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Abstract

Evaluating the performance of machine learning
models under distribution shifts is challenging, es-
pecially when we only have unlabeled data from
the shifted (target) domain, along with labeled
data from the original (source) domain. Recent
work suggests that the notion of disagreement,
the degree to which two models trained with dif-
ferent randomness differ on the same input, is a
key to tackling this problem. Experimentally, dis-
agreement and prediction error have been shown
to be strongly connected, which has been used to
estimate model performance. Experiments have
led to the discovery of the disagreement-on-the-
line phenomenon, whereby the classification error
under the target domain is often a linear func-
tion of the classification error under the source
domain; and whenever this property holds, dis-
agreement under the source and target domain
follow the same linear relation. In this work, we
develop a theoretical foundation for analyzing dis-
agreement in high-dimensional random features
regression; and study under what conditions the
disagreement-on-the-line phenomenon occurs in
our setting. Experiments on CIFAR-10-C, Tiny
ImageNet-C, and Camelyon17 are consistent with
our theory and support the universality of the the-
oretical findings.

1. Introduction

Modern machine learning methods such as deep neural net-
works are effective at prediction tasks when the input test
data is similar to the data used during training. However,
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they can be extremely sensitive to changes in the input data
distribution (e.g., Biggio et al. (2013); Szegedy et al. (2014);
Hendrycks et al. (2020), etc.). This is a significant con-
cern in safety-critical applications where errors are costly
(e.g., Oakden-Rayner et al. (2020), etc.). In such scenarios,
it is important to estimate how well the predictive model
performs on out-of-distribution (OOD) data.

Collecting labeled data from new distributions can be costly,
but unlabeled data is often readily available. As such, recent
research efforts have focused on developing methods that
can estimate a predictive model’s OOD performance using
only unlabeled data (e.g., Garg et al. (2021); Deng & Zheng
(2021); Chen et al. (2021); Guillory et al. (2021), etc.).

In particular, works dating back at least to Recht et al.
(2019) suggest that the out-of-distribution (OOD) and in-
distribution (ID) errors of predictive models of different
complexities are highly correlated. This was rigorously
proved in Tripuraneni et al. (2021) for random features
model under covariate shift. However, determining the cor-
relation requires labeled OOD data. To sidestep this require-
ment, Baek et al. (2022) proposed an alternative approach
that looks at the disagreement on an unlabeled set of data
points between pairs of neural networks with the same archi-
tecture trained with different sources of randomness. They
observed a linear trend between ID and OOD disagreement,
as for ID and OOD error. Surprisingly, the linear trend had
the same empirical slope and intercept as the linear trend
between ID and OOD accuracy. This phenomenon, termed
disagreement-on-the-line, allows estimating the linear rela-
tionship between OOD and ID error using only unlabeled
data, and finally allows estimating the OOD error.

At the moment, the theoretical basis for disagreement-on-
the-line remains unclear. It is unknown how generally it
occurs, and what factors (such as the type of models or
data used) may influence it. To better understand—or even
demystify—these empirical findings, in this paper, we de-
velop a theoretical foundation for studying disagreement.
We focus on the following key questions:

Is disagreement-on-the-line a universal phenomenon? Un-
der what conditions is it guaranteed to happen, and what
happens if those conditions fail?

To work towards answering these questions, we study dis-
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Figure 1. Target vs. source risk and shared-sample disagreement
of random features model trained on CIFAR-10. Solid lines are
derived from Theorem 4.1. Target domain is CIFAR-10-C-Fog
(Hendrycks & Dietterich, 2018). See Section 5 for details.

agreement in a widely used theoretical framework for high-
dimensional learning, random features models. We consider
a setting where input data is from a Gaussian distribution,
but possibly with a different covariance structure at train-
ing and test time, and study disagreement under the high-
dimensional/proportional limit setting. We define various
types of disagreement depending on what randomness the
two models share. We rigorously prove that depending on
the type of shared randomness and the regime of param-
eterization, the disagreement-on-the-line may or may not
happen in random feature models trained using ridgeless
least squares. Moreover, in contrast to prior observations,
the line for disagreement and the line for risk may have
different intercepts, even if they share the same slope. Addi-
tionally, we prove that adding ridge regularization breaks the
exact linear relation, but an approximate linear relation still
exists. Thus, we find that even in a simple theoretical setting,
disagreement-on-the-line is a nuanced phenomenon that can
depend on the type of randomness shared, regularization,
and the level of overparametrization.

Experiments we performed on CIFAR-10-C and other
datasets are consistent with our theory, even though the
assumptions of Gaussianity of inputs and linearity of the
data generation are not met (Figure 1, 4). This suggests that
our theory is relevant beyond our theoretical setting.

1.1. Main Contributions

We provide an overview of the paper and our results.

* We propose a framework for the theoretical study of
disagreement. We introduce a comprehensive and uni-
fying set of notions of disagreement (Definition 2.1).
Then, we find a limiting formula for disagreement in
the high-dimensional limit where the sample size, input

dimension, and feature dimension grow proportionally
(Theorem 3.1).

* Based on this characterization, we study how dis-
agreement under source and target domains are re-
lated. We identify under what conditions and for which
type of disagreement the disagreement-on-the-line phe-
nomenon holds (Section 4). Theorem 4.3 and Corollary
4.4 show an approximate linear relation when the con-
ditions are not met.

* When the disagreement-on-the-line holds in our model,
our results imply that the target vs. source line for risk
and the rarget vs. source line for disagreement have
the same slope. This is consistent with the findings of
Baek et al. (2022), that whenever OOD vs. ID accuracy
is on a line, OOD vs. ID agreement is also on the same
line. However, unlike their finding, in our problem, the
intercepts of the lines can be different (Remark 4.2).

e In Section 5, we conduct experiments on several
datasets including CIFAR-10-C, Tiny ImageNet-C, and
Camelyonl7. The experimental results are generally
consistent with our theoretical findings, even as the the-
oretical conditions we use (e.g., Gaussian input, linear
generative model, etc.) may not hold. This suggests a
possible universality of the theoretical predictions.

¢ QOur work shows that disagreement-on-the-line is a sub-
tle phenomenon that depends on the shared random-
ness, regularization, and regime of parameterization.
We also identify a difference between the intercept of
the line for risk and the line for disagreement. If these
factors are not properly considered, the disagreement-
on-the-line principle can lead to an inaccurate OOD
performance estimation.

1.2. Related Work

Random Features Model. Random features models were
introduced by Rahimi & Recht (2007) as an approach for
scaling kernel methods to massive datasets. Recently, they
have been used as a standard model for the theoretical study
of deep neural networks. Despite its simplicity, it is rich
enough to capture various phenomena of deep learning in-
cluding double descent (Mei & Montanari, 2022; Adlam
et al., 2022; Lin & Dobriban, 2021), adversarial training
(Hassani & Javanmard, 2022), feature learning (Ba et al.,
2022), and transfer learning (Tripuraneni et al., 2021). In
particular, in this model, the number of parameters and the
ambient dimension are disentangled, hence the effect of
overparameterization can be studied on its own.

Linear Relation Under Distribution Shift. Several in-
triguing phenomena have been observed in empirical studies
of distribution shifts. Recht et al. (2019); Hendrycks et al.
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(2021); Koh et al. (2021); Taori et al. (2020); Miller et al.
(2021) observed linear trends between OOD and ID test
error. Tripuraneni et al. (2021) proved this phenomenon in
random features models under covariate shift.

Recently, the notion of disagreement has been gaining a lot
of attention (e.g., Hacohen et al. (2020); Chen et al. (2021);
Jiang et al. (2021); Nakkiran & Bansal (2020); Baek et al.
(2022); Atanov et al. (2022); Pliushch et al. (2022), etc.).

In particular, Baek et al. (2022) empirically showed that
OOQOD agreement between the predictions of pairs of neu-
ral networks also has a strong linear correlation with their
ID agreement. They further observed that the slope and
intercept of the OOD vs ID agreement line closely match
that of the accuracy. This can be used to predict the OOD
performance of predictive models only using unlabeled data.

High-dimensional Asymptotics. Work on high-
dimensional asymptotics dates back at least to the 1960s
(Raudys, 1967; Deev, 1970; Raudys, 1972) and has more
recently been studied in a wide range of areas, such as
high-dimensional statistics (e.g., Raudys & Young (2004);
Serdobolskii (2007); Paul & Aue (2014); Yao et al. (2015);
Dobriban & Wager (2018), etc.), wireless communications
(e.g., Tulino & Verdu (2004); Couillet & Debbah (2011),
etc.), and machine learning (e.g., Gyorgyi & Tishby (1990);
Opper (1995); Opper & Kinzel (1996); Couillet & Liao
(2022); Engel & Van den Broeck (2001), etc.).

Technical Tools. The results derived in this paper rely on
the Gaussian equivalence conjecture studied and used exten-
sively for random features model (e.g., Goldt et al. (2022);
Hu & Lu (2022); Montanari & Saeed (2022); Mei & Monta-
nari (2022); Hassani & Javanmard (2022); Tripuraneni et al.
(2021); Loureiro et al. (2021); d’ Ascoli et al. (2021), etc.).
Our analytical results build upon the series of recent work
Mel & Pennington (2021); Adlam & Pennington (2020a);
Tripuraneni et al. (2021) using random matrix theory and
operator-valued free probability (Far et al., 2008; Mingo &
Speicher, 2017).

2. Preliminaries
2.1. Problem Setting

We study a supervised learning setting where the training
data (7;,y;) € RY x R, i € [n], of dimension d and sample
size n, is generated according to

1
Vd
where &; "% N(0,02). Additionally, the true coefficient

B € R? is assumed to be randomly drawn from N(0, I,).
The linear relationship between (;, y;) is not known. We

2 TON(0, %), andy; = — BTz + 2, (1)

fit a model to the data, which can then be used to predict
labels for unlabeled examples at test time.

We consider two-layer neural networks with fixed, randomly
generated weights in the first layer—a random features
model—as the learner. We let the width of the internal
layer be N € N. For a weight matrix W € RY*? with i.i.d.
random entries sampled from N(0, 1), an activation function
o : R — R applied elementwise, and the weights a € RV
of a linear layer, the random features model is defined by

Jw.al(z) = \/—lﬁaTU (Wx/\/g) )

The trainable parameters a € R™ are fit via ridge regres-
sion to the training data X = (z1,...,7,) € R¥" and
Y = (y1,...,yn)" € R™. Specifically, for a regularization
parameter v > 0, we solve

-
a=argmin||Y — o (WX/\/g) a/VN|| +~lall?,

2
a€RN 2

and use §(x) = a" o(Wa/v/d)/v/N as the model predic-
tion for a data point 2 € R?. Defining F = o(W X/V/d)
and f = o(Wz/V/d), we can write

-1
1 1
j(x) =Y " [ =F'F++I, —FTf]. @
i(x) ( N +7 > < ~E ) @
To emphasize the dependence on W, X, Y, we also use the
notation §y, x,y -

It has been recognized in e.g., Adlam & Pennington (2020a);
Ghorbani et al. (2021); Mei & Montanari (2022) that
only linear data generative models can be learned in the
proportional-limit high-dimensional regime by random fea-
tures models, and the non-linear part behaves like an addi-
tive noise. Thus, we consider linear generative models as
in (1). Results for non-linear models can be obtained via
linearization, as is standard in the above work.

We also highlight that our theoretical findings are validated
by simulations on standard datasets (such as CIFAR-10-C)
where the input distribution is non-Gaussian and the data
generation model is non-linear.

