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Abstract

We explicitly construct the quantum field theory corresponding to a general class of deep
neural networks encompassing both recurrent and feedforward architectures. We first
consider the mean-field theory (MFT) obtained as the leading saddlepoint in the action,
and derive the condition for criticality via the largest Lyapunov exponent. We then com-
pute the loop corrections to the correlation function in a perturbative expansion in the
ratio of depth T to width N, and find a precise analogy with the well-studied O(N) vector
model, in which the variance of the weight initializations plays the role of the ’t Hooft
coupling. In particular, we compute both the O(1) corrections quantifying fluctuations
from typicality in the ensemble of networks, and the subleading O(T /N) corrections due
to finite-width effects. These provide corrections to the correlation length that controls
the depth to which information can propagate through the network, and thereby sets the
scale at which such networks are trainable by gradient descent. Our analysis provides
a first-principles approach to the rapidly emerging NN-QFT correspondence, and opens
several interesting avenues to the study of criticality in deep neural networks.
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1 Introduction

The remarkable empirical success of deep neural networks in domains ranging from image
classification to natural language processing has far outpaced our theoretical understanding.
In practice, these networks are generally treated as black boxes, with state-of-the-art per-
formance relying primarily on heuristics and trial-and-error rather than on any fundamental
theory [1,2]. Indeed, this state of affairs has even led some experts in the field to compare
modern machine learning to alchemy [3]. As has been pointed out in, e.g., [4], top-down
insights from fields such as cognitive science may be fruitfully complemented by bottom-up
approaches from theoretical physics towards uncovering the fundamental principles governing
learning and intelligence in minds and machines.

Recently, physicists have begun exploring the parallels between deep neural networks and
quantum field theory, leading to a number of interesting works on what is sometimes called
the NN-QFT correspondence [2,5-9].} One key aspect of this approach is the fact that many
modern architectures admit a Gaussian process limit: as the number of neurons (per layer, i.e.,
the width) N — oo, the network is described by a Gaussian distribution, and hence may be
modelled as a free (non-interacting) quantum field theory. This is essentially a consequence

1We use the phrase “quantum field theory” to make manifest the precise analogies with well-studied techniques
in QFT that we explore below, but we emphasize that there is nothing intrinsically “quantum” about the networks
under consideration. It would perhaps be more accurate to say “statistical field theory,” or one may simply think
of this as QFT in Euclidean signature, cf. sec. 5. We also thank Dan Roberts and Sho Yaida for pointing out that
previous works that we have included under the “NN-QFT” umbrella did not involve a bona fide field theory in the
sense of a well-defined continuum limit, nor a direct correspondence between elements of a neural network and
elements of a QFT (see appendix A), but we have here used the term broadly as in [7] to refer to the general phi-
losophy of establishing parallels between neural networks and QFT, with the aim of using the latter to understand
the former. See also [10] for an orthogonal approach from quantum mechanics.
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of the central limit theorem (CLT); see for example [7] for a brief summary and plentiful
references of the Gaussian process limit in this context, including the original thesis [11].

While the infinite-width limit provides an analytically tractable approximation that has
led to important progress (see, e.g., [12-15]), it fails to capture crucial aspects of real-world
networks which must of necessity be of finite width. For example, the lack of interactions —
i.e., intralayer correlations — in the Gaussian limit implies that representations in these ideal-
ized networks do not evolve during gradient-based learning [2,16]. (Note that this does not
contradict the well-known universal approximation theorem for infinite-width networks: the
latter merely states that there exists some network (that is, a particular set of weights and bi-
ases) that approximates a given function, but says nothing about the learning dynamics. The
statement that the representation (specifically, the neural tangent kernel) does not evolve at
infinite width means that if the network does not happen to start in the correct state, it will
never evolve to it; see sections 6.3.3, 10.1.2, or chapter 11 of [2] for details.) Additionally, for
networks exhibiting an order-to-chaos phase transition (see below), the location of the criti-
cal point predicted by the central limit theorem differs from empirical observations [17, 18].
Understanding networks away from the infinite-width limit is therefore of central importance
for any theory of deep learning with practical applications.

Conveniently, the art of carefully backing away from the N — oo limit has been per-
fected by physicists in the form of quantum field theory. The machinery of Feynman diagrams,
which we shall later employ, provides a compact and efficient means of computing perturba-
tive contributions from interactions. In the most basic terms, the idea is to solve a complicated
(non-Gaussian) theory by perturbing about the free (Gaussian) theory in terms of some small
parameter. This allows one to effectively turn on interactions — i.e., finite-width effects — in
a controlled manner, which in statistical language corresponds to the inclusion of higher cu-
mulants. In finite-width networks, such cumulants appear in subsequent layers in a manner
precisely analogous to what one observes along the renormalization group (RG) flow, due to
the marginalization over neurons in previous layers (i.e., tracing-out hidden degrees of free-
dom) [2,19].

Another important aspect that many neural networks share with models well-studied in
physics is the phenomenon of criticality, by which we mean a continuous phase transition sepa-
rating an ordered and disordered or chaotic phase. The idea that the edge of chaos holds key ad-
vantages for computation and learning dates back to at least the classic paper by Langton [20],
and was further developed in the influential work by Bertschinger, Legenstein, and Natschldger
[21,22]. It has since appeared in many fields ranging from theoretical neuroscience and neu-
rophysiology [23-25], to biological and complex systems [26,27], and was also explored in
an early model of bioplausible neural networks in [28]. More recently, [17,18,29-32] demon-
strated that networks initialized at criticality are trainable to far greater depths than those
lying further into either phase. To see this, one identifies a correlation length that sets the
scale at which correlations between local degrees of freedom — e.g., the activations of two
different neurons, or the spins of two different magnetic dipoles — decay with separation or
depth through the network. Intuitively, both the ordered and chaotic phases are bad for learn-
ing, since correlations about the input data — i.e., the structure one is attempting to learn —
are energetically damped or washed-out by noise, respectively. However, a critical point is
characterized by a divergent correlation length, which allows the persistence of structured in-
formation on all scales. We refer the interested reader to [1,33,34] for topical reviews of this
phenomenon, or to [35] for a beautiful visual demonstration in the case of the 2d Ising model.

In this work, using techniques from statistical field theory [36,37], we explicitly construct
the quantum field theory corresponding to a general class of deep neural networks encom-
passing both recurrent (RNN) and feedforward (multilayer perceptron, MLP) architectures, in
order to leverage well-known tools in perturbative QFT to compute the finite-width correc-
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tions to the correlation length. An original motivation was to determine whether these 1/N
effects would shift the location of the critical point, as one expects on both theoretical and
empirical grounds. Perhaps surprisingly, while the effective correlation length does appear to
receive corrections from all orders in the perturbative expansion, the location of the critical
point itself appears unchanged. This conclusion should however be regarded with skepticism,
since the theory breaks down at the critical point itself. As is generally the case in QFT, the
perturbative analysis is only valid at weak coupling, which we shall see corresponds to a con-
straint on the variance of the weight initializations, UVZV. Consequently, the resulting theory is
only strictly valid in a subregion of phase space that shrinks as we approach the edge of chaos
from the ordered phase. Nonetheless, the theory exhibits a remarkable similarity with the
well-known O(N) vector model [38-44] that we elaborate on in more detail below, and offers
a new perspective on the nascent NN-QFT correspondence that may be fruitfully developed
further.

Relation to other work

As this work was nearing completion, the excellent book [2] appeared, which shares a similar
philosophy of applying ideas from physics to understand the structure and properties of deep
neural networks, and in particular also considers perturbative corrections in depth/width; see
also the previous work [5]. Relative to our approach, the main difference is that they did not
develop a correspondence with any QFT; rather, the finite-width corrections in their case are
seen to arise by starting with the Gaussian distribution of preactivations in the first layer, and
fixing the couplings in subsequent layers to track the appearance of effective interactions, i.e.,
higher cumulants that appear as a result of marginalizing over hidden degrees of freedom, in
the analogy with RG mentioned above. In contrast, we are concerned with the bulk? behavior
of the network after the layer-to-layer Hamiltonian has reached a steady state (which must
occur some finite depth after the input layer), and the exact form of the interactions are in-
cluded in the full action of the QFT by construction. A central feature shared by our analyses
is that the ratio of depth to width, T /N, is the perturbative expansion parameter; accordingly,
we likewise work in the limit T, N — oo with T /N < 1 fixed (though in our case this quantity,
specifically T, is dimensionful, and hence one must include an order-1 constant, as will be
discussed in detail below). As observed in [2], this is the regime of most deep neural networks
used in practice. We view our approaches as complementary, and warmly recommend [2]
for readers interested in a pedagogical treatment of many ideas at this interface of theoretical
physics and machine learning. We note that finite-width corrections to the feature kernel were
also considered recently in [45].

Another RG-inspired approach appeared in the earlier work [7], which was further devel-
oped in two more papers [8,9] that appeared while this project was underway (see also [46]).
As alluded above, [7] explores the relation between QFTs and the Gaussian process (i.e.,
N — o©0) limit of neural networks in detail. The basic idea from Wilsonian effective field
theory is to write down the most general action consistent with the assumed symmetries and
properties of the model (e.g., translation symmetry, locality), and fit the associated couplings
(that s, coefficients of the interaction terms) by experiment. In particular, they posit an initially
Gaussian action, and show that the deviations from the infinite-width limit can be accurately
modelled by the addition of a quartic interaction term, whose contribution is suppressed by
1/N. The irrelevance of higher (e.g., six-point) interactions can be understood from an RG
perspective, which was developed more thoroughly in [8]. These authors also introduced the
phrase “neural network phenomenology” to emphasize the fact that the form of the action in

2That is, we work away from the input/output layers. At a technical level, we shall assume time- (i.e., layer-)
translation invariance in order to facilitate obtaining closed-form expressions for the correlation functions.
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all of the above approaches is posited on general grounds, with couplings determined either by
experiment or by tracking effective interactions. In contrast, the key difference in the present
work is again that we explicitly construct the action of the field theory from the (stochastic)
differential equation governing the network dynamics, so that the precise form of the interac-
tions follows directly. It would be very interesting to understand the relation between these
approaches in more detail, and in particular whether applying the RG techniques in [7, 8] to
the type of bottom-up model we develop here would lead to further insights into criticality in
deep neural networks.

Additionally, as we will employ Feynman diagrams to compute interactions in perturbation
theory, let us mention that these have previously appeared in the neural network literature in
[6], and are also reviewed in [7]. The present case differs in that the diagrammatic expansion
closely resembles that in the O(N) vector model, where the dominant correction stems from
an infinite series of so-called cactus diagrams (see subsec. 4.3.1) which we develop in a similar
manner to the double-line notation originally introduced by ’t Hooft [ 38] (see chapter 8 of [40]
for a pedagogical treatment). Interestingly, we also find that the weight variance 05} plays the
role of the ’t Hooft coupling A := g%MN in Yang-Mills theory, where gy, is the (Yang-Mills)
coupling constant that appears in the action. There, one considers the N — oo limit with fixed
't Hooft coupling A, the size of which controls the celebrated AdS/CFT correspondence [47,48].
Perturbative quantum field theory of the kind we explore here is obtained in the weak-coupling
limit (A < 1), whereas strong coupling (A 2 1) gives the low-energy supergravity limit of string
theory on AdS spacetime. As alluded above, weak coupling is required in order for the infinite
series of diagrams at each order in perturbation theory to converge, which imposes a limitation
on the region of phase space in which the theory is strictly valid. We regard the analogy with
O(N) theory at weak coupling as an interesting potential avenue for future research on the
NN-QFT correspondence.

