N (p—m)((5m2p+6m2—5mp2—6mp+p3+p2+2p)+(—2m2p2—8m2p+mp3+4mp2+15mp+18m—6p2—6p—12))
o (»—3)(p—2)(p—D)p(p+1)(p+2)(p+4)(p+6)

_ (p—m) (—2m2p2 —3m2;o—}-67n2 +mp3 —mp2+9m,p+18m+p3 —5p2 —4p— 12)
o (P—3)(p—2)(p—D)p(p+1)(p+2)(p+4) (p+6) ’

where we used the following two derivations, i.e.,

E [uszza . ubTvb . x;rzb . xaTvaa] =E [(ubTvb . bezb) . uIsza . XaTvaa]

m m m m
B | (v ) (303w | (z zxqum>
=1 j=1 k=1¢=1
m
= Z E [(uz-)r"b : x;zb) 'uikasziijd
i,5,k,£=1
m
= E [(u;—vb . xl—,rzb) ~uvezkzEq,, [qijqkz]]
i, k=1

[Prop.@ = Z EQm [qZQj] E [(u;vb . X;I—Zb) . ’u,i’l)jl'iZj]

=1
1
T T T T
= EE[ubvb-szb-ubxb-vbzb}
solved in Eq. @#7)

(p—m) (5m2p +6m? — bmp? — 6mp + p> + p? + 2p)

-3 p-2)p-p+1)(p+2)(p+4) (p+6)’

and
T T T T
E [ua Qinzo - 0y VX, Qmz, - Xy vb}

1
=E [||za||2]ErN5m71 (uaTrrTxa) . ubTvabTvb] = E [||za||2 uzxaugvagvb}

solved in Eq. {#8)
(p —m) (—2m?p? — 8m?p + mp* + 4mp® + 15mp + 18m — 6p* — 6p — 12)
(p=3)p-2)p—Dpl+1)(p+2)(p+4) (p+6) '
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Proposition 26. Let u ~ SP~! and let u, consists of its first m coordinates.

power of the squared norm is,

n—1

on m+ 2r
EUNSpfl ||uaH = Tl;[o p+27" .
Specifically, it holds that
2 m
Eunsr—1 uall” = —
p
4 m m-+2
IE:uNSP—1 Hua” =
p p+2
¢ m m+2 m+4
Eusr-t Wl = =+ —— - ——
p p+2 p+4
g m m+2 m+4 m+6
Buvse—1 [ua]” = — - : :
p p+2 p+4 p+6

The expected n'™

pmpm+2pm—|—4pm—|—6

= Eyusot [[ws]® =

p p+2 p+4

Proof. Notice that the squared norm can be parameterized as

where X ~ x2 )Y ~ Xf,_m.

Consequently, it is distributed as [|ug||* ~ B (z,

p+6

laall* = ugue & 5,

m P m) Moreover,

2

given n € N7, the n'™ raw moment is given by (Chapter 25 in Johnson et al. (1995)),

n—1 m n—1
+r m + 2r

Eusot Jua® = [[ 2-— = -1
o 3 +7r p+2r

3

2
2:%

E [l[uall* fef| =E (z)

=1

=E [u$v}]+2 (m—1)E [ufviuj] + (m—1)E [uuzvi] + (m—1)

—
i=j=1

ﬁ{

—_——
i=1#£j Vitl=j i=j>2

(53)+20m :

Bp-—1)+m-1)6pE+1)+3@@+3)+(m-2)(p+3))

1)<ﬁ;>+(m—l)<i§>>+(m—l)(m

3
(p=Lpp+2)(p+4) (p+6)
m?2 (p+ 3) +m (6p+ 6) + 8p — 24
(p—1pp+2)(p+4)(p+6)
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m m m m

4 2 9] _ 2 2 2020202

E {HuaH uva} =E g us E u; u2v? E [ufufuivi]
pt —

i=1 j=1

=E [u}v3] +E [ufuzvi] +2 E [u%u%vg] +2(m—2) E[ujviud] +

~— —
i=j=1 i=j=2 i=2,j=1Vi=1,j=2 i=1,j>3V j=1,i>3
2(m —2) E[ufudviu3] + (m—2)(m—3)E [ufviuiui] + (m — 2) E [uiviu]]
—_————— —_———— —_———
i=2,j>3V j=2,i>3 i#5>3 i=5>3

_ /89 29N o/ 9N ol 02N\ o o/ 22
=(§3)+(g2)+2(s2)r2m-n(he)r2m-(35 )+

(12)