2.2. Distribution Shift

At training time (1), the inputs x; are sampled from the
source domain, Dy = N(0, Xs). At test time, we assume the
input distribution shifts to the target domain, Dy = N(0, 3¢).
We do not restrict the change in P(y|x) since disagreement is
independent of the label y. Previous work (Lei et al., 2021;
Tripuraneni et al., 2021; Wu et al., 2022) found that the
learning problem under covariate shift is fully characterized
by input covariance matrices. For this reason, we do not
consider shifts in the mean of the input distribution.
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2.3. Definition of Disagreement

Hacohen et al. (2020); Chen et al. (2021); Jiang et al. (2021);
Nakkiran & Bansal (2020); Baek et al. (2022) define notions
of disagreement (or agreement) to quantify the difference
(or similarity) between the predictions of two randomly
trained predictive models in classification tasks.

Prior work on disagreement considers three sources of ran-
domness that lead to different predictive models: (i) random
initialization, (ii) sampling of the training set, and (iii) sam-
pling/ordering of mini-batches.

Motivated by these results, we propose analogous notions
of disagreement in random features regression. We consider
(1), (i1) and their combination, as (iii) is not present in our
problem.

The independent disagreement measures how much the pre-
diction of two models with independent random weights
and trained on two independent sets of training datasets dis-
agree, on average. Similar notions were used in (Nakkiran
& Bansal, 2020; Pliushch et al., 2022; Jiang et al., 2021;
Baek et al., 2022).

The shared-sample disagreement measures the average dif-
ference of the predictions of two models with independent
random weights, but trained on a shared training set. Simi-
lar notions were used in (Pliushch et al., 2022; Jiang et al.,
2021; Baek et al., 2022; Atanov et al., 2022).

The shared-weight disagreement measures the average dif-
ference of the predictions of two models with shared random
weights, but trained on two independent training samples.
Similar notions were used in (Jiang et al., 2021; Baek et al.,
2022).

While the prior work typically used 0-1 loss to define agree-
ment/disagreement in classification, we use the squared loss
to measure disagreement for real-valued outputs.

Definition 2.1 (Disagreement). Consider two random fea-
tures models trained on the data (X;,Y7),(X2,Y2) €
R¥*™ » R™ with random weight matrices W7, Wy € RV X4,
respectively. We measure the disagreement of two models
by their mean squared difference

Dis! (n,d, N, %) = E | (G, x,.v () — Jwa,x5.v2 (1)),

where the expectation is over 3, Wy, Ws, X1,Y7, Xo, Y5,
and j € {s,t} is the domain that z ~ D is from, and the
index i € {I,SS, SW} corresponds to one of the following
cases.

* Independent disagreement (¢ = I): the training data
(X1,Y7),(X2,Y>) are independently generated from
(1), with the same /3. The weights W, W, € RV*4
are independent matrices with i.i.d. N(0, 1) entries.

* Shared-Sample disagreement (: = SS): the training
samples are shared, i.e., (X1,Y7) = (X3,Y2) =
(X,Y), where (X,Y) is generated from (1). The
weights W, W, € RV*? are independent matrices
with i.i.d. N(0, 1) entries.

* Shared-Weight disagreement ( = SW): the training
data (X1,Y7), (X2, Ys) are independently generated
from (1), with the same 8. Two models share the
weights, i.e., W7 = Wy = W. The weights are shared,
ie, W, = Wy = W, where W € RV %4 is a matrix
with i.i.d. N(0, 1) entries.

2.4. Conditions

We characterize the asymptotics of disagreement in the pro-
portional limit asymptotic regime defined as follows.

Condition 2.2 (Asymptotic setting). We assume that
n,d, N = oo withd/n — ¢ > 0and d/N — ¢ > 0.

To characterize the limit of disagreement, we need condi-
tions on the spectral properties of X4 and 3, as their dimen-
sion d grows. When multiple growing matrices are involved,
it is not sufficient to make assumptions on the individual
spectra of the matrices, but rather, they have to be consid-
ered jointly (Wu & Xu, 2020; Tripuraneni et al., 2021; Mel
& Pennington, 2021). We assume that the joint spectral dis-
tribution of ¥4 and Xy converges to a limiting distribution
ponR2 asd — oo.

Condition 2.3. Let A\},..., A5 > 0 be the eigenvalues
of X5 and vq,...,vq be the corresponding eigenvectors.
Define \! = v Sv; for i € [d]. We assume the joint
empirical spectral distribution of (A5, A!), 4 € [d] converges
in distribution to a limiting distribution x on Rf_. That is,
é Zle d(xs.at) — p, where ¢ is the Dirac delta measure.
We additionally assume that  has a compact support. We
denote random variables drawn from g by (A%, \), and
write mg = E,[A*] and my = E, [\"].

For the existence of certain derivatives and expectations,
we assume the following mild condition on the activation
functiono : R — R.

Condition 2.4. The activation function ¢ : R — R is
differentiable almost everywhere. There are constants ¢
and ¢; such that |o(z)], |0’ (x)| < cpe®'®, whenever o’ (z)
exists. For j € {s,t} and a standard Gaussian random
variable Z ~ N(0, 1), define

E[Zo(,/m; 2))?

o Wi
j ) Wi
m;

Vel
P; a

These constants characterize the non-linearity of the activa-
tion o and will appear in the asymptotics of disagreement.
Note that when o is ReLU activation o(x) = max(z,0),
we have p; = 1/4, w; = m;(1 —2/7) for j € {s,t}.
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3. Asymptotics of Disagreement

In this section, we present our results on characterizing the
limits of disagreement defined in Definition 2.1 for random
features models. We introduce results for general ridge
regression and also study the ridgeless limit v — O.

3.1. Ridge Setting
Fori € {I,SS,SW} and j € {s,t}, define the asymprotic

disagreement

Dis/ (¢,9,7) =

li Dis’ (n,d, N
8, o, D3 (1 N, ),

where the limit is in the regime considered in Condition 2.2.

Asymptotics in random features models and linear models
with general covariance (e.g., training/test error, bias, vari-
ance, etc.) typically do not have a closed form, and can only
be implicitly described through self-consistent equations
(Tulino & Verdu, 2004; Dobriban & Wager, 2018; Adlam
etal., 2022; Mei & Montanari, 2022; Hastie et al., 2022). To
facilitate analysis of these implicit quantities, previous work
(e.g., Dobriban & Sheng (2021; 2020); Tripuraneni et al.
(2021); Mel & Pennington (2021), etc.) proposed using
expressions containing only one implicit scalar. We show
that similar to the asymptotic risk derived in Tripuraneni
et al. (2021), the asymptotic disagreements can be expressed
using a scalar x which is the unique non-negative solution
of the self-consistent equation

Y+ o= V(-9 + 4y /ps
2¢(ws + 171 (K)) ’

“

where Ii,b is the integral functional of ;1 defined by

()\s)a—l)\j

7 (k) = ¢, {WHAS)I’

| ictn ©
We omit x and simply write IZ , Whenever the argument is
clear from the context. Recall from Condition 2.3 that I
describes the joint spectral properties of source and target
covariance matrices, SO Ifl, , can be viewed as a summary of
the joint spectral properties.

The following theorem—our first main result—shows that

lef (¢a ?aba 7)9 legs(qba wa 7)’ leéw(¢7 1/)7 7) are well de-
fined, and characterizes them.

Theorem 3.1 (Disagreement in general ridge regression).
For j € {s,t}, the asymptotic independent disagreement is
Dis{ (6,4, 7)

2pYK [ i ,

= - — |77 (w; + ¢I{ ;)5
v + psy (T + T) (ws + ¢L5 ) (wj +0T12) T2

+ (02 + I3 1) (ws + 615 5) (wj + T4 )
¢ _

+ @’Y (02 +¢If,2)I§,2}a

and the asymptotic shared-sample disagreement is

DiSéS(QSv ¢7 '7)
2pK%(02 + 911 5)T3

= Dis{ (¢,,7) — : :
I( ) ps(1— HQISQ)

and the asymptotic shared-weight disagreement is

DngW(Qbu 77[]7 ’Y)
2p0R* (wj + T 5)T5

e —
= D) - T,y

where T and T are the limiting normalized trace of
(FTE/N +~I,) Y and (FFT /N +~In)7Y, respectively.
They can be expressed as functions of k as follows:

Vb = )2+ Akpdy/ps + 1 — ¢
29y ’

)

The expressions in Theorem 3.1 are written in terms of
the non-linearity constants ps, py, ws, wt, the dimension pa-
rameters 1), ¢, the regularization =, the noise level o2, the
summary statistics Z; ,,, Ifl’b of u, and 7, 7, k. Since 7, T are
algebraic functions of x, the expressions are functions of

one implicit variable k.

This theorem can be used to make numerical predictions for
disagreement. To do so, we first solve the self-consistent
equation (4) using a fixed-point iteration and find «. Then,
we plug « into the terms appearing in the theorem. Figure
2 shows an example, supporting that the theoretical predic-
tions of Theorem 3.1 match very well with simulations even
for moderately large d, n, N.

Theoretical Innovations. To prove this theorem, we first
rely on Gaussian equivalence (Section A.3, A.4) to express
disagreement as a combination of traces of rational functions
of i.i.d. Gaussian matrices. Then, we construct linear pen-
cils (Section A.5) and use the theory of operator-valued free
probability (Section A.1, A.2) to derive the limit of these
trace objects. This general strategy has been used previ-
ously in Adlam et al. (2022); Adlam & Pennington (2020b);
Tripuraneni et al. (2021); Mel & Pennington (2021).

However, in the expressions of disagreement, new traces
appear that did not exist in prior work. We construct new
suitable linear pencils to derive the limit of these traces.
While this leads to a coupled system of self-consistent equa-
tions of many variables, it turns out that they can be fac-
tored into a single scalar variable « defined through the
self-consistent equation (4), and every term appearing in the
limiting disagreements, can be written as algebraic functions
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Figure 2. Independent, shared-sample, and shared-weight disagree-
ment under target domain in random features regression with ReLU
activation function, ¢ = limd/n = 0.5, versus ¢/¢ = lim N/n.
We set v = 0.01, 02 = 0.25, and = 0.56(1.5,5) + 0.56(1,1)-
Simulations are done with d = 512, n = 1024, and averaged over
300 trials. The continuous lines are theoretical predictions from
Theorem 3.1, and the dots are simulation results.

of k. These results might also be of independent interest.
Since limiting disagreements only rely on the same implicit
variable as the variable appearing in the limiting risk, we
can derive the results in Section 4.

3.2. Ridgeless Limit

In the ridgeless limit v — 0, the self-consistent equation (4)
for k becomes

min(1, ¢/
_ min(l, ¢/¢) )
ws + 17 4 (k)
Further, the asymptotic limits in Theorem 3.1 can be simpli-
fied as follows.

Corollary 3.2 (Ridgeless limit). For j € {s,t} and in the
ridgeless limit v — 0, the asymptotic independent disagree-
ment is

. . g 29'1/’*5 2 s j
}/%Dlsf(éﬁ,%bﬁ) = m(gs + I3 1) (wj + 1 1)
2ﬁg"fl(‘75+¢1§,2)l—g,2
L Ty o 92

2pjr(wi+¢T1,5)T5,5 b <,

ps(ws+@I3 5)

and the asymptotic shared-sample disagreement is

. . 20;VK ] .
lim Dis{g(¢,1,7) = ———— (02 + I3 ;) (w; + I
40 SS( ) ps|¢_w|( 1,1)( J 1,1)

0 ¢ > 1),
=+ 2p; K (w’+¢Ij_ )I;Q n(o?—i—gbllsg)l'jy
o ( e, T 1T, ) 9<¥

Table 1. Existence of disagreement-on-the-line in the over-
parametrized regime for different regularization and types of dis-
agreement. The symbols v/, ~, X correspond to exact, approxi-
mate, no linear relation, respectively.