Turning to the titular edge of chaos, we are inspired by the aforementioned works [17,
18,29-32] examining criticality in various deep network architectures. However, while many
of these papers used the phrase “mean-field theory”, they did not actually rely on any MFT
analysis: as mentioned above, Gaussianity arises simply as a consequence of the central limit
theorem (CLT). In fact, one important lesson of our analysis is that the correlation functions ob-
tained from the CLT do not agree with the MFT for random networks, even in the infinite-width
limit. For the aforementioned works, the distinction is inconsequential, since both approxima-
tions appear to yield the same condition for criticality,® but it is essential to the development
of a rigorous NN-QFT correspondence. Prior to considering finite-width corrections in sec. 4,
we shall first show in sec. 3 that we recover the criticality condition in the previous works
from a true MFT treatment, which we will subsequently reaffirm as the tree-level contribution
in perturbative quantum field theory in sec. 4. For readers unfamiliar with statistical field
theory, we emphasize that the use of MFT in this context is itself not a novel development:
the basic approach we employ was pioneered in the classic paper [37], and we have benefited
greatly from the pedagogical review [36].* Nonetheless, while the basic starting point of our
work is not fundamentally new, we have considerably developed the perturbative analysis, and
applied a variety of old ideas in novel ways.

The remainder of this paper is organized as follows: in sec. 2, we construct the QFT
corresponding to the general class of networks under consideration using standard techniques

3For this reason, it is unclear whether the CLT result for the critical condition in [17] and related works effectively
includes the O(1) corrections we compute in sec. 4, since we expect that the latter do not alter the Gaussianity of
the theory; see sec. 5 for further discussion.

“For other applications of MFT to artificial intelligence, see for example [49] and references therein.
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in statistical field theory [36]. Specifically, we will obtain the partition function® describing
self-averaging random networks, and derive equations for the correlation functions in the
MFT approximation. In sec. 3, we will construct the double-copy MFT system in order to
examine the growth of correlations between different samples of networks from the ensemble.
The edge of chaos is then determined by the point at which the largest Lyapunov exponent
becomes positive, which yields precisely the criticality condition discussed above. In sec. 4, we
go beyond the MFT regime, and consider the perturbative expansion of the full (single-copy)
QFT. We first explicitly compute the tree-level propagator — that is, the two-point correlation
function in the absence of quantum corrections® — identify the correlation length, and show
that the condition for criticality precisely agrees with the previous MFT result, as expected.
We then compute the first two correction terms to the two-point correlation function, which
contribute at O(1) and O(T/N), respectively, for both linear (subsec. 4.3) and non-linear
(subsec. 4.4) models.” Here the use of Feynman diagrams vastly simplifies the computations:
we will develop an elegant diagrammatic recursion relation, which enables us to sum the
infinite series of diagrams at each order to yield a finite contribution. With the loop-corrected
propagator in hand, we are then able to identify the finite-width corrections to the effective
correlation length in the weak-coupling regime. We close in sec. 5 with some discussion
and comments on future directions. For convenience, we have summarized the elements of
the nascent NN-QFT dictionary in appendix A. Appendix B contains some identities used in
evaluating the Feynman diagrams encountered in sec. 4.4, while appendix C contains explicit
expressions for the loop-corrected correlation length for nonlinear models which were deemed
too lengthy to include in the main text.

2 The statistical field theory approach

Rather than writing down a general action and fixing the couplings to match empirical results,
we will instead employ a bottom-up approach, in which we start with the differential equa-
tion describing an RNN — which includes vanilla feedforward neural networks (i.e., multilayer
perceptrons, MLPs) as a special case — and explicitly construct the corresponding quantum
(statistical) field theory. As mentioned in the introduction, the approach we follow has a long
and diverse history, and we shall draw heavily from the pedagogical review [36]. Indeed,
the main technical differences are the inclusion of the data-dependent term, and the explicit
constant y in (2). That said, the presentation in [36] focuses on many other topics that are
not relevant to our goal, and we have distilled the full derivation in order to make the paper
self-contained, as well as to establish our notation.

The basic strategy is as follows: starting with the stochastic differential equation describ-
ing the update rule for the network, the probability for a particular sequence of network states
is obtained by marginalizing over the stochasticity. We then introduce an auxiliary field to
impose the constraint that the network continue to satisfy the update rule while allowing the
fields to fluctuate (i.e., to go off-shell). Upon adding source terms, we obtain the partition
function in a form familiar to physicists, from which we can in principle compute any quantity

SFor our machine learning readers, this is essentially the moment-generating function, with which we can — in
principle — compute any observable we wish to know; see [50] for a pedagogical exploration of these relationships.

6Again, to preempt any sensationalist headlines that “quantum physics explains deep learning”, we remind
the reader that there is nothing fundamentally quantum at work: the language is meant to be evocative of the
loop corrections with which physicists are intimately familiar, but these are purely classical corrections due to the
cumulants associated with turning on interactions in a controlled manner.

7Our analysis is phrased at the more general level of recursive neural networks (RNNs), which includes feed-
forward networks as a simple case. In the former, the total time T serves as an infra-red (IR) cutoff, while for
feedforward networks this role is played by the total length L, as in [2].
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of interest, e.g., correlation functions. In subsec. 2.2, we make the theory explicit by intro-
ducing an ansatz for the trainable parameters, which are similarly elevated to fluctuating field
variables. The MFT in subsec. 2.3 is then simply the leading-order saddlepoint approximation
of the resulting QFT. Various technical assumptions introduced along the way are summarized
in appendix A.1. Throughout this work, we have endeavored to make each step in the con-
struction as transparently explicit as possible, in the hopes that the reader will find the length
more pedagogical than daunting.

2.1 Constructing the partition function

Our starting point is the continuous-time formulation of a recurrent neural network (RNN) as
a stochastic differential equation (SDE) [51]

dh = f(h,x)dt + g(h,x)dsS, (D

where h € RM is a vector of hidden states, x € R is a vector of inputs, and dS is a N,-
dimensional vector of stochastic increments. This expression represents the most general class
of SDE, and hence provides a powerful starting point for our approach. The stochasticity or
noise is controlled by the diffusion coefficient g € RN»*Nr while the deterministic update is
controlled by the drift coefficient f € RN, For the moment we shall keep the former arbitrary,
while for the latter we shall consider

flh,x)=(A—y)h+Bx+W¢(h)+Up(x)+b, 2)

which is consistent with the standard convention used in the literature (e.g., [29,36]), where
AB,W € RNvNu 7 € RM*Nx |y > 0 is some fixed O(1) constant, and b € R are trainable
parameters, and ¢ is some nonlinear activation function. Here W is the matrix of weights that
connect each neuron to all of those in the next layer/time-step, and b is the vector of biases.
U can be thought of as analogous to W, and controls the weight or importance of the input
data x, while A and B are additional parameters included for generality. The constant y is
needed to absorb the dimensions of dt (that is, the total time T will be endowed with units of
1/y below). However, it has a more practical interpretation as determining the specific model
under study. For example, to recover a multilayer perceptron with preactivations at layer ¢
defined as k! = Wiﬁ.d)(hﬁ_l) + b, wesety =1and A=B = U = [0], and view the discrete
timesteps as subsequent layers £ € [0,T—1].%8 We shall eventually specify to ¢ = tanh as
our activation function for concreteness, but the analysis may be performed for any suitable
activation function that satisfies some basic properties, as discussed in appendix A.1. For
simplicity, we shall henceforth take N :== N, =N, =N,.°
The SDE (1) is interpreted under the It discretization convention as

hy—hey = f(h—q,x )+ g(h—q, x1)&;, 3)

where n := dt and &, = % dt. Note that while we have written g as a function of the state

and data for generality, we will henceforth specify to the case where g is independent of either,
and is instead some external function of time, i.e., g,_;. This is physically more natural insofar
as the stochasticity should not depend on the current state of the system, and further ensures

8As we shall see, A and B play relatively little role, and in fact we shall set them to zero for simplicity in the
perturbative analysis in sec. 4, while the constant vy is of key importance. Additionally, note that the input/output
layers are not strictly part of this analysis, as explained in the introduction (i.e., one may think of the true length
of the network as at least T + 2).

°It is not necessary for the network to have constant width, but the width of each layer must be sufficiently
large, and go to infinity at the same rate.
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that it does not cause identically-prepared copies of the system in the ostensibly ordered phase
to diverge, cf. sec. 3.

The field-theoretic approach begins by constructing a moment generating functional for
the state of the system, i.e., the partition function. Proceeding with (1), the first step is to
observe that if the noise is drawn independently for each timestep, then the probability of a
particular path h(t) (by which we mean the sequence of states hy, ..., hy) may be written as'’

T
P(h(t)la):Jl_[ d&, p(&)o(h —y (&, he—q)), “4)
t=0

where p(&,) is the probability density function for the noise increment &, (e.g., a Gaussian)
with normalization [ ]{_ [d&, p(E,) =1, and y,(§,,h,_;) is the solution to (3),"

Y€, he)=he g+ f(he—p, x )N+ g & + a5t,0 s (5)

where we have included the possibility of specifying a non-zero initial condition in the form of
the Kronecker delta term. The Dirac delta in (4) thus imposes that the state satisfies the given
SDE (3) at time t, given the noise x, and the solution at the previous timestep h,_; (i.e., the
process is Markovian).

Now, given the integral expression for the Dirac delta function,

(o] {e ) ~
5(x) = f %eikx: f Zd—;e 6)

where 2 = ik € C, we can express (4) as an integral over the auxiliary variable Z (also called
the response field, for reasons which will become apparent below). Introducing the shorthand
fe—1 = f(h¢1,x,1), we have

[ i°° d2, Zi(he—y(&r,he-1))
p(h(t)la)= dgtp(gt) —e tUe =Y (G5l —1
—ico 2T

( o !
A, p(E) f o texplE (h—hiy —fan—abio) ~ZgaE] @)

(1 dz
Z_Trti €xp [5t (ht —heg—fion— a5t,0) +K§(_§tgt—1)] 5

Il
o o o

J—ico

Il
o

t

where Ke(—£,8,-1) = ln(e_itgtflg)g = lnf d&, p(&,) e %815 is the cumulant generating func-
tion of £,. Importantly, note that the effects of noise are now entirely encapsulated by the as-
sociated cumulants! The moment generating or partition function is then obtained by adding

10Strictly speaking, we should view this as a conditional distribution on a particular sequence of inputs x(t),
since this will be treated as external data below.

"Note that the existence of an explicit solution, i.e., y, = h,, is a beneficial feature of the It6 convention. If
we had instead selected the Stratonovich convention, f(x) = f (x‘*%), we would have only an implicit solution,

since h, would appear on both the left- and right-hand sides.
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source terms j h,7 to the action and integrating over all paths h, i.e.,

T

Z[j1= (]_[eh M), = J dh, p(h(t)la) e

thtJ _eXP (h —he—fio 1n—a5fo)+1t 77+K§(_Ztgt 1)]
t=
oo 4z (8)
:“{thrJ —é}x
=0 ioo 2T
T

eXPZ [gt (ht —hey—fram— a5t,0) +jchem + K&(_gtgt—l)] .

From the first line, one immediately sees that differentiating Z[j] with respect to j,n yields
the moments of hy, e.g., J; , ]]| 0= (h;)y and so on.
We now take the contlnuous ‘time hmlt n — 0, and introduce the standard notation

lim, o ]_[t:O f_ dh, = th and lim,_,, ]‘[t 0 f ico di _. f Dz for the path-integrals over

ioco 2mi

the real h and complex # fields.'? Within the exponential, we have limn_,o Zt = f dth(t)

and lim, _,, > b, hf Iy = fdt d.h(t), as well as the convention lim = 6(t), hence

n—0 n

Z[j]=JDhJD56Xp{fdt[E(t)(ath(t)—f(t)—a5(t))+J'(t)h(t)]+Ks(—5g)}, C)

where Kq(—£g) is the continuum-limit of the cumulant generating function:

ZKg(_gtgt—l) = lnl_[J dgt p(gt)e_itgt—lgt
- ds,
=lnl_[ {f dgtp(gt)} eXP(—ZZtgHEn)

‘ (10)

=20 anDg exp {—f de i(t)g(t)ﬁ}
dt
= anDg exp {—f dSﬁ(t)g(t)} =:Ks(—2g),

where we have absorbed the probability density function into the path-integral measure, i.e.,
f D¢ = lim,_, ]_[t f d&, p(&,); in the case of Gaussian noise for example, this would re-
duce to the standard multidimensional Gaussian measure. Note that in these expressions,
fe—1 — f(t)and g,_; — g(t), since the subscript denotes the shift lim, _,,(t—n) = t. Moments
are now obtained from the continuum partition function (9) via functional differentiation with
respect to the source; that is, the n™ moment is given by the n-point correlator
6Tl
(h(s1)...h(sp)) = = —~——=,— 201 (1D
P60 65(s) T o

where the operator insertions h(s;), i € {1,...,n} need not be time-ordered.