2 0
(m—%@n—a<§§>
0

_ 15(p+5)+3(p+1)+2(3p+9)+(m—2)(9(p+5)+2(p+3)+(m—3)(p+5))
B (p—1)p(p+2)(p+4)(p+6)

m2 (p+5)+2m (3p+13) + 8 (p + 3)
(p=1pp+2)(p+4)(p+6)

We notice that the following derivation is symmetric in %, j. Thus, we assume 7 > ¢ and multiply
everything by 2.

m m
E [||ua||4u1uw1v2} = (Zu ) Z U1 U2V V2 ZZ]E u?u? U1U2'U11)2]
=1

j= i=1 j=1
=2E [U1U2’U1U2] +2FE [uluzvlvg] +4(m—2)E [u?uzugvlvg] +
i=j=1V i=j=2 i=1,j=2 i=1,j>3Vi=2,j>3
(m —2) (m — 3) E [uyugujujvivs] + (m — 2) E [ujusuiv vs]
i#5>3 D e

>+(m—2)(m—3)< >+ (4

oo

olo»—-»—-
oftorom=
oloorr—

5 1 3 1
=2(§3) (4 4) A —2)

m-a{is)
30— 18+ (m —2) (—12 — (m — 3) — 3)

(p—=1pp+2)(p+4)(p+6)
—(m+6)(m—+4)
(p—=1pp+2)(p+4)(p+6)
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E.1 AUXILIARY DERIVATIONS WITH TWO VECTORS

Below we attached many auxiliary derivations of simple polynomials that we need in our main
propositions and lemmas.

]EuJ_v,Qm (uIQmua)2 (u;erVa)Q

4 m 2 m 2

s B [t (5 ) (55 0)

m m m m
= Z Z Z Z IEuJ_v [ErNS""*l |:||uaH4 TiUiTjUj?“kUkTg’Ug}}

i=1 j=1 k=1 £=1

m m m m
=3 YD Y Bury [uall witonveEpnsns frarrir]|

=1 j=1 k=1 4=1

m

[Prop.[T0] = Z]EULV [||ua|| Wl E, [ } Z Eulv [||ua|\ iR, [r? rkﬂ +
i#£k=1

i=j=k=¢ i=j#k=(

m
2" Eulv [Ilua\|4uiujvﬂaﬂ*3 [TZZTJQH
i#j=1

i=kAj=CV i=l£j=k

= (% )m ZE[IuaII“ 20] +

Y (Y B[l ueg] +2 Y E [l vy
" iAj=1

i#k=1

(14)

<

4 4
—m(34) E [||uaH u‘f‘uﬂ n

m(m—1) < % >m (IE [||ua||4 u%v%} 4R [||ua||4 uluwlvzb

oo

3 1
= B [l fof ] + 7 (B lua udod | +2E [ ljua] waugvivs | )
—_— ———
solved in Eq. (TT) solved in Eq. (T2) solved in Eq. (T3)
_ 3(m*(p+3)+m(6p+6)+8p—24) | (m—1)(m’(p+5)+2m(3p+13)+8(p+3))
(m+2)(p—1)p(p+2)(p+4)(p+6) (m+2)(p—1)p(p+2)(p+4)(p+6)

2(m—1)-(m+6)(m+4)
(m+2)(p—1)p(p+2)(p+4)(p+6)

_(m+2)(m+4)(mp+3)+2(p-3)) (m+4)(m@p+3)+2(-3))

S m+2)(p-plp+2)(p+4)(p+6) (p—-1)pp+2)(p+4)(p+6)
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Burv [l (07v0)"] = B [Jua]* (~u]ve)*] = 37 B [luall* wiryvie,
i,j=1

m m
= ZE [||ua||4u?vﬂ + Z E [||ua||4uiujvivj}
i=1 i#j=1

=i i#]

=mE {Hua||4u%vﬂ +m(m—-1)E {HuaH4 uluQvlvg} (15

—_—

solved in Eq. solved in Eq.

(mz(p+3)+m(6p+6)+8p—24 _(m—1)-(m+4)(m+6) >
(P-Dp+2)(p+4)(p+6) (p—Dp+2)(p+4)(p+6)
(m+2)(m+4)(p—m)

(p—Dpp+2)(p+4)(p+6)

Buiva, | (00 Quit)” (0] 0) | = Bury [Besos (e ) (uf v0))
_ 2 T..T T2l 1 40 T )2
=Eulv [HuaH Eiosm—1u, I ug (ub vb) ] = Eulv [Hua” (ub Vb) } 6)

solved in Eq. (T3)
(m+2)(m+4)(p—m)
(p—1pp+2)(p+4)(p+6)
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m p p P
2 2
E [||uaH (uy v) } =E Zuf Z u;v; =mE |u? Z Z UV UKV,
=1 Jj=m+1 j=m+1k=m+1
P
=m(p—m) Z E [ufupvpupvr]
k=m+1
=m(p—m)|E [ulu?) 2] +(p-m-1)E [ulup 1Up—1UpUp] 17)
k=p m+1<h<p-1
(-m) ((22)+( (1]
=m(p—m -—m—
! go/TY 77