Dis; and Disgg

(Theorem 4.1)
(Theorem 4.3)

DiSSW

v—0

y>0 X (Section 4.2)

and the asymptotic shared-weight disagreement is

. . 20Uk
lim Disly, (¢, 1, v) = ——L—
iy Dissw (6,7) ps|¢ — |

2055 ((aiwzi,zn%,z 3 w~<wj+¢1{,2>zz,2) 6>
b)

(02 + T3 ) (wj + I{,l)

+ Ps ws+¢IY 5 d—Yr215 5

0 ¢ <1,
where k is defined in (7).

In the ridgeless limit, I and SS disagreement have a single
term that depends on v, which motivates the analysis in
Section 4 that examines the disagreement-on-the-line phe-
nomenon. In contrast, SW disagreement has two linearly
independent terms that are functions of 1, leading to a dis-
tinct behavior compared to I and SS disagreement.

The asymptotics in Corollary 3.2 reveal another interesting
phenomenon regarding disagreements of random features
model in the ridgeless limit. For example, it follows from
Corollary 3.2 that SS disagreement tends to zero in the
infinite overparameterization limit where the width NV of
the internal layer is much larger than the data dimension d,
so that v = limd/N — 0. However, the same is not true
for the I and SW disagreement. This indicates that, in the
infinite overparameterization limit, the randomness caused
by the random weights disappears, and the model is solely
determined by the training sample.

4. When Does Disagreement-on-the-Line
Hold?

In this section, based on the characterizations of disagree-
ments derived in the previous section, we study for which
types of disagreement and under what conditions, the linear
relationship between disagreement under source and target
domain of models of varying complexity holds.

4.1.1 and SS disagreement

Ridgeless. In the overparametrized regime ¢ > 1, the
self-consistent equation (7) is independent of ¢ = lim d/N,
and so is . This implies the following linear trend of I and
SS disagreement, in the ridgeless limit.
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Figure 3. (a) Target vs. source I, SS, SW disagreement in the ridgeless and underparametrized regime (¢ < ). There is no linear
trend in this regime. (b) Deviation from the line, Disis(¢, ¥, 7) —
becomes larger as v increases. See Section D.2 for figures for I disagreement and risk. (c¢) Target vs. source lines for I, SS disagreement
and risk, in the overparametrized regime ¢/¢ € (0,1). The lines have identical slopes but different intercepts. (d) Deviation from
the line, lim~—o Dis§w (¢, %, v) — aDisdw (¢, ¥, ¥), vs. lim 0 Disw (¢, ¥, ¥), in the overparametrized regime (¢ > ). This shows
disagreement-on-the-line does not happen for SW disagreement. We use ¢ = 0.5, 02 = 10~*, and ReLU activation o. We set
Mn = 0.4(5(0,171) + 0.66(170‘1) in (a), (b), (d) and m = 0.5(5(4’1) + 0.5(5(1’4) in (C)

Theorem 4.1 (Exact linear relation). Define

. po(we +If,1)

B ps(ws —|—Ii1)

262 (02 + ¢T3 o) (pe L5 5 — apsT5 5)
ps(1 — ’{21.5,2) ,

) bSS = 07

®

=

for i satisfying (7). We fix ¢ and regard the disagreement
Dis! (¢,1,7), i € {I,SS}, j € {s,t}, as a function of 1. In
the overparametrized regime ¢ > 1) and for i € {1,SS},

lim Dis{(¢,,v) = a lim Dis}(¢,,v) + b, (9)
~—0 ~—0

where the slope a and the intercept by are independent of 1.

Recall from (3) and (5) that p, py, ws, ws are constants de-
scribing non-linearity of the activation o, and Z; ,, Z¢ , are
statistics summarizing spectra of X, 3. Therefore, the
slope a is determined by the property of o, X, 3. By plug-
ging in sample covariance, we can build an estimate of the
slope in finite-sample settings. Also as a sanity check, if we
set Xs = X, then we recover a = 1 and by = 0 as there will
be no difference between source and target domain.
Remark 4.2. The slope a = py(wi + I 1)/ ps(ws + I3 ;) is
same as the slope from Proposition C.3. This is consistent
with the empirical observations from Baek et al. (2022)
that the linear trend between ID disagreement and OOD
disagreement has the same slope as the linear trend between
ID risk and OOD risk. However, unlike in Baek et al. (2022),
in our case, the intercepts can be different. This can be seen
in Figure 1 and Figure 3 (c), and also from (51).

Our analysis provides an explicit formula for the intercepts.
Specifically, the intercepts can be numerically computed
using equations (8), (51), and Theorem C.1 if ag is known.

aDisgs (¢, ¥, ), as a function of ¢ for non-zero +. The deviation

Note that in the general case of non-linear generative mod-
els, Ug corresponds to the sum of the noise level and the
non-linear component of the data-generating function. By
estimating o2, we can obtain estimates of the intercepts
which can be potentlally used for OOD performance estima-
tion.

Ridge. When v > 0, the exact linear relation between
source disagreement and target disagreement no longer
holds in our model. However, it turns out that there is
still an approximate linear relation, as we show next.

Theorem 4.3 (Approximate linear relation of disagreement).
Let a, bss, by be defined as in (8). Given ¢ > 1, deviation
from the line, for I and SS disagreement, is bounded by

|Disy (¢, 4, 7) — aDis{ (¢, 9, 7) — bi| <
COY+ V7 + 97+ W) /(1= ¥/é + V/i7)%,
‘Dlsss(¢ Y, 7y) — aDlSss(¢ Y,y <

CVYy + oy + v/ — /¢ + by
where C' > 0 depends on ¢, j1, 02, and o.

We see the upper bounds vanish as v — 0, consistent with
Theorem 4.1. Also, the upper bound for SS disagreement
vanishes as 1 — 0, which is confirmed in Figure 3 (b).

We now present an analog of Theorem 4.3 for prediction
error of the random features model. This is a generalization
of Proposition C.3, which shows an exact linear relation
between risks in the ridgeless and overparametrized regime.

Corollary 4.4 (Approximate linear relation of risk). Denote
prediction risk in the source and target domains by Fg, F,
respectively (see Section C for definitions). Let a, b be
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Figure 4. (a) CIFAR-10-C-Snow (severity 3) (b) Tiny ImageNet-C-Fog (severity 3) (¢) Camelyon17; For more results, see Section D.3.

defined as in (8) and (51). Given ¢ > ), deviation from the
line, for risk, is bounded by

C(y +Viby + vy + V7 + ¢y?)
(1—v/¢+Viy)?

where C > 0 depends on ¢, j1, 02, and o.

|Et - aEs - brisk| S

Theorem 4.3 and Corollary 4.4 together show that the phe-
nomenon we discussed in Remark 4.2 occurs, at least ap-
proximately, even when applying ridge regularization.

In the underparametrized case ¥ > ¢, the self-consistent
equation (7) is dependent on 1), and so is . Hence, there is
no analog of the linear relation we find in Theorem 4.1 in
this regime. Figure 3 (a) displays this phenomenon.

4.2. SW disagreement

In Corollary 3.2, unlike I and SS disagreement, SW dis-
agreement contains two linearly independent functions of
1. Hence, the disagreement-on-the-line phenomenon (9)
cannot occur for any choice of slope and intercept inde-
pendent of . Figure 3 (a) and (d) confirm the non-linear
relation between target vs. source SW disagreement in
underparametrized and overparametrized regimes, respec-
tively.

S. Experiments

5.1. Experiments Setup

We conduct experiments on the following datasets. The as-
sociated code can be found at https://github.com/
dh7401/RF-disagreement.

CIFAR-10-C. Hendrycks & Dietterich (2018) introduced
a corrupted version of CIFAR-10 (Krizhevsky et al., 2009).
We choose two classes and assign the label y € {0,1} to

b

each. We use CIFAR-10 as the source domain and CIFAR-
10-C as the target domain.

Tiny ImageNet-C. Tiny ImageNet (Wu et al., 2017), a
smaller version of ImageNet (Deng et al., 2009), consists of
natural images of size 64 x 64 in 200 classes. Tiny ImageNet-
C (Hendrycks & Dietterich, 2019) is a corrupted version of
Tiny ImageNet. We down-sample images to 32 x 32 and
create two super-classes each consisting of 10 of the original
classes. We consider Tiny ImageNet as the source domain
and Tiny ImageNet-C as the target domain.

Camelyonl7. Camelyonl7 (Bandi et al., 2018) consists
of tissue slide images collected from five different hospitals,
and the task is to identify tumor cells in the images. Koh
et al. (2021) proposed a patch-based variant of the task,
where the input x is 96 x 96 image and the label y € {0, 1}
indicates whether the central 32 X 32 contains any tumor
tissue. We crop the central 32 x 32 region and use it as
the input in our problem. We use Hospital O as the source
domain and Hospital 2 as the target domain.

We run random features regression with ReLU activation
on these datasets. We use training sample size n = 1000,
random features dimension N € {3000, 4000, ...,49000},
input dimension d = 3072, regularization v = 0. We test
the trained model on the rest of the sample and plot target
vs. source SS disagreement and risk. Plots for I and SW
disagreements can be found in Section D.4.

We estimate the covariance X and 3, using the test sample
and derive the theoretical slope of target vs. source line pre-
dicted by Theorem 4.1 (see Section D.1). Since the limiting
spectral distribution of sample covariance is generally differ-
ent from that of population covariance, we remark that this
may lead to a biased estimate of the slope. As the intercept
brisk involves the unknown noise level 0'3, it is difficult to
make a theoretical prediction on its value. For this reason,
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we fit the intercept instead of using its theoretical value.

5.2. Results

While Theorem 4.1 is proved only for Gaussian input and
linear generative model, we observe the disagreement-on-
the-line phenomenon on all three datasets (Figure 4), in
which these assumptions are violated.

In this regard, a flurry of recent research (see e.g., Hastie
et al. (2022); Hu & Lu (2022); Loureiro et al. (2021); Goldt
et al. (2022); Wang et al. (2022); Dudeja et al. (2022); Mon-
tanari & Saeed (2022); Pesce et al. (2023)) has proved that
findings assuming Gaussian inputs often hold in a much
wider range of models. While none of the existing work
exactly fits the setting considered in this paper, this gives yet
another indication that our theory should remain true more
generally. The rigorous characterization of this universality
is left for future work.

Also, we find that target vs. source risk does not exhibit a
clear linear trend, especially in Tiny ImageNet and Came-
lyon17. This is because Proposition C.3 does not hold in
the case of concept shift, i.e., the shift in P(y|x). However,
since disagreement is oblivious to the change of P(y|x), the
disagreement-on-the-line is a general phenomenon happen-
ing regardless of the type of distribution shift.