12Formally, this simply amounts to recovering (1) from the It6 discretization (3). Note that while there is no
obvious continuum limit in the neural index, there is a sensible continuum limit in the temporal/layer index (recall
that we work at T — 00), and it is the latter we are considering here, hence the N-component fields that give rise
to the analogies with the O(N) vector model below; we thank Dan and Sho for discussions on this point.
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What about the correlator of the auxiliary field Z? Observe that we may add a source term
j(t)2(t) to (9) to obtain the moment generating function for both h and 2:

Z[j,jl= Jphfpﬁexp{f dt[5(t)(3th(t)—f(t))+J'(t)h(t)+f(t)§(t)]+Ks(—§g)} , (12)

where for compactness we will henceforth suppress the initial condition ad(t) (note that this
can be absorbed into the source term for 2). This corresponds to adding a time-dependent
driving term to the SDE (1), i.e.,

dh =(f (h, x)—j())dt + g(h, x)dS. (13)

Therefore, the auxiliary field can be interpreted as an external perturbation to the system,
the response to which is measured by Z (hence the name). The nonphysical nature of the
auxiliary field Z is encoded by the absence of a kinetic term, which implies that these fields
do not propagate, i.e., all n-point functions of Z vanish. To see this, observe that since (4) is a
properly normalized distribution,'® the partition function (9) in the absence of sources retains
this normalization, i.e., Z[j=0] = 1. Since the perturbation j only appears on the right-hand
side of (13), it simply shifts the solution y, (5), and does not affect this normalization (i.e., the
construction of Z holds for any solution). Hence Z[j=0,j] = 1 for all j, which immediately
implies that all self-correlations of the auxiliary field vanish:

sn
[0,j]]  =0. (14

(£(s1)...5(sy)) = 5760).. 576 -0l

2.2 Self-averaging random networks

Recall that the function f (t) appearing in the partition function (12) depends on the trainable
parameters A,B,W,U, b, cf. (2). Henceforth we shall consider a class of so-called random
neural networks, in which these parameters are initialized as independent Gaussian variables,

Xij NN(‘UJX’O-J%/N)’ X = [Xl]] € {A:B,W) U}a
biNN(Mb’O§)7 b:[bl]’

N _E(XU;“X)Z
PXi)=A|z—=e *\ ™ /, (16)
Y 2no2

and similarly for p(b;). Note that as usual, the variances of X;; are scaled by the width,
to ensure that the activations at subsequent layers remain O(1) at large N. The partition
function then describes an ensemble of networks, and we expect that in the large-N limit, the
observables of interest are captured by the ensemble average (Z[j]l)x, =: Z[j]. The idea is
that the network is self-averaging, in that while the particular instantiation varies from one
realization of X;;, b; to the next, the physical properties of the ensemble should approach
that described by the average over the (random) couplings, provided the fluctuations around
the mean values are sufficiently small. This statement is closely related to the central limit
theorem, and becomes exact as N — 0o [36].'4 The ensemble average is then

(15)

ie.,

Z[5,71=Z[j,i Dxp = l_[f dXijf db; p(X;;) p(by) Z[,71=: JDXJDb Z[j,j1, a7
ij

Integrating over all paths, we have [ ], f dh,p(ho,...,hy)=T1, f dg, p(it)J dh,6(h,—y,)=1.
|

1
14As we will discuss in more detail below, the CLT does not appear to yield equivalent results to MFT in the
present case, even in the infinite-width limit.

10
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where p(X;;) for each X € {A,B, W, U} are the normalized Gaussian probability density func-
tions (16), and similarly for p(b;), which we have absorbed into the measures DX, Db for
compactness. Substituting the rule (2) into the partition function (12) and integrating over
the disorder X and the bias b, we obtain

Z[]J] = JDhJ Dz eSO+Ssource+Sim , (18)

where

So= J dezZ(t)(0; + y)h(t) + Ks(—2g),
(19)
Ssource = J dt [](t)h(t) +]N(t)2(t)] 5

and the integration over X € {A,B,W, U} and b is contained in the interaction term

eSint = JDAJDBJDWJDUJDb

X exp {—J de 2(6) [Ag; (6) + By (6) + Wi d (R (6)) + Uy oo (e (6)) + bi]} (20)
— <e—Aijfdt£ihj >A<e—3ijjdt£ixj >B <e_ ijfdt§i¢(hj)>w <e—Uijfdtz7i<,D(xj)>U <e—bifdt2i>

b >
where in going to the third line, the exponential has factorized into a product of moment

generating functions for X;; and b;, with an implicit sum over repeated neuron indices i, j.
Due to the i.i.d. condition (15), each of these is a simple product of Gaussian integrals, e.g.,

< detzd)(h) 1—11 2n02J exp{ (Wig;uw)z_mjfdt5i¢(hj)}. 2n

For compactness, let us define y;; := fdt Z;¢(h;). Then completing the square in the expo-
nent, we have

dt h Wii—thy 2
< ;[ dezig( ) l_[\ 2m0? fd exp (f,—w) _Wij.)’ij}
ij
2
13 yi—2u,yi , oy
:eZ (N j J l_[ 2710_2 fd exp{ 2 [Wij+(wwyij—uw (22)

—eXPZ{ fdtl dey Z;(t1) Z;(t2) ¢ (h;(t1)) P (h;(t2)) — uwf dtii(t)qb(hj(t))},

where in going to the last line, the Gaussian integrals have each evaluated to unity, and we have
inserted the definition of y;; above. Note that the effect of integrating over the disorder W is
the introduction of a coupling term of order ¢2. The integrations over A, B, U, b are all formally
identical to (22). For simplicity, we shall henceforth take u, = ug = u,, = u, = up =0, so that
terms linear in h, Z, ¢ and ¢ drop out. Note however that we retain the ability to effectively
shift the mean of A by tuning the constant y above. The interaction term (20) is then

1 - -
Sine = ﬁf dey dtzzzi(tl)zi(tz)Z[U% + 0 hj(t)h(t5) + o x;(61)x;(t3) (23)
i J

+ Uﬁ/ d(hi(t1)) P (h;(t2)) + Ui w(xi(ty)) ‘P(xj(fz))]-

11
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Despite the name however, observe that the system has been reduced to N independent sub-
systems (:Ziz, i €{1,...,N}) with identical couplings given by the sum over j. The latter is a
collection of N weakly correlated contributions, which we may represent by introducing the
bi-local field variables 2,8, 20, U:

2 2
ALy, t5) = %Zhj(tl)hj(tz): B(ty,t,) = %ij(tl)xj(tz):
)| ) (24)
(% o
Wtr, 1) = 2 D o) b(52)), Uy, 02) = > 1o (1)) 9x(8))
j j

In the large-N (i.e., infinite width) limit, the value of these contributions will approach their
respective means. The mean-field theory approximation to the ensemble average is then ob-
tained as the leading-order saddlepoint contribution from I, B, 20, i, treated as independent
fields that we allow to fluctuate.

To proceed, we enforce the constraints (24) via delta functions as in (4),

gSint = fmn DB DN Dk

1

X exp {%J dt, dt2Z£i(t1)5i(t2) [0 +A(ty, )+ B(ty, t2) +W(ty, t5) + U(ty, tz)]}
X 5(Zhj(t1)hj(t2) - %Q[(tp tz))5(2xj(t1)xj(t2) - %‘B(tl: tz))

J A j B
x 6(; & (h;(t1)) b (h;(£2)) %w(rl, tz))5(; i (x;(£1)) 9 (62)) — %um, 0),

and introduce an integration over auxiliary fields A B,W,U asin (7):

eSint = f DQ[D%DQUDLLJDADE DW DU

1<, g
X eXPJ de; dfz{é Zzi(tl)zi(tz) [0F +2(t1, t2) + B(t1, t2) +W(ty, t2) + U(t1, t)]

]

N . N . N .
— —5A(ty, t)A(ty, tp) — —5B(t1, t2)B(tq, to) — — W(ty, £2)2W(ty, £5)
o% o; o2

- %fj(tl: t2)U(ty, t5) +A(ty, tz)zhj(tl)hj(tz) +B(ty, tZ)ZXj(tl)xj(tz)
u j j

+W(t1,65) > @ (hy(t1)) (hy(t2)) + O(tr,£5) Y so(xj(tl))so(xj(rz))}. (25)
j j

Despite its unwieldy form, this expression preserves the independence of the N systems we
observed in (23), since the (auxiliary) fields couple only to sums over j € {1,...,N} (i.e., we
have the same integral over Z;, h; for all j). As alluded above, the remaining parts of the action
(19) share this property, as one sees by writing out the implicit summations; e.g.,

sozz{ f d£,()(3, + 1) hi(t) +1n f Dge d“fgi}, (26)

1

and similarly for Sg,,ce.'> Therefore, the generating function for h, # factorizes into a product
of N factors — which we shall denote Z;[j,j] — allowing us to express the total average partition

15The cumulant term requires moving the summation through both the exponential and the log, i.e.,

In[e2¥=In[J]e=In]][ e = In| e

12
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function in the form'®

- v e e o N .
o

A
N . N . N .
— —5B(tq, t2)B(tq, t5) — — W(tq, t)(t1, to) — — U(tq, to)8(tq, t5) 27
o} op o2
+N1nzl[]ﬂj]}:

where for compactness we have suppressed the sources for the fields X € {2,95,207, 4} and
auxiliaries X € {A, B, W, U}, and the generating function for h;, %; is

Zl[]:j] = JDhi JDgi eXp{SO[hi;gi] + Ssource[ji;ji]

+f dt; dtz(% [0 + (¢, t5) + B(ty, to) + W(ty, t5) + U(t1, t5) ] Z(£1) Zi(ty)
+A(tq, to)h;(tDhi(t5) + B(ty, t)x;(t1)x;(ts) (28)

Wy, )b (i) (i) + Tty rz)so(xi(tl))so(xi(rz)))}.

(Note the subscript i on the Gaussian integration measures, in contrast to th =11 f Dh;).
Thus, we have reduced the initially complicated system of N interacting units to that of a
single unit under the influence of external fields X¥,X. Henceforth, we may drop the source
term Sgucelh;, %], and consider the field theory for ¥,X in their own right. We emphasize
that up to this point, the result (27) is exact.

2.3 Mean-field theory approximation

We now perform the aforementioned saddlepoint approximation, from which the MFT is ob-
tained at leading order. Let us express the partition function schematically as Z = f Dy e S,
Provided the exponential decays sufficiently rapidly, the integral will be dominated by the
minimum value . The saddlepoint approximation simply consists of Taylor expanding S[u]
about the minimum:

7 = e—S[Ho] JDM e—%(M—Mo)zsu[Ho]"'m , (29)

where the prime denotes (functional) differentiation with respect to u, and the linear term
vanishes by definition, i.e., S'[uy,] = 0. Note that while this may be a very poor approxima-
tion to S[u] when |u — ug| > 0, it will still give an accurate approximation to Z due to the
exponential suppression of higher-order terms. If we take only the leading-order contribution,
then the partition function is given entirely by the prefactor, e S[*ol It then remains simply to
determine .

In the present case, the minimality condition yields eight equations, one for each field ¥,X.

6Note that while we require N to be sufficiently large for the Gaussian distributions to be valid, the factorization
itself holds even at finite N, since it relies only on each term in the summations over iiz, ¢(h,)?, and ¢(x;)? being
identical, which is true by virtue of the integrals over h;,Z; in (28). No uniformity condition is required on the
external data x, cf. footnote 10.