- B p+1 —(p—m—1)
=m(p—m) ((p e+ T = 1)p(p+2)(p+4)>

__(p—m)m(m+2)
(p—1)plp+2)(p+4)

Consequently,

2] _ (p—m)m(p—m+2)
B Il ()] = G e v o
E IIUaHQIIVaII2IIUbII2} =32 D Eldfuiv]] =(p-m)) D E[ufup]]
i=1 j=1k=m+1 i=1 j=1
:m(p—m)' E [ufuv]]
m@nw(ﬁw@@ﬂ+< —1)E [ufue] o
=1 22
2 92 20
S (G een (i)
B o p+1+(m— +3)
=mip )((p 1)p(p+2 4)
_mp—m)(m(p+3)-2)
P-Dpp+2)(p+4)
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m m 2
E [l[uall* vall'] = E [Jual* Ivall*] = Eusv (Zﬁ) (Z )
=E iuf+2ufu§ kaJerkv[

i=1 i#] k=1 kL
m m
DD IICTIES D IITELIES 3) AT EEIES g pACHEE]
i=1 k=1 i=1 k#L k=1 i#j i#j k#L
same, due to the identical distributions (see Prop. E)
m m
= E uvk +2ZZE“L" uvkve JrZZ]E“LV u Ukw]
i=1 k=1 i=1 k#L i#j k#L
m
= mZE ujvy) + 2mZ]E [uivivi] +m (m — 1) ZE [ufudvivy]
k=1 k#£L k#L

=m | E[ujvi] + (m—1)E[ujvs] | +2m| 2 (m—1) E[ufvivi]+(m—1) (m—2) E[ujviv]]
—

k=1 k>2 k=1<0V e=1<k kA0>2
+m(m—1)| 2E [uiuvivs] +4 (m — 2) E [ufudvivi] + (m — 2) (m — 3) E [ufudviv]]
k=1,6=2V £=1,k=2 k<2,6>3V £<2,k>3 k££>3

_ 9m + 9m(m—1)(p+3)(p+5) +9m 6(m—1)(p+1)(p+3)+3(m—1)(m— 2)(P+3)(P+5)
p(p+2)(p+4)(p+6) * (p—1)p(p+1)(p+2)(p+4)(p+6) (p—1D)p(p+1)(p+2)(p+4)(p+6)

(m—1) 2(p? +4p+15)+4(m—2) (p+3)* (m=2)(m—3)(p+3)(p+5)
mm (p—1)p(p+1)(p+2)(p+4)(p+6) ' (p—1)p(p+1)(p+2)(p+4)(p+6)

_ Im(p—1)(p+1)+9m(m—1)(p+3)(p+5)+2m(6(m—1)(p+1) (p+3)+3(m—1)(m—2)(p+3) (p+5))
B (p—1)p(p+1)(p+2)(p+4)(p+6)

m(m—1)(2(p°+4p+15)+4(m—2)(p+3)°+(m—2)(m—3)(p+3) (p+5))
(p—1)p(p+1)(p+2)(p+4)(p+6)

m(m+2) (m*(p+3)(p+5)+2m(p+1)(p+3) —8(2p+3))
(p—=Dplp+1)(p+2)(p+4)(p+6)

+

(20)
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I
NE
=
=
=
I
_ 3
]
=
=]
QGM

E |[ual® [val ] ) — mE [u20?] +m (m — 1) E [u30]
Jj=1 j>2
m m(m—-1)(p+1) (@21

S plp+2) (p-1)pp+2)

m(mp+m=2)
(p—1pp+2)

EuivQu (47 Quiva)” = Eutvamsnt (Jualr7va)"

=Bty [[tal Brosio (vireTv,)]

(22)
1 5 2 mp+m—2
= EEulv [HuaH [vall } = m
solved in Eq. 1)
E (u;'—va)2 =Eulv (fu;rvb)2 =Eu.lv (ug—vb)2 = Z E [uju;v;v;]
i,j=1

=m ZE [urujviv] = m (E [uivi] + (m — 1) E [uugvivs))

j=1 23)
_ 2 2 Loy 1 —1-(m—1)
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E.2 AUXILIARY DERIVATIONS WITH THREE VECTORS
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