6. Conclusion

In this paper, we propose a framework to study various
types of disagreement in the random features model. We
precisely characterize disagreement in high dimensions and
study how disagreement under the source and target domains
relate to each other. Our results show that the occurrence of
disagreement-on-the-line in the random features model can
vary depending on the type of disagreement, regularization,
and regime of parameterization. We show that, contrary to
the prior observation, the line for disagreement and the line
for risk can differ in their intercepts. We run experiments
on several real-world datasets and show that the results hold
in settings more general than the theoretical setting that we
consider.

When the above factors are not properly considered, OOD
performance estimation using the disagreement-on-the-line
phenomenon can be inaccurate and unreliable. Our find-
ings indicate a potential for further examination of the
disagreement-on-the-line principle.
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A. Technical Tools

A.1. Operator-valued Free Probability

Operator-valued free probability (e.g., Speicher (1998); Mingo & Speicher (2017); Helton et al. (2007)) has appeared in
various studies of random features models including Adlam et al. (2022); Adlam & Pennington (2020a;b); Mel & Pennington
(2021); Ba et al. (2022). Here, we briefly outline the most relevant concepts, which are used in our computation.

Recall that a set A is an algebra (over the field C of complex numbers) if it is a vector space over C and is endowed
with a bilinear multiplication operation denoted by “-”. Thus, for all a,b,¢ € A we have the distributivity relations
a-(b+c)=a-b+a-cand (b+c)-a=b-a+ c-a;and the relation indicating that multiplication in the algebra is
compatible with the usual multiplication over C, namely that for and 2,y € C, (z-y) - (a-b) = (z-a) - (y - b). All algebras
we consider will be associative, so that the multiplication operation over the algebra is associative. Further, an algebra is
called unital if it contains a multiplicative identity element; this is denoted as “1”. Often, we drop the - symbol to denote
multiplication (both over the algebra and by scalars), and no confusion may arise.

Definition A.1 (Non-commutative probability space). Let C be a unital algebra and ¢ : C — C be a linear map such that
(1) = 1. We call the pair (C, ) a non-commutative probability space.

Example A.2 (Deterministic matrices). For a matrix A € C™*"™, we denote its normalized trace by tr(4) = L 3" | A;;.
The pair (C™>*™ tr) is a non-commutative probability space.

Example A.3 (Random matrices). Let (2, F,P) be a (classical) probability space and L~°()) be the set of scalar random
variables with all moments finite. The pair (L~°°(Q)™>*™ Efr) is a non-commutative probability space.

Definition A.4 (Operator-valued probability space). Let A be a unital algebra and consider a unital sub-algebra B C A. A
linear map E : A — B is a conditional expectation if E(b) = b for all b € B and E(bjabs) = b1 E(a)bs for all a € A and
b1,bs € B. The triple (A, E, B) is called an operator-valued probability space.

The name “conditional expectation” can be understood from the following example.

Example A.5 (Classical conditional expectation). Let (£2, F,P) be a probability space and G be a sub-o-algebra of F. Then,
considering £ = E[-|G], any unital algebra A C L'(Q, F,P) and its unital sub-algebra B C L'(Q, G, P), such that all
required integrals in the definition of E(byabs) = by E(a)bs exist for all @ € A and by, by € B, form an operator-valued
probability space (A, E, B).

Example A.6 (block random matrices). Let (C,p) = (L7°°(Q)™*™ Etr) be the non-commutative probability space of
random matrices defined in Example A.3. Define A = CM*M @ C and B = CM*M _ In words, A is the space of M x M
block matrices with entries in C, and B is the space of M x M scalar matrices. Note that B can be viewed as a unital
sub-algebra of A by the canonical inclusion ¢ : A < B defined by

J(B)=B®1e, (10)

where 1¢ is the unity of C (in this example 1o = I,,). We also define the block-wise normalized expected trace £ =
id ®Etr : A — Bby

E(A) = (Etrdij)i<ij<m, A= (Aij)icij<m €A (1D

Remark A.7. While we have only discussed squared blocks with identical sizes in Example A.6, it is possible to extend the
definition to block matrices with rectangular blocks (Far et al., 2006; 2008; Benaych-Georges, 2009; Speicher & Vargas,
2012). The idea of Benaych-Georges (2009) is to embed each rectangular matrix into a block of a common larger square
matrix. For example, if we have rectangular blocks whose dimensions are one of ¢y, ..., qx € N, we consider the space of
(g1 + -+ qK) X (g1 + - - - + gx) square matrices with a block structure

g1 Xq1 | - | q1 X4gK

qr X q1 | - | 9K X 4K

Then, we identify a rectangular matrix C' € C%*% with a square matrix C € C(@++a)x(@++ax) having the
aforementioned block structure, whose (4, j)-block is C and all other blocks are zero. This identification preserves scalar
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multiplication, addition, multiplication, transpose, and trace, in the sense that, for rectangular matrices C, D and a scalar
ceC,

cC = 55', C+D= 51/17 if C' and D have same shape, (5)—r = E—F,

oD — {CA'E if C and D are conformable, tr( 5) _ {tr(C) if C'is a square matrix,

0 otherwise, 0 otherwise.

Through this identification, the space of rectangular matrices (with finitely many different dimension types) can be also
understood as an algebra over C. Further, by replacing C in Example A.6 with the space of rectangular random matrices, we
can define the space of block random matrices with rectangular blocks. The space of block random matrices with rectangular
blocks, equipped with the block-wised expected trace, will be the operator-valued probability space we consider in our
proof.

Definition A.8 (Operator-valued Cauchy transform). Let (A, E, B) be an operator-valued probability space. For a € A,
define its operator-valued Cauchy transform G,, : B\ {a} — B by

Ga(b) = E[(b—a)™"].

Definition A.9 (Operator-valued freeness). Let (A, E, B) be an operator-valued probability space and (.A;);cs be a family
of sub-algebras of A which contain /3. The sub-algebras A; are freely independent over B, if E[a; - - - a,] = 0 whenever
Ela)] = --- = Ela,] = 0and a; € Aj(; forall i € [n] with j(1) # --- # j(n). Variables ay,...,a, € A are freely
independent over B if the sub-algebras generated by a; and B are freely independent over B.

Another important transform, introduced in Voiculescu (1986; 2006), is the R-transform. It enables the characterization
of the spectrum of a sum of asymptotically freely independent random matrices. It was generalized to operator-valued
probability spaces in Shlyakhtenko (1996); Mingo & Speicher (2017). The definition of operator-valued R-transform can
be found in Definition 10, Chapter 9 of Mingo & Speicher (2017). Our work does not directly require the definition of
R-transforms, and instead uses the following property.

Proposition A.10 (Subordination property, (9.21) of Mingo & Speicher (2017)). Let (A, E, B) be an operator-valued
probability space. If ©,y € A are freely independent over B, then

gw+y(b) =0y [b - Ry(gL+y(b))] (12)

forall b € B, where R is the operator-valued R-transform of y.

A.2. Limiting R-transform of Gaussian Block Matrices

Shlyakhtenko (1996; 1998) proposed using operator-valued free probability to study spectra of Gaussian block matrices.
Their insight was that operator-valued free independence among Gaussian block matrices is guaranteed for general covariance
structure, whereas scalar-valued freeness among them only holds in special cases. Later Far et al. (2006; 2008); Anderson &
Zeitouni (2006) revisited this idea. We present a theorem of Far et al. (2008), which characterizes limiting R-transform of
Gaussian block matrices with rectangular blocks.

Theorem A.11 (Theorem 5 of Far et al. (2008)). For m = mq + --- + may, let A = (Aij)i<ij<m € R™*™ be an
M x M block random matrix whose block A;; is a m; x m; random matrix with i.i.d. N(0, c?j /m) entries. Define the
covariance function o (i, j; k, 1) to be Cijer if Aij/cij = A,Il /cri and 0 otherwise. We assume the proportional limit where
My, ...,mpy — o0 withm;/m — a; € (0,00), ¢ = 1,..., M. Then, the limiting R-transform of A can be expressed as

[Ra(D)ij =Y oli,k;l,j)arDy, (13)
1<k,I<M

for any D € RM*M,

We remark the above statement should be understood in the space of block random matrices with rectangular blocks we
discussed in Remark A.7. Also, the original statement used a different terminology “covariance mapping”, but it is identical
to the R-transform of A (see discussion in Mingo & Speicher (2017) p.242 and Far et al. (2006) p.24)
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A.3. Centering Random Features

We first argue that the random features F), f can be centered without changing the asymptotics of disagreement. This
centering argument became a standard technique after it was introduced in Mei & Montanari (2022) (Section 10.4). More
generally, centering arguments are standard in random matrix theory (see e.g., Bai & Silverstein (2010)). For a standard
Gaussian random variable Z ~ N(0, 1), define centered random features by

F=F ~Eo(yiZ), [=f-Eolym;2),

where j € {s, t} is the domain that input = comes from. Subtracting a scalar from a matrix/vector should be understood
entry-wise. The following lemma states that model prediction obtained from these centered random features is close to the
original prediction §(z) with high probability.

Lemma A.12. Define centered model prediction by
i) =y (Lrraan) (Lr7s
N " N '

There exist constants ¢y, ca, C3,cq > 0 such that

with probability at least 1 — c3d™ .

This lemma is a consequence of Lemma 1.7 and Lemma 1.8 of Tripuraneni et al. (2021). Since we consider the limit
n,d, N — oo, disagreement Dis; (¢, ¥, ~),i € {I,SS, SW} are invariant to the centering. We also remark that the non-
linearity constants defined in (3) are also unchanged after this centering. For these reasons, perhaps with a slight abuse of
notation, we assume F' and f are centered from now on.

A.4. Gaussian Equivalence

For domain j € {s, t} that input « is drawn from, we consider the following noisy linear random features

F=\2wWX +pwe, f=\|Bwat pm, (14)

where © € RY*" and # € RY have i.i.d. standard Gaussian entries independent from all other Gaussian matrices. The
coefficients above are chosen so that the first and second moment of /" and f match those of F' and f, respectively. We call
F, f the Gaussian equivalent of F, f as we claim the following.

Claim A.13 (Gaussian equivalence). The asymptotic limit (Condition 2.2) of the disagreement (Definition 2.1) of the
random features model (2) is invariant to the substitution F, f — F, f.

This idea was introduced in the context of random kernel matrices (El Karoui, 2010; Cheng & Singer, 2013; Fan &
Montanari, 2019) and has been repeatedly used in recent studies of random feature models. Mei & Montanari (2022) proved
the Gaussian equivalence for random weights uniformly distributed on a sphere. Montanari et al. (2019) conjectured that the
same holds for classification. Adlam & Pennington (2020a;b); Tripuraneni et al. (2021) derived several asymptotic properties
of random features models building on the Gaussian equivalence conjecture. Goldt et al. (2022) provided theoretical and
numerical evidence suggesting that the Gaussian equivalence holds for a wide class of models including random features
models. Mel & Pennington (2021); d’Ascoli et al. (2021); Loureiro et al. (2021) conjectured the Gaussian equivalence
for anisotropic inputs. Hassani & Javanmard (2022) showed the Gaussian equivalence holds for the adversarial risk of
adversarially trained random features models. Hu & Lu (2022) showed the conjecture for isotropic Gaussian inputs, under
mild technical conditions. Montanari & Saeed (2022) generalized this by removing the isotropic condition and relaxing the
Gaussian input assumption.