13
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Starting with 2(, we have'”

0S8 _—EA(t t )+£5—21
5UCt, ) o2 T Z,5U(t, ty) 30)
N . N . -
= —;A(tl, ty) + E(Zi(tl)zi(tz»i )

A

where S is the full action appearing in (27), and in the second equality, we have observed that
2A acts as a source for the £? term in (28). The subscript on the correlator is understood to
denote the expectation value with respect to the “single neuron” partition function (28), with
all sources (i.e., X,X) held fixed. Repeating this procedure with respect to the remaining fields
and setting each variation to zero, we obtain the following system of equations for the minima
X, (denoted with an additional subscript O on the expectation value): 18

Rlo(ty,t2) = Ui<hi(t1)hi(t2)>i,0 = 0,% Crn(t1,t2),
Bo(tq,t2) = Uﬁ (xi(tl)xi(tz»i’o = U% Cyx(t1,t2),
W (ty,ty) = O-i/<¢(hi(tl))¢(hi(t2))>i’o =102 Cyp(t1,t3),

HUo(ty, ) = O-i<90(Xi(t1))¢(xi(t2))>i’0 =07 Cyp(t1, t2),
Ag(ty, ty) = <5i(t1)5i(f2))l.’0 =0, (31
Bo(ty, 1) = (Ei(tl)ii(tz»i,o =0,

Wo(ty,t) = <5i(f1)gi(f2))i’0 =0,

qm N|§qt\: N|mqw N|D>QN

Uo(ty, 1) = f(ii(tl)ii(fz))i,o =0,

where the correlators of Z vanish by (14), and we have introduced the compact notation Cyy for
the two-point correlators of y; € {h;, x;, ¢;, p;}. Substituting these into the action, we obtain
the leading-order saddlepoint approximation Z, := eN"%0 = ZlNo to the partition function
(27), where ’

_ 1
Zip= thifDéi exp {So + EJ dt; dt2|:0'% + GiChh(tl, ty) + aﬁcxx(tl, ts)
(32)

+ Uvzvc¢¢(t1’ ta) + O-icwp(tl: tz)]ﬁi(ﬁ)ii(tz)} )

where we have dropped the sources, and the integrals over auxiliary fields only appear at
higher orders, cf. (29). By virtue of the decoupling into N non-interacting terms, we have
effectively reduced the problem to that of a single system S,(h;,%;) exposed to a common
Gaussian noise in the form of the two-point functions C,,. That no higher-point correlators
appear is a manifestation of the fact that the MFT ignores non-Gaussian fluctuations.

7Note that the functional derivative is performed at a particular t,, t,, which results in delta functions that kill
the integrals over time in (27) and (28).

18Recall from footnote 10 that we treat the data x(t) as external, which is why it is not integrated over in the
partition function. Thus while we have written the second line of this expression in general, the product x;(t;)x;(t,)
comes out of the expectation value, which evaluates to unity. Alternatively, one could consider evaluating the theory
on data drawn from some ensemble.

14


https://scipost.org
https://scipost.org/SciPostPhys.12.3.081

Scil SciPost Phys. 12, 081 (2022)

We now wish to obtain expressions for the propagators of the MFT for h;, Z; described by
(32), which requires us to choose an explicit form for the stochasticity as encoded by the cu-
mulant generating function (10). For simplicity, we shall henceforth consider the case in which
the stochastic increments are independently normally distributed according to &, ~ N (0, kn),
where « is a constant parameter. The choice of standard deviation — in particular the appear-
ance of the discrete timestep 1) — is necessary to ensure a consistent continuum limit. That is,
observe that in (8), Kz must be proportional to 1 in order to convert the sum to an integral.

‘/zln_me_gf/ (2x1) into (10), we have

Explicitly, inserting p(&,) =

. dgt _L52_~
K (—ﬁ ): llm ln E— 2kn ot Z[g[,1§[
ST Hf V21K

(33)
. K . K .
= lim EZ(ztgH)Zn =3 J de2(£)%g(1)?.

Note that while this restricts the form of the action to quadratic order in Z, we retain the
freedom to choose the diffusion coefficient g(t).

Substituting the Gaussian cumulant generating function (33) into the MFT action (32), we
have

Zio= J Dh J Di;exp] f de [ B (@ + 10 + S5 (P8

1 .
+ EJ dt; dt, Zi(tl)I:O-% + 0§Chh(t1; ty) + O']%Cxx(tl, ty) + O'VZVC¢¢(t1, ts)
(34)

+ 026,00, o)}

. 1 —
ZJDhiJDzi exp {_EJ dty dt, y;(t1) E(tq, fz))’i(tz)} s

where we have defined

y;(t) == (glg))) , E(tq,t0) = (Ehh(ﬁ, ts) ghg(ﬁ, tz)) , 35)

Ean(ty, t2)

with the operator elements

Epn(ty, t2) =0,
Eps(t1, t2) =6(t; — £2)(0, —7),
Esn(ty, ta) =—6(t1 —£2)(0, + 1), (36)
Bzt t) =— U% - Uf\chh(fla ty)— UIZ;Cxx(fla ty)— UEVC¢¢(t1, ty)— O-icgoap(tb ts)
—Kk8(t1 —t2)g(t2)?,
where the upper-right element appears via integration by parts of the kinetic term.*’

The propagators are then obtained as the matrix elements of the Green function G for the
matrix operator Z, defined as the right-inverse

JdSE(tl,S)G(S, tz): S(tl—tz)ﬂ (37)

That is, f dtZ0,h = % f dtZ0,h — % f dt (8,2)h; the vanishing of the boundary term is consistent with the fact
that the two-point functions of Z and h are either decaying exponentially or identically zero, cf. (121), (122).

15
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Denoting the components of G as in (35), and using the previously-determined fact that
Gz = 0 (cf. (14)), this yields the matrix equation

f dS (’_‘ Ehf(tlﬁs)Gih(S’ tZ) 0 ) :5(t1_t2)ﬂ, (38)

Esn(t1,8)Gpn(s, to) + Ezz(t1,5)Gz(s, t5) Ezn(t1,5)Gps(s, to)

which has three non-trivial components; denoting J, =: &;, we have
6(t; —t3) =J ds 6(t1 —$)(8; — 7)Gzi(s, t2) = (81 — 7)Gzn(ty, ta),

.
6(t;—ty) = _J ds 6(t1 —s)(0s + 7)Gps(s, t3) = —(01 +7)Gps(ty, t2),

0=(3; +7)Gup(ty,t3) (39)

-
+ ] ds [oi + oiChh(tl,s) + oécxx(tl,s) + Uic¢¢(t1,3) + Uicw(tl,s)

Fxd(t —s)g(s)z] Gans, ).

Note that Gy, = Cp,;,: what this tells us is that the expression for the transition amplitude from
h(t;) to h(t,) must be determined self-consistently from these equations, i.e., that the corre-
lation (h;(t;)h;(t,)) depends on the correlations in the other variables, via the interactions
induced by the disorder we integrated out above.

Let us now assume that the system exhibits time translation symmetry, so that
G(s,t) = G(s —t). This allows us to swap derivatives a la J,G(s —t) = —0,G(s —t). Per-
forming this little slight of hand on the first of the equations above yields

(G2 +7)Gep(ty — t) = —6(t; — t3). (40)
If we then act on the third equation with (&, + y), we obtain
(01 +7)(82 + 7)Gpu(t; — t2)

=J ds [ai + 05Gpn(t1 — ) + 05 Crr(t1,8) + 02 Cp g (£1,8) + 02C, ,(t1,5)

+ 15t —s)g(s)z] 5(s—t,) (41)

:O'i + O-gth(tl - tz) + O'ﬁcxx(tl, tz) + O-fucd)qb(tl’ tz) + O-lzlcgmp(tlﬂ tz)
+K6(t — t5)g(t2)*.

Given our assumption of (time) translation invariance, it is convenient to define
T = t; — ty. Then the off-diagonal terms are given by

(0: = 71) Gai(7) =(=0; —7) Gps(7) = 6(7), (42)
while for the diagonal term, (41) becomes
(—83 + Yz — O'i) Gpp(t) = O'% + UECXX(T) + UVZVC¢¢(T) + Uicww(T) + Kg(T)25(T) . (43)

This is the analogue of eq. (147) in [36]; the treatment above simply extends this framework
to the stochastic recursive networks of interest. Upon setting y = 1, g = 0, and setting all the
variances to 0, our result reduces to the non-stochastic, purely feed-forward case considered
in the seminal work [52], based on the early MFT analysis in [53]. While we believe this to
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be the historical origin of the (use of the phrase) “mean-field approximation” that has recently
appeared in the machine learning literature, we emphasize again that this does not necessarily
correspond to the N — oo limit actually used in [17,29] and related works. We shall show
this explicitly in the next section, where correlation functions in the infinite-width limit retain
an O(1) contribution, which for some parameter values represents a substantial correction to
the tree-level (MFT) result.

Now, our primary interest is in the propagator Gy,(7) = (h;(t;)h;(t,)). In particular, in
section 3, this solution is taken as a background around which chaotic fluctuations are treated
perturbatively (not to be confused with the perturbative quantum field theory treatment in
sec. 4). However, we do not actually require an explicit solution to (43); it suffices to obtain
expressions for C,,, Cyq, and C,, in order to express the equation for G;(7) in a more
tractable form.

To that end, observe that h;(t;), h;(t;) are Gaussian random variables with covariance
matrix Gy;,(7). That is, dropping the individual neuron indices i and adopting the shorthand
h(ty,) =: hy,, these are drawn from the bivariate normal distribution with

G (0) th(r))) co ¢
hy,h,) ~ Nl o0, h =MN| o, 11, 44
(ha,h) ( (th(f) Grn(0) c: € )
where in the second equality we have introduced the compact notation
o = Gpp(0) = (h(t)h(t)), c; = Gpu(t) = (h(t1)h(ty)) (for t; # t;). Furthermore, Cy4 is

simply the expectation value of a particular function of these variables, namely ¢ (h;)¢(h,),
with respect to this distribution:

Cypo(t1,t2) = (p(h1)P(h))p = JDthhz ¢ (h)¢(hy), (45)

where Dh;Dh, is the bivariate normal measure obtained by diagonalizing (44),
dh, dh, [ 1

P T o (1= 02

2m4/c2(1—p2) 2¢o(1—p2)

where the Pearson correlation coefficient is defined as p = c./cy. If we then define the new
integration variables h,, h; such that

h = Gohe,  hyi=/ao(pha+/1-p2hy), (47)

then we can express (45) as

Cd)qb :JDhaDhb ¢(\/%ha)¢(\/c_0(pha+ 1_p2hb)) > (48)
where Dh,Dhy, is the (factorized) standard Gaussian measure,
Dh,Dhy = Lo —3(541). (49)
27
By Price’s theorem [54] for Gaussian processes,?’ we may express this as
a X
Cpp = 7. Cae> ®(x) ::J dy ¢(y). (50)
T 0

ZOperhaps the easiest way to see this is to work with the original bivariate measure (46), which satisfies

%Dthh2 = %Dthhz. Since the fall-off of the Gaussian measure ensures vanishing boundary terms, in-

tegration by parts can then be used to move the derivatives to a%d)(hl)a%é(hz). Since (50) cannot depend on

the choice of integration variables, this proves the theorem for h,, h; as well. See also [55] theorem 6.7.
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The motivation for this is that it allows us to define the potential

1
V(cy,co) == _E(Yz — aﬁ) c? + [0% + aécxx(r) + UiCW] c + O'ﬁ/Cq,q)(CT, o), (51
in terms of which we can express the differential equation (43) for the autocorrelation c, as
92c; =—V'(cs,c0) —Kg25(7), (52)

where g, := g(7), and the prime denotes differentiation with respect to c.. This is now a
self-consistent?! kinematic expression for c., where the left-hand side is a time-derivative of
the kinetic term, hence the identification of V as the potential energy. In this language, the
delta function enforces a discontinuity in the velocity at T =0. As alluded above, we do not
require an explicit solution to this expression, but the form will prove convenient below.