More generally, the phenomenon that eigenvalue statistics in the bulk spectrum of a random matrix do not depend on the
specific law of the matrix entries is referred to as “bulk universality” (Wigner, 1955; Gaudin, 1961; Mehta, 2004; Dyson,
1962) and has been a central subject in the random matrix theory literature (Erdos et al., 2010; 2012; El Karoui, 2010; Tao &
Vu, 2011).
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It is known that local spectral laws of correlated random hermitian matrices can be fully determined by their first and
second moments, through the matrix Dyson equation (Erdos, 2019). Also, Banna et al. (2015; 2020) showed that spectral
distributions of correlated symmetric random matrices and sample covariance matrices can be characterized by Gaussian
matrices with identical correlation structures. However, these results do not directly imply Claim A.13 since we do not study
the spectral properties of F), f on their own.

A.5. Linear Pencils

After applying the Gaussian equivalence (14), each of the quantities that we study becomes an expected trace of a rational
function of random matrices. To analyze this, we use the linear pencil method (Haagerup & Thorbjgrnsen, 2005; Haagerup
et al., 2006; Anderson, 2013; Helton et al., 2018), in which we build a large block matrix whose blocks are linear functions
of variables and one of the blocks of its inverse is the desired rational function. Then, operator-valued free probability can
be used to extract block-wise spectral properties of the inverse. For example, if we want to compute E tr[( X ;X + L)Y
for X € R¥*"_ we consider

XT
X I )
VAd d

inverse has as its (1, 1)-block W(XTTX +~1,,)~ . Block matrices for more complicated rational functions can be constructed
using the following proposition.

Proposition A.14 (Algorithm 4.3 of Helton et al. (2018)). Let x1, ..., x4 be elements of an algebra A over a field K. For an
m x m matrix Q and vectors u,v € K™, a triple (u, Q,v) is called a linear pencil of a rational functionr € K(z1,...,xz,)
if each entry of Q) is a K-affine function of x1,...,x4 andr = —u' Q1 v. The following holds.

1. (Addition) If (u1,Q1,v1) and (us, Q2, v2) are linear pencils of 1 and ro, respectively, then
(o, e 1))
U2 ’ Ome Q2 ’ U2
2. (Multiplication) If (u1, Q1, v1) and (usa, Q2,v2) are linear pencils of r1 and 1o, respectively, then
0., xgmugT Q1 Om
Ui ’ Q2 Om><m ’ V2
3. (Inverse) If (u, Q,v) is a linear pencil of r, then

(AR SIR)

In this language, the example before the algorithm can be interpreted in the space we consider in Remark A.7 as r =

—( X;X +~1,,)~" being a rational function of X and X T, and

(B[ 7))

In principle, repeated application of the above rules to basic building blocks such as (15) can produce a linear pencil for
any rational function of given random matrices. For example, consider X1, Xo € R¥*" ¥} € R4*? and their transpose as

is a linear pencil of r1 + ro.

is a linear pencil of 11w 473.

is a linear pencil of 1.

being a linear pencil of r.
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elements of the algebra over R we discussed in Remark A.7. Then,

I _X =
1 no TVhd 0
0 j(L 1y . . 0
vd .
0f”’ . . I, - X, |71
0 PO B (1
NET d
T T
is a linear pencil of 1/ = —(ZLX1 4 ~I,)71E XXz ~I,)~'. Here, we denote zero blocks by dots. This can be seen
p a a y

by applying the multiplication rule to two copies of (15) and x4 = 3, and then switching the first and the second pairs of
columns.

However, constructing a suitably small linear pencil is a non-trivial problem of independent interest (see discussions on
reductions of linear pencils in e.g., VoI¢i¢ (2018); Helton et al. (2018) and references therein). This is one of the challenges
we need to overcome in our proofs.

B. Proofs
B.1. Proof of Theorem 3.1

Starting from this section, we omit the high-dimensional limit signs lim,, 4 y— . (Condition 2.2) for a simpler presentation.
However, every expectation appearing in the derivation should be understood as its high-dimensional limit.

For j € {s,t}, independent disagreement satisfies
DiS{ (¢7 IZJ,’Y) = ]E[(:L,A/Wthle (.CC) - ng,Xz,Yz (I))Q]
= E[(:&WI,XMYI (.’13) - EW1,X1,Y1 [gwl,xhyl (.’17)] + EW27X2,Y2 [QW2,X2,Y2 (m)] - QW27X2,Y2 (m))z]

= Eg,a~, [(Iwr,x,. 11 (2) = Ew, x, v [Iwx0 v (2)])%] 4 B o, (W, x0,v2 () — Ewy, X, va [, x0,v2 (2)])7]

= E57$ND1VW1,X1,Y1 (@W17X17Y1 (I)) + Eﬁ»iCNDjVWsz,er (QW27X27Y2 (x)) = 2Vj

Plugging in the variance V; given in Theorem C.1, we obtain the formula for Dis{ (d,,7).

B.1.1. DECOMPOSITION OF Disl(¢, ¥, 7)
Writing F; = o(W;X/Vd), fi = o(W;z/Vd), K; = £FF; + yI, for i € {1,2}, we can write shared-sample
disagreement as
. 1 _ _
Disgg (¢, ,7) = WE[(YTIQ " =YKV fo)?]

2 , _ 2 _ _
— mE[ffFlKl YWYTK R ] - ﬁIE[f;R)Kz YWYTKE A
= Dy — D». (16)

The term D, was computed in (A268), (A279), (A462), (A546) of Tripuraneni et al. (2021) as

20iK% __;
Dy =2V + ZJ¢ . (17)
Pluggingin Y = X "3/Vd + €, where ¢ = (1,...,&,) " € R”, the term D becomes
2 _ _
Dy =3B x tr[K; "X TES[B8TIX K FY B, 0l f1f2 | P
4

+ SEw, x[Ky ' X T Epc[Be |KT  Fy Eonp, ol f1f2 | P2

VAN

2 _ _
+ B, x (K Eelee KT P Ban, o1 P2

2 202

:mEWi,X tr[Ky ' X T XK P Eop, o[ f1f2 1F2] + N—;E%X tr[Ky 'K ' FY Eop, ol f1f2 1P
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From the Gaussian equivalence (14), we have

Eonp, olfifs] = %W@]W;.
Therefore,
2p; T ey Ty el Ty . 202D T T o1
Dy = d2N2EWi,X tr[Wh X, W, Fo K, X' XK Fy |+ N Ew, x tr[K; ' F WS, Wy B KoY
= D21 + D22- (18)

1
We can write X = 22 Z for Z € R%*" with i.i.d. standard Gaussian entries. Thus,

2p; _ _

Dy = dT%QEWz&Z tr[WlEjWQ—rFZKQ 1ZTESZK’l 1F1T]a
202p;

-D22 - dN2

Ew, z tr[K P FI WS, W, B K.

Now, we use the linear pencil method (Helton et al., 2018) to build a block matrix such that (1) each block is either
deterministic or a constant multiple of Z, W;, ©; and (2) D2 or Dss appears as a trace of a block of its inverse. Then, we
compute the operator-valued Cauchy transform of the block matrix and extract Dy; and Do from the result.

B.1.2. PRELIMINARY COMPUTATIONS

We present some preliminary computations that will be used in later sections. We will also use the linear pencil Q° as a
building block when constructing other linear pencils. Most of the computations here are adopted from Section A.9.6.1 of
Tripuraneni et al. (2021). For clarity and to be self-contained, we provide our own version of the same result updated in
some minor ways.

Using W, Z and other notations from Section 2 and © from (14), let

[ Vs A/ AR . .
n VN vV
_evmm g , _ /W
VN N . VN
. . —_n2
QOZ wT Ia IZS
VN d A
: I -%2
i _% . . . . Iy |

Recall from Example A.2 that we denote the normalized trace of a matrix A by tr(A). Define the block-wise normalized
expected trace of (Q°)~! by G° = (id ®Etr)((Q°)~1). From block matrix inversion, we see

o Y/0s BR[S W T KW Qo VA B[S ZK 1 ZT]
54 —

0 _ . mralr—1
Gl,l*’YEtr(K )s G3,6* N ) d ) (19)

in which K = %FF—r + ~In. We augment the matrix Q" to form the symmetric matrix Q° as
@]y @
Q -
This matrix can be written as

Q" =2"—QWwze— Q%
— : In+4d+1v] _ [ : ( %/,Z,@)T] B [ 0 (Q%)T}

0 0
InyaasN Qw.ze b

)
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with
[ /2 M/ . N r 7
UL e o
W . . N
VN VN E%
Q%V,Z,@ = VV.T . and Q% = .S
VN E%
Z . .b
L Va i L .
Defining G as below, we have
ao — ' G° _ - (id ®@Etr)((Q°) 1)
(Ol (id @Etr) (((Q°) ") ™1 :
— . 0y-1 . — S0\ —
— (id OET) {((QO)T)l (@) } — (id @Em)((Q°) ).

Thus, G° can be viewed as the operator-valued Cauchy transform of Q?/V ze T QY (in the space we consider in Remark
A7),

G = ([d®Ew)(2° — QYyz0 — Q%) = 969, ,6+Q2 (2°).

Here, we implicitly used the canonical inclusion defined in (10) to write

_ T
0 _ 6
)
Since Q% is deterministic, the matrices Q?,V 7,0 and QOZ are asymptotically freely independent according to Definition A.9.
Hence by the subordination formula (12),

= Ggo (2° R 40 (G°)) = (id ©E&r)(Z° — Ry, 0 G%) - Q%) (20)

Since Q%,’Z,@ consists of i.i.d. Gaussian blocks, we use (13) to find the R-transform RQ({)/V Lo (G°) of the form

RQ%/,Z,@(GO) _ [éo (R(.J)T:| '

For example, to find RY |, we look for a block in the first row of QW 7.0 and a block in the first column of QW 7.6 such
that they are transpose to each other up to a constant factor. There are two such pairs, ((1, 2)-block, (2, 1)-block) and (1,
3)-block, (6, 1)-block). Therefore, the equation (13) gives

P VPs
RY "G, — LG

,1:_7 2,2

)

Repeating the same procedure, the non-zero blocks of R° are

PsWs Ps Psws
R11 = Gg \FGs 6 Rzz = - GO +\/P:¢G5 4
v Y9
VPG 1
Ris=VpGsy Ris=—"—2=.

Plugging this into equation (20), we obtain self-consistent equations for G''. For example,

G3 6 = Btr[(Inraasny — R — Q%)]36 = Etr [’Y\/[T@Gg,zzs(’}’(ﬂd + PsG(f,nggzs)_l]

Xo7y/ps9G3 5

=K
v + )\SPSG(l),lG(Q)Q
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Similarly,
G(1) 1= ! Gg 2= 20
Ty pswsGY o + /Gl 6 T+ pswshGY ) — 1y /psPoGE 4
Q0 _R )\S’Y\/gﬁng,z a0 — R )\S\/:FSGQJ
30 v+ )‘SpSG(l),lG(Q),Q ’ o4 1o+ )‘SPSG(l),lG(Q),Q

Now, by eliminating Ggﬁ, Ggy 4 and expressing in terms of x, 7, and 7 defined in (4) and (6), we can show that Etr(K 1) =

0 . 0
G _ 7,and Etr(K 1) = % = 7. Thus, using equation (5) we have
_ g psTILY
Gl =m Gly=m Gy =R, G, = - en
B.1.3. COMPUTATION OF Dy,
Define Q! by
B T A , '
n ’Y\/ﬁ ,y\/a
_ /Psws©2 I . L /psWe
VN N . VN
I, -2
wy SH
N Ta 1 v
. I, -2 -
z
-Z . I, . . .
L . . . . . . VPEOl VpZ! .
Q = " YWN  yVd
. . . . . V/PswsO1 I . _ VPsW1
VN N VN
I; —-X2
w," I
_ ) 4
. - I, —Z% ]
_Z I \ p
Nz d
. I _wy
47 VUN
L In |

Define the block-wise normalized expected trace of (Q')~! by G* = (id ®Etr)((Q*)~1!). Then, by block matrix inversion
we have

v _ - Y
Gyi4 = WEtr[WlEjW;Fng 17T 2K E ) = %Dm.