3 The edge of chaos

In the previous section, we obtained a second-order differential equation for the two-point
correlator Gy, (1), (43). With this in hand, we now wish to determine where the edge of chaos
lies in phase space. There are at least two ways of proceeding: one is to explicitly solve for
Gy (7) by making some assumptions about the various correlators on the right-hand side. We
will do this in the perturbative expansion in sec. 4, which then allows us to identify the correla-
tion length in the presence of finite-width corrections. However, if one is content with MFT at
N — oo, then there is an alternative way forwards that does not require a solution for Gy (1)
at all: the basic idea, as pioneered in, e.g., [37], is to examine the response of the system to
fluctuations, whose stability is governed by the largest Lyapunov exponent. Following [36],
our strategy is to construct a double-copy of the mean-field theory obtained above, and con-
sider the correlator between neurons in different copies as an infinitesimal fluctuation about
the MFT correlator between neurons in the same copy. At the most basic level, the idea is to fix
h(0) to be the same in both copies — which have initially identical parameters — and examine
how h(t) (or rather, Gy;) differs as a function of time; a similar strategy was used in [17,29].
A formal parallel with the time-independent Schrodinger equation emerges, which relates the
largest Lyapunov exponent to the ground-state energy of the system; as we will see, the onset
of chaos corresponds to the point at which the ground-state energy becomes negative.

3.1 The double-copy system

Denote the MFT correlator (h;(t1)h;(t5)) = Gupp(t; —ts) = Gpp(t) = c¢(7), and ex-
tend this notation to two identical copies of the system in the obvious way, namely
c®B(ty,t,) = (hf‘(tl)hlﬁ(tz)), where a, 3 label the copies (so that a = § reduces to the single-
copy case considered above). Note that at large N,

N
1
SACHA LD WACHACH (53)
i=1
as a consequence of the self-averaging behavior discussed above. We may then consider the
mean-squared distance between two trajectories (i.e., between two identically-prepared copies
of the system):
N

(e, ) = IR ()~ (I = = > (e —R3(e) .
i=1

= (1) + (1) — c'2(tq, t5) — (¢, £5).

nsofar as the value c, determines the potential via (51).
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Note that in general c¢!? # ¢2!; only at equal times do we have ¢'?(0) = ¢?!(0), so that d(t, t)
reduces to the usual mean-squared distance. Our goal in this section is to understand the
dynamics of d(ty,t,). In particular, we expect that if the system is chaotic, d(t;, t5) should
have a characteristic divergence governed by the largest Lyapunov exponent.

Since the copies are initially uncoupled, we may immediately write down the partition
function analogous to (9)

2
z[;‘%ﬂ]:ﬂf@h“fm“

a=1

x exp {J dez4(0)[(8, +1)h¥(0) — Ah%(0) — By (6) — Wiy (h(0)) — Uy (x 4(0)) — bi]}

X exp{%f de (£1(t) +£2(t))2 g(t)z} ,

(55)
where we have suppressed the source terms j*(t)h*(t) for brevity, and the term on the last
line is the contribution from the common stochasticity, K (—g Doa 5“). We now integrate over
the (zero-mean) disorder as before, cf. (22) with a sum over copies:

<e_Wijfdt Za§?¢(h?)>

w

2
= eXPZ {Z_]v\;f de; dt [Zﬁf(tl)ﬁg(tz) ¢ (R (1)) ¢ (hS(t2)) (56)
Lj

# 280 26 () S0

Relative to (22), the novelty lies in the last term, in which we see that an effective interaction
between the copies has arisen from marginalizing over the shared disorder.?> We obtain a
formally identical expression for the expectation value with respect to A, B, U, and b. Thus, in
place of (23), we now have, for each i,

1 - -
Sint,i = —2NJ de dtz{ EAGHEACY E [oi + 03 hS(t1), h(62) + o x(t1)x(t2)
J

+ofvcﬁ(h;‘(tl))qs(h?(tz))+oiso(x;‘(t1))so(x;‘(tz))]
+2Zz}(t1)z§(t2) [ag + oah(6)R3(t) + o x ] (£))x(ty)
J

+ 2SI BN + o2 (e () e e |

(57)
We now proceed as above, adding labels to the auxiliary variables X — X% in (24) in order

23trictly speaking, we should write this as 21(t;)2%(t,) [ ¢ (h'(£;))p (h2(t,)) + p (R (£,)) (R2(t,)) ], since while
the product h'(t)h2(s) is commutative, h!(t)h?(s) # h'(s)h?(t). But this is implicitly covered below when summing
over a, 3, since 20'%(¢t,s) = 20?1 (s, t). (That is, one can freely swap both the labels and the times, but not either
individually).
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to accommodate the additional mixed fields with a # 3, i.e.,

2 2
AP (1, 6) == 2 DR (1), B (6, ) 1= 2 D w0 (6),
O.2 ’ 0.2 ’
Wy, 1) 1= £ > (IO M) (1)), 4P(ey, 1) = D Lo (1)) o] (£2)).
j J

(58)
We then elevate these to fluctuating field variables by introducing delta functions to impose
the constraints, thereby obtaining the average partition function (with sources suppressed):>

2
7= UDx“a DX"‘“) fpaslz DX12
a=1

N . N .
Xexp{J dt; dt, Z |: - ;Aaﬁ(tb tz)%aﬁ(tb ty)— ?Baﬁ(tl, fz)%aﬁ(flj ts)
(a,B)eP A B (59)

N . N .
B O-_zwaﬂ(tb £2)2WP (81, t5) — ﬁUaﬁ(tL t)UP (¢4, fz):|

w u

s ).

where in place of (28), we now have

2
Zi[j%5%] = l_[ ( Jth‘ fDéf)exp{So[h?,éf] + Ssource[ja,ja]}
a=1

xexp{ f dt, dtz(%
U9 (4, £9)]54(61) P (1)

+ > [A“ﬁ(tl,rz)h?(tl)h?(tméaﬂ(rl,tz)x?(rl)xf(rz)
(a,)eP

TPy, )b (hA(t1)) (P (62)) + TP 1y, tz)so(x?(tl))so(xf(tz))])},

2
Z [O'% + Q[aﬁ(tl, tz) + %aﬁ(tl, t2) + Qﬁaﬁ(tl, tz)
a,f=1
(60)

where P :={(1,1),(2,2),(1,2)}.2*
We now perform the saddlepoint approximation as before, and keep the leading-order
contribution to obtain the mean-field result. The minimality condition yields the following

2Here X,X are understood to run over all fields, i.e., f DxP = fDQl“ﬁ DB D Dy

24We exclude (2, 1) because this would double-count equivalent terms from the delta-function constraint; this is
in contrast to the first sum in the exponential over all possible pairs, which accounts for the fact that in (57), the
cross-term #'%% comes with a factor of 2 relative to £%5°.
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equations of motion for the auxilliary fields:

57 (11, £5) = OX(AE(E)R; (1)), = 03 G (11, 12),

By (1) = 0 <xf‘(r1)xf(t2)> = 03 C(ty,15),
wg‘ﬁ(tl,tz)=afv<¢(h?(t1))¢(h?(t2))> = 02, Gyl (t1, 1),
457 (1, 12) = o3 O D (xf (1)), =2 07 Cab(tr, 1),
A (1, 1) ~ O3 E (15 (1)), =0,

By (1, t2) ~ 0 (7 (11)E] (),

W (1, t2) = 0 (EF (015 (1), =

U (tl,tz)"’o' (g a(tl)zﬁ(tz))

(61)

which is formally just two copies of (31), plus a set for the cross-correlators with a # f; in
the last four expressions, the constant of proportionality is 1/2 for a = 8, and 1 otherwise.
As in the single-copy case considered above, all self-correlations between auxiliary fields Z are
zero due to the normalization of the partition function. Physically, this is again simply the
statement that these auxiliary fields are non-propagating. Thus the only novel contribution is
the appearance of cross-correlators between the two copies, denoted by C'2, which arise as a
direct consequence of marginalizing over the shared disorder.

Substituting the minima (61) into the action, we obtain the MFT for two identical copies
of the network:

2
Zio= H(JDh?JDéf‘) exp{J dt [Zé?(t)(at +y)h%(t) + g(é}(t) + éiz(t))z gi(t)z]

a

f dt; dty £2(t) [ab +02C% by, t5) + 02C% (¢4, 5) + 02 C“ﬁ 5 (t1,2)
+02C%0 (1), 1,)] ﬂ(fz)}

2
. 1 —
= l_[ JDh?JDZ? exp {—EJ dt;de, y*(¢)"EYP (¢, fz)yﬂ(tz)} )
a=1
where, in an extension of the single-copy notation (35), we have defined

a —af —=af
yia(t) — (hl (t)) , Eaﬁ(tl, tz) — ( (tb t2) "'hz}j(tl’ tz)) ; (63)

L _
g1(t) =i (t1, ty) B (ty,t5)

(62)

with the operator elements

r_'Otﬂ(tla t,) =0,
Efff(tl, ty) =0qp6(t1 —t2)(0, — 1),
220 (ty, t5) = — 645 8(t1 — 65)(8,, +7), (64)

B (1, t2) =— 03 — 03C (t1,£) = 0RCHE (11, £5) — 02 i (£, £) — 0 2C2E (1, 1)

—k8(ty —t5)g(ts).
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We now seek the propagators G*(t,,t,) of the double-copy MFT, defined as the matrix ele-
ments of the right-inverse of 2*#(ty, t,):

Zst EW(t1,5)GP (5, t5) = 55 6(t1 — t) 1. (65)

This yields the following three equations for the non-vanishing components of G:

Sapd(t1—t2) =(3—1) G2 (11, 15),
Sapd(ts — 6,) =—(3 +7) G G(t1, 1),

0=(3+7) th(tl,t2)+2fds 0%+ 02CH (ty,5) + a2CYH(ty,5)  (66)

+ UWC¢¢(f1:3) + aucgg(tl,s) +x6(t; —s)g(s)z]Ggf(s, ty).

Note that Cip e th , cf. the comment below (39) above. Assuming time-translation invari-
ance? then allows us to perform the same trick as in the single-copy case: swapping &; for
—0d, in the first equation, and multiplying the third by (&, + v), we obtain

(31 + 1)@+ 1) G (1, £)

z—Zst ab+0AGa“(t1,s)+GBC““(t1,s)+a C (tl,s)+05C$‘$(t1,s)

+x6(t1—s>g(s>2}(az+y)c (5. t2)

(67)

ZZJdS |:Ub+UAGa“(t1,s)+UBCa“(t1,s)+(7 C (tl,s)+03C$‘$(t1, s)
w

+K6(ty —s)g(s)z}éuﬁS(s —t)

—O'b + O'AGaﬁ(tl, tz) + O‘BCaﬁ(tl, tz) + 0o C¢¢(t1, tz) + O-Lzlcgg(tl’ tz)
+x6(t; — t5)g(t)*.

Formally, this is the same result we obtained in the single-copy case, cf. (41); the difference
lies in the sum over all a, 8 in the action (62), which picks up cross-correlations between the
copies. As before, it is convenient to express these equations for the components of G in terms
of the temporal difference T := t;—t, (Where possible), so that the off-diagonal elements are
given by

(8: 1) G (T) =(—8; = 1) G (1) = 6,556(7), (68)

while the non-zero diagonal element becomes?®

(8 + 1)@, +7)—02] th (t1,t)) =0 +02C% (1) + 02 c (r) + aucgg(r) +x8(1)g(7)?. (69)

Observe that the a=f3 components of this equation are precisely (43), as expected, and hence
the solution for the autocorrelation G;.* = c*#(7) is the same as for the single-copy case c(7)
above. We may say that in this case, the system resides at a fixed point at which the trajectories
h?(t) = hP(t) for all time, and hence d(t,t) =0V ¢ (since ¢! = ¢22 = ¢12).