We augment Q! to the symmetric matrix Q" as

and write
Al 51 Al A1
Q =7Z - Qw,z,(—) - QE

I2n+9d+3N] [
- 1
>

(Qil/V,.Z,@)T] _ [ - lz)T} 7

= 1
Ion4+94+3N Qw.ze
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where
r . 7\/psws®; 7\/p*SZT . . . . . . . . PN . i
N yWd
/P02 . _ VBsWa
VN VN
Wy
VN
z ' . .
Vd
X , ) _ VPO /pZT
— VN Vd
w,z,6 . V/Psw@sOn 7, 7 . VP
VN VN
Wy
VN
z ' _
ve wy
VN
and
2 :
1
»2
.1 —T=
»2 :
Qx =
1
g
1 Zj
2 ~
Then defining G below,
. : Gt : (iId@Et)(Q") ™)
“=leyr -7 laeEm @)Y -
S : (ke 1 oY (Al =1
:(1d®EtI') ((Ql)'r)_l . :(1d®Etr)((Q) )

can be viewed as the operator-valued Cauchy transform of Q{y, , o + Q3 (in the space we consider in Remark A.7), i.e.,
G = (B2 — Qly g0 — G5 = Gay, 1ar (7).
Further by the subordination formula (12),
G'=Gg (2" - R%Yz_’@(él)) = (id ®Ftr)(Z" — R%yzye(él) - QL) (22)

Since Q‘l/v 7o consists of i.i.d. Gaussian blocks, by (13), its limiting R-transform has a form
_ . Rl T
Ray,o @)= | ).

W,Z,e
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where the non-zero blocks of R! are

PsWs Ps Ps wpsws
R},l - ~y G%,Q - gGé,ﬁa Rl 7 *£G113,127 R%,Q - 1 1+ \/FTSQ/’G5 4>

v
Ps P
R2 14 —\/PiﬂﬁGs) 13> R45 —mGz 25 R63__\§;G1 1) R(1579 \/;Gl 7
Ps PsWs Ps Y psws
R%,l = *LGsla,ﬁ =0, R%,? - - ~y Gsls,s - gGé,wv Rils,s - - N G%J + \//TSwGil,loa
Ps
RIO 11 — \/PisGs 8 R12 3= —\;;G7 1=0, R12 9 — _%G%m Ri3,5 = \/fTsGi4,2 =0.

We used the fact that G§ 3 = G | = G145 = 0, which we obtain from block matrix inversion of Q'.
Computing the block-matrix inverse of Q! and from equations (19), (21), we see
Gl 1= G%,? = ’Y]EH( ) Gl 1 =77, G%z = Gsls,g = ’YEH(KA) = Gg,z =T,
/s Btr[X WTK-'W]

G3 6= G9 12 = N = Gg,ﬁ =psTL 1,
1 \//TSEH[ZSZK_lZT} 0 VPsTLY 4
Go4_G11,10:_ d :G5,4:_T-

Plugging these into (22), we obtain self-consistent equations. For example,

G314 = Etr[(Izntoarsn — R — Q%) 214
VP dGE 13

=— - = TUGE a.
VT 0GE,) — s, VTR
Similarly,
NNy /ps9G 7G5 5 + (V)N /p5(G1 1)?G3 5 . V\/PsTT
Go1a =E 6+ 1Ol Gh ) = VARGl S T
’Y\/PsGé 12
Gl — _ ) — _ N 2G1
1,7 (,Y_i_\/IGéﬁ_i_phwa% 2)2 YV PsT 3,12
297 + (X°)2yp2oGH 7 (G5 o) ¢ 2
1 _ s y _ s —27s 1
G3712 - T \/E(,yqs_’_ )\ pSG1’1G2’2)2 - _\/‘0751172 - ’Yps27' I2,2G177.

Eliminating G:13,12 and using kK = ypsTT,

Glg=77m0T; o + RT3 ,G1, = Gl g = I?;IIT;Z
Therefore,
G514 = VPTG 13 = YpsT 21/115 2Glr + Wﬁ,z
V2 ps 2o TS 212 2, ngsT2?21/JIj _ 2 ( @/’QSIT;I%,Q ¢I§,2>
1—r2T5, ¢ 52 ps(1—K2I55) ~ ps¢ |-
Finally,

Doy = %Gl — 205k% [ ¢Ti 2155 n @
2= Ty T o - w213, 5 )
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B.1.4. COMPUTATION OF Do

Let

Q=

and G? = (id ®Etr)((Q?)~1). Then,

and write

where

2
Qw.ze =

[ I Vpst@;’ \/p?ZT . T
n VN
_Jmmes ] _/EWs
VN N . YN
. 5%
WT
TN fa 1
: I, -x:
z
-Z . I . .
I VPsw©] /psZ' )
" VN ~Vd
ERV/ERCI N : _ VP
VN . VN
. I; —-%2
_w
VN .
Zj . Id _ZSE
) - Z . Iy
L Vd -
s¢ — — S¢
Gi= e Etr[Ky B WS Wy BKy '] = ;;/i- Pz
el
We augment Q? to the symmetric matrix Q2 as
ey @
Q .
Q* =2~ Qivze — 0%
_ 12n+sd+21v] B [ , ( %/V7Z,@)T:| _ [ '2 %)T}
Iy 842N Ww.z,0 : 5 : ’
, _VPE9; P2 _
\/PswsO2 ’Y'\/N ’Y\/E VPsWa
N N
Wy
VN
Z_ . .
Vd
. _vmwmel  _ JmzZ ,
wWN yVd
NzeRs) , , /P W
VN VN
. W.lT .
VN
Z
Vd
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and
n2
2
Q% = '
2
=5 n?
Defining G2 below,
& { : GT _ [ . (id ®Etr) ((Q*)~1)
(Ol (id @Ef)(((Q*) ")) :
_ (A eFw) [((Qg)g)_l (@) } ~ (A@E@)((Q) ).

It can be viewed as the operator-valued Cauchy transform of Q%V ze T Q% (in the space we consider in Remark A.7), i.e.,
G = (dGE)(Z° ~ Gz — Q2" =gz, , 1aa(22).
Further by the subordination formula (12),
G* = G52 (72 = Rge,  (G?)) = ([ ®Efr)(2° ~Rgz, , o G* - Q%)L (24)

Since Q%V 2.0 consists of i.i.d. Gaussian blocks, by (13), its limiting R-transform has a form

RQ%V,Z,@(Gz) _ [RQ (RQ)T:| |

where the non-zero blocks of R? are

PsWs Ps Ppsw,
R%,l = G%,Q \/>Gs 6> Rl 7= \/>G§,12 =0, R%,Q = - S 1 1+ \/ﬁqu//G5 45

Y Y Y9

Ps Ps Ps
Ri,s = @Gg,g, Rs 3= _\/;Gl 19 R?s,sa = _%G%J =0, R7 1= —\FGQ 65
PsWs Ppsw
R%? == 5 Gg,s \/>G9 125 Rg,s =- 715 SG?,? + \/@1/’6%,107 R%o,n = \/KTSG%,&
Ps Ps

R123 = _\/;G7 15 R129 \/;Gg

We used the fact that G3 |, = G ; = 0, which we obtain from block matrix inversion of Q2. From block matrix inversion
of Q2 and equations (19), (21), we have

Gl =Gl =1Eu(K ") =G, =77, G3,=Gig= VERr (K1) = Gy =77,
v/ps B[S, W T K1)

G3 6= Gg 12 = N = Gg,e = WPsTL3 15
VosER[EZK1ZT) VPsTT |
G54*G1110** d :G5,4:*T~
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Plugging these into (24), we have the following self-consistent equations

'Y\/Png 6 2 ~2
G, =— : = — TG 6,
o (v + \/P:Gg 6T pswsG%,z)z WP 0
(A) 2708 $(G32)?G2 1 + NN 2p,02(GE )2 3 o o
Goo = Eu GO NATT | m T DG T T
sG1,1G20

Solving for G%_yl,

o FeD,
RV )
Therefore,
2020 2p,k202T]
D22 — UEpJ G2 _ p] 2,2 ) (25)

TWoso T ps(1— K2T5,)

B.1.5. COMPUTATION OF Dislq (¢, %, 7)
Combining equations (16), (17), (18), (23), (25), we get

2p;K* (02 +¢Ifz) 22

DlS‘éS((év'(/)v’y) = DIS{((ba wav) - ps(l _ HQIS,Z)

B.1.6. DECOMPOSITION OF Dis}y, (6,1, 7)

Writing F; = o(WX;/Vd), f = c(Wz/Vd), K; = £ F,' F; +~I,, for i € {1,2}, we can write SW disagreement as
. 1 - _
Disgy(¢,%,7) = —]E[(YJK P Yy KT )Y

- 2 _ -
= N2 E[fT R YA KR ] = G R K Y KR ]

= Dy — Ds. (26)
The term D; is given in (17). Plugging in Y; = X;ﬂ/\/a + €;, where €; = (€41,...,&m) ! € R™, the term D3 becomes

2
dN?

4 _ _
+ W]EW,& [FoK; ' X5 B e, [Be] 1K 1F1T]Ex~D_7,9[ffTH

EWX tr[Fo Ky 'Ee, [eae] | K7 F) By, ol 1]

D3 =—— R x, tr[F2K; ' X, Eg[B8" | X1 K ' FY Eop, 0l ff ]

dNQEWX [Py Xy X K By Bap, o[£ £

From the Gaussian equivalence (14), we have

Eonp, ol £ 171 = BWE,WT + pjeo; L.

Therefore,
Ds= 2P B WS W B K I XT X K ET 4+ YR e (R K XS X KL FT
5 = Hagbwx, W oKy Xy Xa Ky Fy |+ dNQWXr[222111]
= D31 + D3s. 27)
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1
We can write X; = X2 Z; for Z; € R?*"™ with i.i.d. standard Gaussian entries. Thus,

2p; _ _

D3y = dT]\]ﬂEW,Zi W, W' Ky Z) S 2 K F,
2 ()

D3y = e EW,Zi tr [FZKglz;—EleKle;] ’

dN?

Now, we use the linear pencil method to compute D3, and D3s.