**Note that we do not assume this for the cross-correlator G,7, but the Kronecker delta implies that G}? = G2} = 0.
26We note that this corresponds to eq. (167) of [36]; we have merely derived it via the standard approach
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Our interest is then in the stability of this fixed point. In particular, instability to fluctua-
tions will cause d(t4, t,) to grow, indicating chaotic dynamics. Conversely, a stable fixed point
implies that the system eventually relaxes back to d(tq, t;) = 0, so that perfect correlation is re-
stored. Following [36], our strategy will be to take the autocorrelation c(7) = c'}(7) = ¢??(7)
— given implicitly by (69) with a = 3, which is equivalent to the single-copy solution (43) — as
a fixed background solution, and compute the cross-correlator c'(t,s) := G}bf(t,s) to linear
order in the expansion®’

c2(t,s) =c(t) + nk(t,s)+0(n?), (70)

where 1) < 1 is some small expansion parameter.
To proceed, it is convenient to introduce the following notation for the two-point correla-
tors of ¢ (h):

folcc0)i=C2 = (9GS, Folenco) i=Clh = C2 = (p(h)p(R),  (7D)

where ¢, ¢ = ¢, are the components of the covariance matrix of the single-copy in (44), and

co=cyt =ci?, c12 are the corresponding components for the double-copy:2®
GH(O) Glz(t s) co ct?
1 20N 0
(h (t):h (5)) N( (Gllﬁ(t S) g (0) N 0’ C12 o . (72)

We can then Taylor expand (69) and identify terms order by order to determine the linear
contribution k(t,s). On the left-hand side, we simply substitute (70) for G} = c'?. On the
right-hand side, we take the input data to be the same for both copies, i.e., x! = x2, so that

cl2=c,, and qujfp = C,,,; then we only need to expand C;ﬁp

fs(c'?,c0) = fyc,co) +(c'*—c) e 12fq)(clz, 0) te
= fo(c,co) + nk(t,s)fy(c,co) + (9(772),

where the second line follows via Price’s theorem (50), with ¢’ = J,¢ (h). Upon substituting
these expansions into (69), we recover (43) at O(1), which leaves

[(81+ )8 + 1) — 0] k(t,5) = 02 fyr(c,co) k(t,5) (74)

(73)

at order O(n).

3.2 The largest Lyapunov exponent

We have found that at linear order in fluctuations about the fixed point, the mean-squared
distance between copies (54) is

d(t,t) =c(0) +c?2(0) — c'?(t, t) — (¢, t)

= 200 — 2o+ nk(t, £)) = —2n k(¢ £), (75)

with k given by (74). We now wish to solve (74) in order to determine how the distance
behaves as a function of time.

Since (74) is precisely of the same form as that in [36], we may simply rephrase their
derivation here. We begin by expressing (74) in terms of the “lightcone coordinates”

T=t—s, u=t+s, (76)

2’We have changed to t,s rather than t,, t, to avoid confusion with the copy labels a = 1, 2, so that henceforth
T=t-—s.
28Note that the lower off-diagonal component is G*(s, t) = G3(t,s).
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with the derivative relations

6, =0, +9,, o, =—0,+70,, (77)

whence
[(8,+7)*— 82— 02Ik(t,u) = 02 f4(c,co)k(T,u). (78)

To solve this equation, we make the separation ansatz
k(t,u) = eMyp(1). (79)

One can think of this as a Euclidean analogue of the usual plane-wave ansatz with phase factor
e~ the significance of the constant A will be discussed below. We then have

[((A+7)* =02 =03 1(7) = 0 fy(c, co)ip(T)

= [-92 = V"(c,co)lyp(7) = Eyp(r), (©0)
where we have defined the energy
E:=y"—(A+7)*, (81)
and V" = 862V is the second derivative of the potential defined in (5 1):%
V/(c,co) =—r*+ 05+ 02 fyulc,co). (82)

Note f4/, and hence the potential term V", depend on 7 via the autocorrelation ¢ = c(7).
Formally, (80) is the time-independent Schrodinger equation Hvy = E1) with Hamiltonian

H= —83 —V"(c,co). (83)

Since we seek normalizable (i.e., bound) states, and the energies of bound states are quantized,
the solution (1) will be characterized by a discrete set of eigenvalues,

E,=7v"— (A, +7)°. (84)

As per our ansatz (79), this in turn implies a discretized set of characteristic or Lyapunov expo-
nents A,, which control the growth of k(t,u). In particular, the growth rate will be governed
by the largest Lyapunov exponent, given by the ground state energy E:

Ao=—r+yr2—E. (85)

The unstable regime is characterized by A, > 0, so that d(t;,t,) grows exponentially with
time. Note that if y < 0, this will be true for all possible values of the ground state energy
Ey. Therefore, in order to study networks at the edge of stability, we will henceforth consider
the case with ¥ > 0 (cf. [36], which considered y = 1). We must then determine the point at
which the ground state energy becomes negative, E, < 0. Following [36], our strategy will
be to construct a normalizable solution with E = 0, and derive a necessary condition on the
existence of lower-energy ground states.

To proceed, observe that if we differentiate (52) with respect to 7 for T # 0, and denote
d.¢c, = ¢, we obtain

82¢, +3,V'(cr,c0) = [33 +V"(cr,c0)]é, =0, (86)

2Note that V is the potential energy for the autocorrelation c(t), while —V” is the potential energy for the
fluctuation amplitude (7).
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where the second step follows from applying the chain rule to V’. Comparing this with the
Schrédinger equation (80), we see that ¢(7) is an eigensolution of v(7) everywhere except at
7 =0, with E = 0. To construct a valid solution for all T, we must address the discontinuity
at the origin caused by the delta function in (52). To do so, define

_Je(r) >0

and impose smoothness at T = 0 (i.e., that y belong to differentiability class C'). Denoting
the approach to zero from above and below respectively by 0%, the latter condition amounts
to the constraint that y(0*)—y(07) =0:

y(07)—y(07) =&(0") +¢(07) =—2V"(co, o)

(88)
!
=2 [—(YZ — Uf\) co+ ofvf(i,(co, o)+ oi + o%Cxx(T) + aﬁcw] =0.
Therefore, the existence of such a solution requires

V'(co,c0) =—(y*—02)co + 02 fs(co,c0) + 05+ 05Ce(T) +02Cp, =0. (89)

This is a necessary but not sufficient condition for the solution to be valid: since y(7) has zero
total energy by construction, we must also impose that the potential be less than or equal to
zero at the extremum given by (89); see [36] for an in-depth discussion on this point. Recall
from (83) or footnote 29 that the potential for this solution is —V”. Hence,

V(co,c0) =0 = 02 fy(co,c0) = y*—03. (90)

When this inequality is saturated, y(7) must be the ground state with E, = 0. Away from
saturation, the energy of the ground state is E, < 0. Intuitively, as the potential becomes more
negative, there is more room for lower-energy states. While this does not technically suffice
to show the existence of a strictly negative energy ground state, it does provide a necessary
condition on the edge of stability for the system, since the corresponding Lyapunov exponent
is greater than or equal to zero, A, = 0. In fact, this is consistent with the condition identified
in previous literature: recalling the definition of the two-point correlator f (cf. (71)) in terms
of the Gaussian integral (48) with c._, (i.e., p = 1) we may equivalently express (90) in the
form

afvfphm’(\/c_oha)zzﬁ—af\, (91)

where the second integral over h; has evaluated to unity. Note that the quantity on the left-
hand side is exactly that denoted y; in [17,29] and serves as a probe of stability for the
fixed-point p = 1 in their analysis. Comparing this expression with eq. (7) in [29] (which is
eq. (5) in [17]), we see that our result precisely recovers the condition for chaos in Gaussian
random networks, which corresponds to y = 1 and af\ =0, cf. (2). However, as alluded above,
and will be discussed in more detail below, mean-field theory is not exact in the infinite-width
limit; indeed, it is perhaps surprising that the MFT result (91) agrees with the result from
the CLT obtained in the aforementioned works. In general, we must consider the full QFT, in
which the MFT correlator c(7) represents only the tree-level contribution.

Before turning to perturbative QFT in the next section, we note that in [31] it was reported
that in the case of RNNS, the injection of time-series data®® x destroys the ordered phase, and
consequently there is no order-to-chaos phase transition. This arises due to an extra factor that

30The authors of [31] refer to this as “noise” from the inputs, but we have reserved that term for the true noise
encoded in g(h, x), cf. (1).
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appears in their analogue of (91) containing possible correlations in x. In our case, however,
these are contained in the correlator C, (7), which does not affect the condition for criticality
in the MFT approximation (though it does of course affect the explicit form of c(7)). Further
studies are therefore needed to elucidate the potential role of the data x, or the introduction
of other forms of noise more generally, in modifying the edge of chaos in different network
models.

4 Perturbative corrections

As discussed in the introduction, the network becomes a Gaussian process in the infinite-width
(N — ©0) limit. At finite N, deviations from Gaussianity require the addition of interaction
terms, corresponding to the fact that higher cumulants no longer precisely vanish. In the
language of quantum field theory, these correspond to loop corrections to the leading-order
or tree-level result above, which have the potential to shift the “classical” edge of stability,
which is the chief object of interest here. Indeed, empirical evidence [17,18] suggests that the
critical point in real-world networks is noticeably displaced from the CLT prediction, which
has practical relevance for initialization. Even away from criticality, the correlation length —
which sets the depth scale beyond which trainability sharply falls off — deviates substantially
from the large-N result—see for example fig. 5 in [17], fig. 2 in [30], or fig. 6 in [18]. It is
therefore of significant practical as well as theoretical interest to quantify the deviations from
Gaussianity in networks of finite width.

To that end, in this section we will compute both the leading (1) and subleading O(T/N)
corrections to the two-point correlator c(t) = (h(t)h(s)), which will then allow us to identify
the loop-corrected correlation length for small |7|. As discussed in the introduction and in
more detail below, the result holds only at weak t Hooft coupling,®! and the perturbative
expansion assumes T /N < 1; the latter is the regime of practical relevance for modern deep
neural networks [2].32 It would be interesting to explore these connections to O(N) theory
in more detail, e.g., to see whether the analysis can be extended beyond the perturbative
(weak-coupling) regime we consider here.

Since we will compute the two-point function explicitly, there is no need to employ the
double-copy system used in the MFT analysis in the previous section; it is sufficient to examine
the correlation length in a single copy of the full QFT for small times. The reason for this can
be traced back to (70), which requires that the fluctuation nk(t,s) ~ ne*! be small relative
to the background solution ¢(7). In other words, we do not demand that the two systems will
diverge for all time, or in the single-copy theory, that the correlator will grow exponentially
without bound. In the language of RG, we are considering infinitesimal perturbations about
the critical point by some relevant operator(s), which will trigger a flow to a new, non-trivial
fixed point in parameter space. This behavior was observed in [29], see in particular fig. 2
therein, in which networks in the chaotic phase converge to some parameter-dependent fixed
point near, but not necessarily at, c(t) = 0.

To keep the theory as simple as possible while still capturing the essential aspects, we shall
consider the partition function for the (single-copy) theory with A= B = [0]. Relative to (24)

311n fact, we shall require both o, and o, to be sufficiently small relative to y, as will be explained in more
detail below.

32Note that the authors of [2] referred to T/N — oo as the “chaotic limit”, which differs from the use of that
terminology here, but the important point is that the perturbative expansion cannot be performed if T /N is large.
Conversely, T /N — 0 simply recovers the Gaussian theory, including the O(1) correction to be computed in subsec.
4.3.1. In this sense, the O(1) contributions are not bona fide interactions, but finite-temperature fluctuations in
the statistical ensemble, as we explain in sec. 5.
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however, it is extremely convenient to modify the auxiliary field to

o2
Wit 1) 1= \| 7 D¢t (i(t2)), (92)

and swap the attachment of the prefactor within the delta function-imposition of the con-

straint, i.e.,
o2
5(&1}(t1,t2)— \ szqb(hi(tl))d)(hi(tz))) ) (93)

and similarly for 4[. Additionally, we will henceforth keep the implicit sums over repeated neu-
ron indices, rather than extracting an overall factor of N. The previous conventions facilitated
the mean-field (i.e., saddlepoint) approximation, but the present conventions will enable us
to cleanly organize the perturbative expansion in a manner precisely analogous to the O(N)
vector model and Yang-Mills theory. There, the auxiliary field has exactly the same scaling as
2 in (92), with gyy = v/ A/N. We thus see that GVZV plays the role of the ’t Hooft coupling A,
which must be sufficiently small for the infinite series of loop contributions to converge. Our
theory is then

= JD.%DX exp{ —J dtl dtzl:W(tl, tz)m(tl, tz) + U(tl, tz)u(tl, tz)]}

JDthexp J dt ()0, +)h;(t)+ = g(t)zz (t)z; (t)]

dtl dt, |:Ub \ m(tla ty)+ \ ﬂ(tp ty) | Zi(t1)Zi(t2) (94)
o2 . o2 .
+fdt1dt2[\ (e, e (i) P hi(e2) + \ SE0Cen, o) e |

where X € {20, 4}, and X € {W, T}.
Now, the perturbative analysis proceeds by expanding around the vacuum expectation
value (vev) of the fields (i.e., the “classical” background values), obtained as the solutions to

the equations of motion (eom):3

2
n(): (@ —1)ER) =2\ %st (W(t,9)5:0 (h(D$(h;()),  (95)

33Note that in the first of these, the boundary term vanishes when performing integration by parts to move the
derivative off the delta function; explicitly:

§InZ _ h;(s)
Sh(t) hl(t)

+\ %qul dszvi/(sl,sz)[éijé(t—s1)¢’(hj(s1))¢(hj(sz))+5ij5(t—s2)¢(hj(sl))¢'(hj(sz))]>

- f ds ()@ +7)5(t ) +2\ T J ds (W8, () (h;(5))

2
——J ds 6(t —s)(8 — 1) (Z(s)) +2 % J ds (W6;¢"(h;(£))¢p (;(5)))

=—@ - EW)+2\ J ds (W5, (B, () (1;(5))),

where the third line follows from symmetry of W (t,s) (since the product of the activation functions is symmetric).
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£(0): (G +7)(h(0) —Kg(t)22(t)

f ds <(0b \ QU(t s)+ \liu(t s))z (s)> (96)

x;(t): st (ﬁ(f,S)5ij(P/(Xj(t))<P(Xj(S))>=0: 97)
8 14|02 5
X(ty,t0): (X(t1,t9)) = > F(Ei(tl)ii(fz» =0=:X,(t,t3), (98)
2
W(ty,t,): (W(tq,t2)) = \ ﬂ<¢(hi(t1))¢(hi(t2))> = Wy(ty,t2), (99)
2
Ot ): (e, ) = \| SE @) (i (E:) = ol 1), (100)

where the prime denotes the derivative with respect to the argument (e.g., ¢'(y) = d,0(¥)),
and in the last three equations we have denoted the solutions by Xy, X,, where the identifi-
cation X, = 0 follows by (14). Then, since the expectation values of ¥,X with other fields
factorizes due to the lack of mixed quadratic terms in the action, we may substitute these into
the eom for h; and %; to obtain

0 —1)(51t) =0

- , o2 o2 ) (101)
(0 + 1) (hi(8)) = =k g (£)*(2,(0)) —f dS(Ub + o Wolt,s)+ Fuo(tﬁ)) {#(s)) .
A consistent solution to these equations is
hi o(t) == (hy(t)) =0, Zio(t) = (£(t)) = 0. (102)

Note that x;(t) is not constrained by its eom (which reduces to 0=0), and thus we are free to
select an arbitrary vev for the inputs; for simplicity (since we shall have in mind a nonlinear
activation function with ¢(0) = 0, see below), we shall take x O(t) = 0 as well. We may then
expand the fields around these background values by making the following shifts in the action:

X—X,+X%, X - =X. (103)

N[

Of course, only the X fields must®* be shifted, since the others all have vanishing vev; the
factor of 1/2 is introduced in X for later convenience (see the comment below (142)).
However, the last line of (94) is intractable in its present form, since the fields h;, 2; are
contained within the nonlinear activation functions ¢, (. In order to proceed with the pertur-
bative analysis, we shall henceforth take ¢ = ¢ = tanh, which permits the series expansion

h3
¢(h;) = tanh(h;) = h; — — + O(hy), (104)
and similarly for ¢(x). Our theory is then
= f DX DX DhDg e50*int | (105)

34This is not technically necessary, but failing to do so complicates the diagrammatic expansion due to the
insertion of arbitrary numbers of X operators. Shifting the fields to expand around the vevs is a well-known cure
for this annoyance; see for example the classic text [40].
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where the quadratic part of the action is — again with implicit sums over repeated neuron
indices —

So =J dt -ii(t)(at +y)hi(t) + Eg(t)zéi(t)ﬁi(t)}

.
) dt; dtz 01, \ QI70(%“—2)"‘ \ uO(t1>t2):|Z (t1)Z(t2) (106)

( . .
| dtldtz[wm,tzm(tl,tgnU(tl,rz)u(tl,a)],

1
2
1
2

where we have absorbed the tadpoles arising from the X X, terms by shifting the source fields
for X. Meanwhile, the interaction part, to fourth-order in h and x, is given by

Sint = Jdﬁ dt, \ QII(l‘-1,f2)"‘ \ il(l‘-ptz)]z (t1)£(t2)
1 | o2 2
+§de1 dfz[ %W(tl:tz)(hi(tl)hi(tz)_ghi(tl)hi(tz)s) (107)
2
#\| 32000, 6) 3o ()= 2xiedx () |

In the next subsection, we will obtain the propagators for the theory given by (105). Unlike
the MFT analysis in the previous section however, we will solve for the propagators explicitly,
in order to proceed to obtain the finite-width corrections in subsections (4.3.1) and (4.3.2).

4.1 Propagators

To find the propagators of the theory (105), we first introduce the two-component fields

yi(t) = (g:gg) ) Q(tq,t5) = (3{?21: ES) ) R(tq,t) = (2((?12 Z))) , (108)

cf. (35). As will become clear below, it is necessary to formulate the Feynman diagrams in
these terms, since h;,2; (and by extension, the other pairs in (108)) cannot really be thought
of as independent fields per se—the analogue of the kinetic term in S, for example, implies
that the first component of y* can freely propagate into the second. Accordingly, we begin by
expressing the Gaussian part of the action in the form

1
SO = fdtl dt2yl(t1)T'—'1](t1:tz)y](tz) (109)

-z fl_[ dt Q(t1,t5) 0, (t1, to, t3, t4)Q(t3, t4) + R(tq, to) Y (1, to, ts, t4)R(t3, t4)i|

where the operators 2, Y, with m € {w,u} are defined as
0 6(t,— fz)(atz _Y)
o(t; — tz)(—arz _Y) —rg(t1)?6(t; — tz)—o'i - (jv_%“mo(fly ty)— @%(tl, ts)

01
m(t1;f2>t3,t4)——5(t1—f3)5(t2 f4)(1 O) (110)

Eij(ty, t2) = 0jj (
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As in the previous MFT analysis, the propagators are obtained as the elements of the Green
functions (i.e., the inverse operators) for the operators 2, Y;, appearing in the Gaussian part
of the action, cf. (65). For T,,, we have

J dsy dsy Yy, (t1, t0,51,52)G (51,50, t3, t4) = 6(t — t3)0(ty —t4) 1, (111D)

from which we immediately obtain

01
Gm(tl,tz, t3, t4):25(t1—t3)5(t2—t4)(1 O) . (112)

Substituting in the definition of the delta function (118) and imposing that the result hold for
all momenta w;, w,, we find the momentum space propagator

A 1
Gm(a)l,wz) ZZ(? O) . (113)

Turning to Z, we will henceforth suppress the 6;; to simplify the notation, it being understood
that the h;, Z; propagators do not mix indices; e.g., Gy is the propagator between a single pair
of neurons, and is the same for all i:

Gun(s, ty)  Grs(s, t
stE(tl,s)(G::g’tig h(g 2))25(t1—t2)]1, (114)

where Gz; = 0, cf. (14); this yields, for the diagonal elements,

(3t1 —7) Gn(t1 —t5) Z(—arl — 1) Gps(ty — t5) = 6(t; — t5), (115)

and for the non-zero off-diagonal element,

(atl + Y)(atz + Y) Gun(ty —ty) =xg(t)?*8(t; —to) + U%

o2 o2
+ meo(tl,tz)*' Wuﬂo(fbtz), (116)

where we have performed the same 6,, =—0,, trick as before, cf. (67), again assuming transla-
tion invariance of the correlators. As a quick sanity check on the consistency of our expansion,
observe that (after adjusting for the difference in normalization, cf. (92)) we have precisely re-
covered the MFT results (68), (69), as expected, since the former correspond to the tree-level
contribution in perturbation theory.

As usual, it is more convenient to work in momentum (i.e., frequency) space, so we shall
proceed by Fourier transforming the above expressions to obtain the momentum space prop-
agators. We shall use the standard high-energy theory convention in which factors of 27 are
attached to the momentum measure, and denote the momentum space functions with hats,
ie.,

flw)= J dte™™'f(t) and f(0)= J% e f(w), (117)
b
which further implies the convention
—iwt dw iwt
2m)6(w)= | dte and o(t) = o et (118)
T
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as one can readily verify by substituting f(t) into f(w) (or vice versa). Beginning with
Gz, (t —s) in (115), we then have

Jg—:(iw—y) e l9)G, (w) =1, (119)

and similarly for Gy;(t —s). We thus identify

—i i

Gap(w) = Ghz(w) = (120)

w+iy’ w—iy’
Note that Gz,(w) = Gpz(—w), as expected, since these correspond to propagation of y(t) in
different directions in time. This can be seen by Fourier transforming (120) back to real space,

which also clarifies the implicit pole prescription in the identifications thereof:

Gs(t—s) :f;i_: ei“)(t_s)égh(co) =5 ff dw

1 eiw(t—s)
i

w+1iy (121)

=—0(s—t)e "0,

where in the last step, the only non-vanishing contribution comes from the pole at w = —iy;
recalling from our discussion below (85) that v > 0 in the regime of interest, this lies in the
lower half-plane, and hence requires t <s in order to close the contour; the negative sign then
arises from encircling the pole clockwise. Similarly,

1 eiw(t—s)
Gps(t—s)=—— f dw — ——0(t—s)e ) (122)
271 w—1iy

where we have closed the contour in the upper half-plane, with t > s, to capture the pole at
w = 1y. Thus we see that Gz (t —s) = Gy;(s —t), consistent with our observation above. Note
that in both cases, the Green function is exponentially decreasing, as usual.

Turning now to the off-diagonal term (116), we must contend with the fact that, from the
eom (99), W, will be a function of G, when we perform the perturbative expansion. For
consistency, let us work to fourth order in h as above; then

\ 25 Woltr, ) = (Sl h(e2)) = (he(endhu(ea)) = 3 (el . (123)

The first term on the right-hand side is simply N G;,(7), where 7 := t;—t,. For the remaining
term, since we are expanding around a free (Gaussian) theory,>> we can apply Wick’s theorem
to write this as a sum of products of two-point functions. Let us temporarily drop the neuron
indices, and instead employ the shorthand h; := h;(t); then the four-point function simplifies
to

L 124
(hyhghghy) =(hyhahshy) + (hihohohy) + (hihohohy) = 3 Gyp(0)Gry (7)),
where Gy,;,(0) = Gy (t, t) may be solved for self-consistently, cf. (135). Therefore, to this order,
oy
N Wo(ty, t5) = 021 —2Gu;(0)]1Gu(7) = O-i/’eff Gpu(7), (125)
where for compactness we have defined the effective variance
0 i = 05 (1—2Gp(0)), (126)

35That is, the full expectation values are computed with respect to the interacting theory (105), but when evalu-
ating them, we expand in terms of the coupling (i.e., /N /0o2), so that the leading contribution is (123), in which
the expectation values are taken with respect to the Gaussian theory.
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for reasons which will become clear in subsec. 4.3.1. Note that if we had worked to next
(sixth) order in h, we would obtain an additional term of the form

(hihihihohohy) = 9 Gy (0)2Grp(T) + 6 G ()2, (127)

where the combined combinatoric factor for the n-point correlator is (n—1)!! (to see this,
choose any point at random; there are (n—1) ways to contract it, which leaves (n — 3) choices
for the second pair, and so on). This would lead to a cubic differential equation for Gy (1), in
place of the much simpler linear equation (128). To avoid this — and the associated explosion
of possible Feynman diagrams — we have limited ourselves to only the first two orders in the
Taylor expansion; we comment on this truncation in more detail below. Hence, substituting
(125) into (116), we have

2
(@ +1)(=0 + 1) = 02, ] G = xB(D) + 03+ \| L2 8, (128)

where for simplicity we will henceforth assume that g(7) is constant (which we can absorb into
x, and hence set g = 1), and have written {{, as though it were time-translation invariant.>®
Fourier transforming with respect to 7, this then becomes

dor,. . A iw
JE [(lw +y)(—iw+y)— Uﬁ/,eff] Gpp(w)e' ™ =

_ (129)
do K+ 2mo25(w) + \ Tu fo(w) | ef@”
27 b N ’
which implies the identification
2 o
R K +2mo25(w) + Y 2 flo(w)
Gn(w) = b v o . (130)

2
w2+y2—0,

We can then Fourier transform this back to real space, where the sign of T = t—s determines
the contour (i.e., which pole we encircle):

dew eiwr o2
Gpu(t)=| — 5 K +2m036(w)+ \| — fo(w) | . (131)
2m w2+y2—0 N
w,eff
Let us evaluate the three terms in this expression one by one. The first is proportional to the
inverse Fourier transform F ! of (w? +y2— 0'5/ eff)_l, and is readily evaluated using the same
contour methods as above:

71 K — d_a) elwT
w?+7y2—o2 21 w2 +y2—o?

w,eff w,eff

dew eiw'r
B Kf 2n (a) +iy/72— aieff)(co —i,/r2— aieff)
N e | Ao

—ik |0 e (1)
2i4/7?— va,eff —2i A T2 — O-iz,eff

— . [y2_52
Ke Y aw,eff

= —2 3
2 V Yz - Uw,eff

36This amounts to assuming a sufficient degree of temporal uniformity in the injected data. In fact, we shall
shortly assume that 4l is time-independent, in order to perform the inverse Fourier transform. In principle, this
is not required for the theory, but one must otherwise provide the form of the correlator £, as an input to the
following analysis to obtain a closed-form result.