B.1.7. COMPUTATION OF D3,

Let

X
v
WT
Ia —m
In

I VP05 \PZs ,
n WN A
_V/PEO: g ) W
VN N VN
I, —-%? :
w’ I w2
VN d ) JPs
I, -x2
% . 1, . . .
3 . . S . . [, VPOl V) .
Q° = n YwWN  AVd
. . S _JEwer _ B
VN N VN
I, —%:Z
_wT 1,
VN 1
: I, —-x2
_% I,
and G® = (id ®Etr)((Q3)~1). Then,
G = - By WS, W RE; 2] S K ] = LD,
214 = N2 W,z I J 2o Ly &1y by = o5 m sl
Pj

We augment Q@3 to the symmetric matrix Q> as

0% = [33 (QS)T]

and write

Q*=2°- Q¥ g0 - Q%
0 I2n+9d+3N] - [ 0 (Q%V,Z,@)T] - [ 0 (Q%)T}

~ | onyoassn 0 Q%/V,Z,@ 0 Q3 0
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where
. /Emel  JmZl ]
N Vd
NGERY . . W
VN VN
WT
VN
Vd
- o vmmel ymE
w.Z,6 /P01 7, 7 vesWo
VN VN
WT
VN
A ' .
Vd wT
) VN
and
1
Dk :
oz
1 N
x¢
Q% =
e
1
Es 3.
X s
Defining G* below,
[ 0 & 0 (id 9Em) (Q*) ™)
S UGEHT 0] [(deER)((@*)T)7) 0
- 0 (@) _ i e (o8-
— (8%) | oy P | = eEm(@) )

It can be viewed as the operator-valued Cauchy transform of Q3 , o + @3 (in the space we consider in Remark A.7), i.e.,

G* = (d@FT)(Z° - Oz — Q1) = Ga,, +an (2°).
Further by the subordination formula (12),
G®=Gqs(Z —Rgs, , (G)) = ([d@E)(Z° — Rgs, , [ (G°) — Q)7 (28)

3
wW,Z,e

Since Q%V ) consists of i.i.d. Gaussian blocks, by (13), its limiting R-transform has a form

RQ‘%,z,e(Gg) _ [}(3)3 (RZ)T} |
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where the non-zero blocks of R are

psws pS /ll}ps S
R1 1= G% \FGs 6 Rz 9 = P Gl 1t \//TSQZ’G;@ R} 8= \/FTSQ/’G5 10 R%,M = \/p:ng,l&
_ PsWs
Rz,s = \/ITSGg,za R4 11 — \/Pth 8> Rg,?, \/>G1 1> R? 7= . Gg,s \/>G9 125
P v Y
Ppsw

Rgg = \/@wG?m =0, Rs 8§ = — ’Y§¢ SGB 7,7 + \//0751/)G11 10> Rg,m = \/@T/)G:fl,lga R:f075 = \/,O?ng =0,
RfGR‘g:\FGR G3,,=0, R, =pG3s=0

10,11 \//Ts 8,8 12,9 ~o 7,79 13,5 — \/FTS 14,2 13,11 \//Ts 14,8 :

We used the fact that G3, , = G§ , = G, , = G, g = 0, which we obtain from block matrix inversion of Q°.

Further from block matrix inversion of () and equations (19), (21), we have
Gl 1= G? ; =7Eir(K) = G(l),l =T, G2 9 = Gs g = Etr(K1) = Gg,2 =T,
v/Ps B[S W T K1)

G3 6= Gg 12 = N = Gg,e = WPsTL 15
Vs ER[EZK T ZT] 0 VosTLS
G54*G11 10 = d :G5,4:_T'

Plugging these into (28), we have the following self-consistent equations

3
2

2
_ _ DsT p3
Gg,m = 720s72¢2Gg710G§1,13 + 7\/PST¢G§,13a G5 10 = - 15,2 +

IS a3,
) § 220728
2 3 3 i s WPSTT 3 I{,l
G2 8 — ’y PsT ¢G5,107 GS,IS = \/ETI272G2’8 + ¢ 13)2, G11713 = _\/F
Solving for G3 ,, gives
a3 \FT 155
5,10 = —
¢ 1/”‘527:2 2
Plugging in G3 14, G, 13, G3 13 to find G 1, we get
Dy = 2Pigs = 2019 9K°T5 11 5 L 200K .
¢ ’ ps(¢ - 1/}5213,2) ps¢ 5

B.1.8. COMPUTATION OF D3y
Let

I VPswsO3 /psZs . T

" YWN  4vd

_VEEO: g . L JRW
VN N VN
I; -2
_wT I ) . . . . . I
VN d . d
: Iy —%2
z
g =| Vi "
. I VPsWsOy VPsZ,
" TOUN VA
VE@er | W
N N . VN
: I -%2
_wr I
VN .
. Iy —%¢
I -4 - la
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and G* = (id ®Etr)((Q*)~1). Then,

V Ps — - vV Ps
Glo= Y2y, tr K Z) S Z K7 | = — Dss.
2,8 AN2 “WZi r[ 2889 Lo 189 1] 2050, 32

We augment Q* to the symmetric matrix Q* as

Ot = {0 (Q4)T]

Q! 0
and write
Q' =7"-Qw ze — Qs
_ 0 12n+8d+2N] _ [ 0 (Q%V,Z,Q)T] B [ 0 (Q%)T}
Lpysavan 0 QW.ze 0 5 U
where
[ _VPEO5 P2y .
W N yd
VP02 . S YW
VN VN
VN
4 _
QW,Z,@ = \/.E ) POy /P2y )
vV N ~Vd
/Ps5561 ' VW
VN VN
wT '
VN
4 .
L Vd
and
.l
P .
. . I,
X2
Q% = '
n2
g
Defining G* below,
ot — 0 G* _ 0 (id ®@Etr) ((Q*) 1)
S uEHT o] T [(deEr) (@Y ) 0

— (id ®Etr) {( : Q4;)T)

L @) = asEm@y
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Demystifying Disagreement-on-the-Line in High Dimensions

It can be viewed as the operator-valued Cauchy transform of Q%V zot Q% (in the space we consider in Remark A.7), i.e.,
G* = (I ®EW)(Z* — Qiyze — Q%) =Ga1, , 1+ (ZY).
Further by the subordination formula (12),
G =Gps (Z - Rat, , (G4)) = (Id @Ef)(Z* — Rgs, o (GYH — Q%)L (30)
Since Qév 7,6 consists of 1.i.d. Gaussian blocks, by (13), its limiting R-transform has a form

Rai, ,6(G) = [124 (qu ’

where the non-zero blocks of R* are

PsWs Ps pSOJS’t!J
R1 1= = 5 G \FG?, 6 R%,z = P Gl 1t \//Tsts v Ry 8= \/@wGL% 109 Riﬁ = \/PisGZzl,z
psw
Ri,ll = \//TSGEI,S’ Ré,:), = - gcﬂ 15 R7 7= ; SGg,s {Gg 12> R§,2 = \//TSQ/)G%M =0,
pswsd} Ps
Ré,s = P! G7 7+ \/E?/’Gu 101 R%0,5 = \/EGEL,Q =0, R1o 1= \/EGS s Ris 9= _T\/;G%,T

We used the fact that G 4= G§72 = 0, which we obtain from block matrix inversion of Q*.
Further from block matrix inversion of * and equations (19), (21), we have
Gl =Gi=7Eu(K ") =G, =77, G3,=GCGgg= VEEr(K ') = GYy =77,
WA Eu[S WKW
G3 6 = G9 12 =

N = Gg,@ = WPsTL3 15
G ER[S, ZK 127 NiEo
G54*G1110**\/> d :GgA:—id) .

Plugging these into (30), we have the following self-consistent equations

4 Vosvd*G3 1o 4 psT2 p
= 5 G == _715 Ib G
28 (¢+PST¢(WS +Il,1))2 10 o] 272 0] 22728
Solving for G%_ys and plugging in to D32, we get
D000 20w b KR2TS
Day = — PjWj Gg’s _ pjw;i VK 2‘,2 . 31)

VPs ps(¢ — R?I3 5)

B.1.9. COMPUTATION OF Disly, (¢, %, 7)
Combining equations (26), (17), (27), (29), (31), we get

2p5k2(w; + 6T1 5)T5
ps(¢ — VKI5 ,)

Disy (6, %, ) = Dis{ (¢,9,7) —

B.2. Proof of Corollary 3.2

Since k < 1/ws for any v > 0 by (4), we know lim,_,o v« = 0. Thus from (6), we have

hm,wiw o+ — ¢ - T:|¢*¢|+¢*¢
=50 2 =0 ¢ P—0 2¢ '
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By Condition 2.3 and the dominated convergence theorem, the functionals Z7 ,, I;’ , and their derivatives with respect to
are continuous in . Applying the implicit function theorem to the self-consistent equation (4), viewing it as a function of
x and vy, we find that & is differentiable with respect to -y and thus continuous. Therefore, the limit of «, I;, b I}l , When
~ — 0 is well defined. Plugging these limits into Theorem 3.1, we reach

2P_7”<(‘7§+¢Ii2)1§,2
iy P>V

2pjr(w;+9T3 5)T5 5
ps("-’s""(bziz) (ZS < 1/}7

2p¢K

(02 + 75 1) (wj +I{,1) +

2p;K° (02 + ¢I§’2)Ig,2

. . g T . g _
}/E}rb DlSSS(¢7 ,(/)7 ’7) - ilii% DISI ((b? wa ’Y) Ps(l o 14321.572) ) (32)
and
, , 20,0k (w;j + ¢TI ) T3
. . g i . j _4Pj J 1,2)42,2
%13% DISSW(¢7 ¢7 ,Y) - "I/I*)Ino DISI (¢7 ’(/}7 7) Ps(¢ _ w}{2l'§72) (33)
From the equation (5), we have 77 | = ¢Z7 5 + KI5 5. Also by (4) and (6), ws = 1_,;” — I3 ;. Therefore,
11—~ 1—n7 .
ws + ¢Li 5 = S Iy + oL, = SR KI5 5. (34)
In the ridgeless limit v — 0, the equation (34) gives
1 limy 0 75— ¢ >,
lim ———— = T (35)
7—0 Wy + ¢Il,2 llm.yﬁo W% ¢ < 'l/)
Putting (32), (33), (35) together, we conclude
j 2pjK o j 0 ¢>9,
lim Dis{s(p, ¢, v) = —/——— (0 + 17 1) (w; + Z{ {) + o [ (WiHdTI IS, K(02HGTS 5)TE
7=0 SS( ) ps|¢_,¢]|( e 1,1)( J 1,1) 2;/))]5 ( ws‘iq:izi)‘{zzz . ( i—tQIg)g 2,2 ¢ < 1/}’
20,5 (((O2HOTI )T, Um(wi+eT] 5)T5,
; 2p, ; . s — = >,
lim Disly, (¢, 1), 7) = pﬂiw“(gg YT ) wj + T )+ 4 ( watoTs , $—onT;, ) o>
7—0 psl¢ — | ’ ' 0 <.

B.3. Proof of Theorem 4.1

By Corollary 3.2, disagreement in the ridgeless and overparametrized regime is given by

200K 2p;k(02 + ¢T3 )13 ,

lim Dis] (9, 1,7) = (0 + T3)w; + T 1) +

ps|d — | ps(ws+¢zi2) ’
. . g 20506, 4 A .
%%Dlsés(%wﬁ) = m(as +I5 1 )(wj + 14 ).
The self-consistent equation (7) in the overpametrized regime ¢ > v is

1
K=,
ws +Z§ 4 (k)

which is independent of ). Consequently, the unique positive solution « is also independent of . This proves that the slope
a and the intercept by defined in Theorem 4.1 are independent of ¢ as well. Checking the equation (9) can be done by using
(35) and a simple algebra.
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B.4. Proof of Theorem 4.3

Let a(vy), bi(), bss(y) be defined by (8), but with « in the self-consistent equation (4) with general -y, instead of the
self-consistent equation (7) in the ridgeless limit. With this notation, we have a = a(0), b = b;(0),bss = bss(0). By
Theorem 3.1 and the triangle inequality, deviation from the line is bounded by
|DISZ(¢a 7/}’7) - aDle((jﬁ, U)v 7) - bz|
< |Disi(¢, ¥, 7) — a(y)Dis; (¢, ,7) — bi(7)| + la(y) — a(0)[|Dis; (¢, ¥, )| + [bi(7) — b:(0)]
< Ay + Az + Disj (¢, 9,7)]a(y) — a(0)] + [bi(v) — 0:(0)], i € {I,SS}, (36)
where

A = 20yTRIS 5| pe(we + ¢TI ) — aps(ws + ¢T3 ,)|
&y + ps (VT + ¢7T) (ws + ¢T3 )

)

KOYT K2

&7+ ps(VyT + 077) (ws + 65 5)  ps(1— K2T5,) |

Ay =2(c + ¢Ii2)‘,0tz§,2 —apsTs 5|

In what follows, we bound each of these terms. We will use O(-) notation to hide constants depending on ¢, 11,02, o. For
example, we can write I[leb = O(1) for j € {s,t} since we assume in Condition 2.3 that x is compactly supported.

B.4.1. BOUNDING A;

We know a < pq(w; + Zf 1)/ psws by (8). Thus,

T3 olp(we + 611 ) — aps(ws + 611 5)| = O(1). (37)
By (6) and since /22 + y? < |z| + |y| for any z,y € R,
4
2077 = /= O+ i o+ = 8 < 1| T = O(/i). 38)
Again by (6), Yy7 + ¢yT = /(¢ — ¢)2 + 4r)dy/ ps. Therefore,
- < . —0 (1> . (39)
Y + ps(PyT + VT)(ws + 9I5 5) — ps(PYT + 9VT) (ws + GIF o) L—1/d+ iy
Here, we used xk < wi = O(1) by (4). Combining (37), (38), (39), we reach
VY )
Ai=0 —————. 40
=o(vhive 0

B.4.2. BOUNDING Ay
Similar to (37), we have

202 + ¢T3 ) |p L5 » — apsT | = O(1). (41
By (34),

K2 K2

= . 42
ps(L = K2I5,)  pslyT + K(ws + ¢T3 5)] “

From (42) and xk = vyps7T,

KOYT K2

¢y + ps (VY7 + 0VT)(ws + 0I5 o) ps(1 — K25 )

K2 (ws + T o)y
[y + ps (Y7 + ¢yT) (ws + OT5 o)V + Klws + ¢T3 )]
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From (38), (39), and k(ws + ¢T3 5) /[T + K(ws + ¢TF )] < 1, we get

KOYT K2

v+ ps (VT + 9T) (ws + ¢T55)  ps(1 —K?T5,5) |

(43)

0(%)'

Putting (41) and (43) together,

Ay— O (M) . (44)

L—1p/dp+ iy

B.4.3. BOUNDING Disj (¢, v, y) AND Disig (¢, 1, )
By Theorem 3.1 and the equations (6), (38), (39), we have

mﬁ¢ww0< L+ vy >.

— TV 45
1= 0/o+ s )

By Theorem 3.1 and the equations (38), (39), (43), we have

(46)

D@g¢mw0(¢%V@7)

L—4/¢+ iy
B.4.4. BOUNDING |a(y) — a(0)]

From the argument in Section B.2, we know a(~) is differentiable with respect to . By the chain rule and (5),

[ y _IE,Q(WS + I3 1) +I5 o (we +If,1) 47)
oy Oy (ws + 15 1)? .

By implicit differentiation of (4), we have

Ok _ r 48)
Oy v+ ps(OyT + yT) (ws + OT5 )

We have |(—Z5 5 (ws + I3 1) + I3 5 (we + I 1))/ (ws + I3 1)?| = O(1) and

()
(b —¢)> + vy

since Yy7 + ¢vT = /(¥ — ¢)2 + 4r1pgry/ ps. Therefore,
2l 8& vy
[ e < |

=0 . (49)

- </ md> (o)

Ik
Oy

Oa

5 (u)| du

la(v) —a(0)] =

B.4.5. BOUNDING |b(y) — br(0)|

From the argument in Section B.2, we know by(y) is differentiable with respect to . In (8), the terms 1_:72215 o2 + ¢T; o,
2,2 )
pv — apsT5 5 and their derivatives with respect to  are O(1). Thus,
ol _ o (|2
oy oy

)< (e
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7 Oby ‘ /7 Oby
—(u)du| < —(u
/Omu < [ |3

¢ </ ¢<w¢1>—+¢¢d> =0y

Therefore,

[bi(v) — bi(0)] = du

(50)

Theorem 4.3 is proved by combining the equations (36), (40), (44), (45), (46), (49), (50).

B.5. Proof of Corollary 4.4
ByE;=B;+V;=B;+ %Dis{(qﬁ,w,’y) and (51), we have

1 . . .
|Et - aEs - brisk| < ilDISf((ﬁaan) - aDlS?(¢7 w77) - bI| + ’Bt - aBs - %%(Bt - aBs) .
Since the derivatives of I{-,l , I{_yz with respect to v is O(1). We have

By —aBs — ii_}mo(Bt —aBg)| =0(7)

by the mean value theorem. The conclusion follows from Theorem 4.3.

C. Recap of Tripuraneni et al. (2021)

In this section, we restate some relevant results of Tripuraneni et al. (2021), in the special cases X* = Y or X* = ;. See
Tripuraneni et al. (2021) for the original theorems.

For a test distribution z ~ N(0, ¥*), define the risk by
By =Eupxywl(8" e — gwxy(@))’]-

We have the following bias-variance decomposition

Es- =E,5((8"z — EBw,x v [iwxy(@))?] +Eus[Viw.xy @w xv (2))]
= By~ + V-,

We consider the high-dimensional limit n, d, N — oo with d/n — ¢ and d/N — 1 of the above quantities when ¥* = X
or X* = X,

Ej = lim Ezj7 Bj = lim sz7 ij = lim sz, j € {S,t}.

n,d,N—o0 n,d,N—oo n,d,N —o0

Theorem C.1 (Theorem 5.1 of Tripuraneni et al. (2021)). For j € {s,t}, the asymptotic bias and variance are given by

2
m= (o) e (o) R e
pit Ok i

. ¢ B .
Vi= "L T} | (ws + ¢Z5 o) (wj + T ) + —~7I; I3
J b oy { 1,1( s 1,2)( j 1,1) " 1,2422

s j S j ¢ —7J
1L 5 (W) + 9T 5) + ol ((Ws + ¢T5 o) (wj + 7 1) + w’YTI%,Q )

where k, T, T are defined in (4) and (6).

In the ridgeless limit v — 0, the variance V is further simplified as follows.
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Corollary C.2 (Corollary 5.1 of Tripuraneni et al. (2021)). For j € {s,t}, the asymptotic variance in the ridgeless limit is

psk (1 _ M) 7 6>
Aadad j s RIS 2,2 =P,
%(ag +Ii1)(wj _~_I{71) + I\pjn2wlgi 2,2 )
ooty Wi T 0L s) ¢ <,
where k is defined in (7).

Another important observation is that there is a linear relation between the asymptotic error under the source and target
domain.

Proposition C.3 (Proposition 5.6 of Tripuraneni et al. (2021)). We assume ¢ is fixed. In the ridgeless limit v — 0 and the
overparametrized regime ¢ > 1), the error Ey is linear in Eg, as a function of 1. That is,

wy + It
7/%( ¢ 1’1) lim F,

lim E; = by
'yli% t rlsk""ps(wS‘i»Iil) Bo,

where the intercept
1
bisk = =br + lim (B — aBs) (&2))
2 y—0

and the slope pi(wi + Ti 1)/ ps(ws + I3 1) are independent of ).

D. Additional Experiments
D.1. Estimation of the Slope

Let 3, 3 be sample covariance of test inputs from the source and target domain, respectively. Denote the eigenvalues
and corresponding eigenvectors of 3 by Aj, ..., A5 and 91, . .., 9q. Define A! = 9, 3,0, for i € [d]. For j € {s,t}, we
estimate Z” , (k) by

We estimate the constants defined in (3) by replacing m,; with 7, = r(f]j), j € {s,t}. Now, the self-consistent equation
(7) is estimated by

min(1, ¢/1)

k= — e
ws—i-l'il(/ﬁ)

and its unique non-negative solution is denoted by 4. The existence and uniqueness of & follows from Lemma A1.2 of
Tripuraneni et al. (2021). We use

4= Py +if1(’%))
ps(@s + T3 1 (R))

as an estimate of the slope a = py(w; + Z7 1)/ ps(ws + I3 ;).

D.2. Deviation from the Line

Figure 5 displays deviation from the line for I disagreement and risk, when non-zero ridge regularization +y is used. Similar
to Figure 3 (b), the deviation is smaller for «y closer to zero. However, unlike SS disagreement, the deviation is non-zero
even in the infinite overparameterization limit ¢» — 0. This is consistent with the upper bound we present in Theorem 4.3
and Corollary 4.4.

D.3. Varying Corruption Severity

CIFAR-10-C and Tiny ImageNet-C have different severity of corruption ranging from 1 to 5. We only included a few
selected results in the main text due to space limitations. We present the plots for all severity levels in Figure 7.
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Figure 5. (a) Deviation from the line, Dis{ (¢, %, v) — aDis} (¢, 1, ~) — bz, as a function of v for non-zero . (b) Deviation from the line,
E: — aEy — by, as a function of 1 for non-zero v. We use ¢ = 0.5, 02 = 10~*, ReLU activation o, and p = 0.49(0.1,1) + 0.6d(1,0.1)

D.4. 1 and SW disagreement

In Figure 8, Figure 9, Figure 6 (a), (b), we repeat the experiment in Section D.3 for I and SW disagreement. Since our theory
suggests that the disagreement-on-the-line phenomenon does not occur for SW disagreement, we do not plot theoretical
predictions for SW disagreement.

D.5. Accuracy and Agreement

In the main text, we consider disagreement and risk defined in terms of mean squared error, but here we present classification
accuracy and 0-1 agreement as studied in Hacohen et al. (2020); Chen et al. (2021); Jiang et al. (2021); Nakkiran & Bansal
(2020); Baek et al. (2022); Atanov et al. (2022); Pliushch et al. (2022); Kirsch & Gal (2022). See Figures 10 and Figure 6

(c).

(a) (b) (©)
5 : -] 1.00
o | «  SW disagr.
-.°' 60
41 0.95
53] —— Risk 40
20 . 0.90 # e Accuracy
& 5 I disagr. . 0.60 = Agreement
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00 02 04 06 08 0 20 40 60 07 0.8 0.9
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Figure 6. (a) Target vs. source independent disagreement of random features model trained on Camelyonl7. (b) Target vs. source
shared-weight disagreement of random features model trained on Camelyon17. (c) Target vs. source accuracy and agreement of random
features model trained on Camelyon17; Experimental setting is identical to Section 5.
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Figure 7. Target vs. source shared-sample disagreeement on CIFAR-10 and Tiny ImageNet with varying corruption severity. Experimental
setting is identical to Section 5.
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Figure 8. Target vs. source independent disagreeement on CIFAR-10 and Tiny ImageNet with varying corruption severity. Experimental
setting is identical to Section 5.
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Figure 9. Target vs. source shared-weight disagreeement on CIFAR-10 and Tiny ImageNet with varying corruption severity. Experimental
setting is identical to Section 5.
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Figure 10. Target vs. source classification accuracy and agreement on CIFAR-10 and Tiny ImageNet with varying corruption severity.
Experimental setting is identical to Section 5.
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