7|
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The second term is trivial on account of the delta function:

Fl( 27’[0‘25(w) ): O'% . (133)
Y

2
w2 +7y2—0?2 — 0, it

w,eff

Lastly, by the convolution theorem, the third and final term can be expressed as

2
F ‘/7%(‘”) = ﬁrl(—l ; )*Fl(ﬁo(w))
ff

2 — 24 y2
w2+ y2 0 off N W+ y2—0oy
0-2 - Yz UW E5ff|t|
uo(T — t) .
/ 2_
14 Gw eff
This is as far as we can evaluate this term without further information about the data ;. To

obtain a closed-form result, we shall take $(, to be time-independent; cf. footnote 36. Summing
these contributions, the result for the propagator is

(134)

—/y2—0? 7l 0.2
K e we b,eff
Gun(T) = 7 , (135)
hh 2 ) 5 2 _ O'Z
Ye— Uw,eff Y w,eff

where o2 eff is defined in (126), and for compactness we have also defined an effective variance

for the blas
0'2
oF =0+ = ~ Yo (136)

The form of the two-point correlator allows us to immediately identify the correlation

length at tree-level:

1
Epim —— (137)

2 _ 2
Y Ow,eff

that is,
th(T) = _g e—|T|/€o + goo-b off* (138)

As discussed in the introduction, the critical point is defined by £, — oo, which occurs when

o2 =0 (1 2¢0) =712, (139)

w,eff

which is precisely the point at which the MFT condition (91) is saturated to subleading order in
¢’(h) = sech?(h) ~ 1—h?, with ai = 0. Of course, this is to be expected, since MFT is nothing
but the leading-order saddlepoint in the perturbative expansion. However, a critical reader
might object that the MFT result (91) appears more accurate than the tree-level result (139),
since the latter only includes the first two terms in the Taylor expansion of the nonlinearity.
Here it is important to keep in mind that there are two unrelated expansions at play: the Taylor
expansion of ¢ (h) = tanh(h), and the perturbative QFT expansion in T/N. One advantage of
the MFT approach to criticality in the previous section is that we were formally able to keep all
orders in h, although the final expression (91) can only be evaluated numerically. The main
disadvantage is that MFT ignores all fluctuations, and we have no a priori reason to expect that
the prediction for the critical point is correct, even at infinite width. In contrast, the statistical
field theory framework we have employed allows us to go beyond the MFT regime, but requires
us to express the nonlinearity as a polynomial function of h; as mentioned when defining the
effective variance (126) above, we have modelled the system up to quartic order in h to obtain
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more tractable equations. Since tanh(h) € [—1, 1], we expect the next (sextic) order term to
be less important than the subleading T /N corrections for most values of h; in fact, this should
hold for general non-pathological activation functions with ¢(0) = 0, since (h) = 0 and the
two-point function of h is exponentially decreasing; see A.1 for further discussion. It would
be interesting to explore the relative importance of these disparate corrections empirically.

o . . . . . . 2 2
Additionally, note that in this section we are working at weak 't Hooft coupling Ot <75
2

so that £, € R. Conversely, we derived (91) (i.e., O eff > )/2) as the condition on the potential
for which the system is chaotic. In that regime, we can no longer define a meaningful corre-
lation length, as the propagator Gy;,(7) picks up a complex part, with phase given by et7/%l,
In fact, the transition from order to chaos can be seen in the complex frequency plane as a
movement of the poles in the Green function (130) from the imaginary to the real axis, re-
spectively, through a degenerate pole at the origin corresponding to the critical point. When
computing the loop corrections below, we shall see that the weak coupling condition automat-
ically guarantees convergence of the infinite series of Feynman diagrams, which is the basis
for its importance in perturbative QFT.

Since the effective variance avzv)eff depends on Gy(0), cf. (125), it remains to solve (138)
for this pseudo-initial condition in order to evaluate Gy, (7). (Concretely, one evaluates Gy, (7)
at T =0, which via (126) allows one to solve for £;). While this can be done analytically, the
resulting expression is exceedingly lengthy and not particularly enlightening, so we refrain
from including it here. Of course, if one considers the linear model with ¢(h) = h, then
UVZV off = 02 and one can evaluate (138) directly.

As an as1de, we note that we may express the first term in (135) as

G(7) = —— | @(r)e VI Tuerr 4 e(—f)etvyz_"i’e“] ) (140)

which is proportional to the sum of Gz, Gz, under the rescaling vy — /12— UVZV o 10 this

sense, the leading term of Gy, plays the role of the Feynman propagator in quantum field the-
ory, while Gz, and Gy; are very loosely (given the cross-component nature of the propagation)
analogous to the retarded and advanced propagators, respectively.

4.2 Feynman rules

In order to compute the perturbative corrections to the tree-level propagator (135), we must
deduce the Feynman rules for the theory. To that end, the interaction part of the action (107)
may be written in terms of the two-component fields (108) as

Sint = fr[ df qu(fb ta, t3,t4)Ya(t1)ya(t2)

+q ap(t1, b t3,£4)Ya(£1)Ya(£2)2 ]Qp (23, £4) (141)
[ rap (1 ta, ta, ta) Ya(t)ya(ta) + 1ty to, ta, t)x(t1)x(ts)

+ 17y (t, ty, t3, t4)x(t1)x(t2)3]Rb(t3, t4)} )

where in this subsection we have suppressed the neuron indices i to make room for the sub-
scripts a, b € {1, 2}, which are component labels for the fields (108) (so for example, y; = h,
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¥, =£). We have also defined the coupling coefficients

14|03
dqb = S\ N O(ty —t3)8(ta—t4)[6426p1 + 6410p2],
(142)
;o 14| 9%
qqp = 3\ N 6(t; —t3)0(ty —t4)0410p25
for the Q vertices, and
1,02
rap = 5 |y 0(t1 = )8t = t4)8aaa
(o2
o= 5 \| 2 606~ 65t~ )3aa, (143

14|
rg = —5 W 6(t1 — t3)6(t2 - t4)5a2’

for the R vertices. Note that the reason for rescaling X by 1/2 in (103) was to make q15 = qo1;
otherwise, the sum of Kronecker delta functions would be replaced by 6,261 +26,102.

Let us make a few observations before writing down the Feynman rules for this theory.
First, while we have included them in this expression for completeness, the data-dependent
(x) terms are in fact completely inconsequential, since the lack of any xx, xh, or xZ prop-
agators means that x never appears in any Feynman diagram. This further implies that all
the internal G,, propagators are G,, (never G,), cf. (112). Second, observe that each inter-
action vertex involves only a single factor of Q or R, whose expectation value vanishes by the
eom (99), (100). Therefore, we infer that only diagrams involving an even number of ver-
tices will contribute. Additionally, the component index must flip between G,, and Gy, Gyz,
or Gz, at the vertex; e.g., Q,—; = 20 couples to y,—5Y,—s = £%, and Q,—, = W couples to
Ya=1Ya=1 = hh. Furthermore, note that the component index flips (e.g., from y,_; to y,—,)
along all propagators except Gy,.

At a glance, it appears that the only N-dependence is in the coupling constants, such that
a diagram with 2m vertices will contribute at O(1/N™). However, in analogy with the O(N)
vector model, we must sum over any internal neuron indices, which implies that internal loops
have the potential to give rise to additional factors of N that disrupts this simple counting. In
fact, it turns out that the leading correction to the tree-level (MFT) result is due to an infinite
number of cactus diagrams that all contribute at O(1); we shall begin with these in the next
subsection.

Therefore, working to second-order in the expansion of tanh (but keeping terms only up
to quartic order in h, x; see above), we have the following Feynman rules for the theory:

* h(t) propagating to h(s): Gp(t—s) = t ———>—on-—35

* h(t) propagating to £(s): Gpz(t—s) = t —>— s
* Z(t) propagating to h(s): Gz(t—s) = ¢ > 5
- t1 i3
* 0(ty,t,) propagating to W(ts, t4): G, (t1,ty,t3,t4) = ts ————— ty
t1 \
v t
° 3-pt vertex W(tg, t4)h(t1)h(t2): q12(t1, tZ’ t3’ t_'4) = / tz

to
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t1
. - i3
® 3-pt vertex w(tg, t4)Z(f1)Z(t2): q21(t1, tz, t3, t4) = ta
ta
t1

t3

\ t
v

* Consider all possible arrangements at the vertices; e.g., include a copy of the diagram
with go1(tq, ty, t3, t4) = qo1(ta, tq, ts, t4) only if this produces a distinct diagram.

* 5-pt vertex W(ts, t.)h(t1)h(t5)%:  qp,(t1,ta,t3,4) =

* Combinatorics: consider all possible ways to contract internal legs; e.g., in the 5-pt
vertex q;,, we can form loops by connecting pairs of incident h legs in 3 different ways,
cf. (124).

* For each internal loop with a free neuron index, we have an additional factor of N.
* Add the contributions of all diagrams that contribute at the desired order in 1/N.

Some comments are in order. First, note that in all cases, we have used solid lines for the
“physical” fields h, 20 ~ ¢(h)¢(h), and shaded lines for the auxiliary fields #, W. Second,
the double faded line indicating 20 propagating to W does not represent true propagation
per se, since G, is proportional to a product of delta functions. Consequently, the arrows on
the double lines are not meant to indicate physical propagation, but are merely visual aids to
help the reader trace the flow of fields through the Feynman diagrams, and may be chosen
accordingly. Third, note that the order of the arguments in the couplings q,q’ is important;
e.g., qua(ty, ty, tg, ts) ~ &(t; — t3)5(ty — t,) connects W(ts, t4) to h(t; = t3)h(t, = t4) as
drawn, while q15(tq, t1,t3,t4) ~ 6(ty — t3)0(t; — t4) swaps the attachment of the h legs, so
that W(ts, t,) connects to h(t; = t,)h(t, = t3). Lastly, as remarked in the introduction, the
double-line notation here closely resembles that introduced by 't Hooft [ 38] to model quantum
chromodynamics (QCD), and we will see deeper connections to the O(N) vector model in the
next subsection.

4.3 Linear models

To organize the presentation, we shall first consider perturbative corrections for linear models,
i.e., ¢(h) ~ h. That is, we consider only the leading term in the Taylor series (123). In this
case we have only the 3-pt vertices q,; in (141), which greatly simplifies the diagrammatic
expansion. In the next two subsections, we will compute both the leading O(1) and subleading
O(T /N) contributions to the two-point function (138). We will then generalize the analysis
to include the 5-pt vertices g, corresponding to the subleading h* term in (123) in subsec.
4.4.

4.3.1 Infinite O(1) cacti

As in the O(N) model [38-44], the leading correction to the tree-level propagator Gp(T)
comes from an infinite series of so-called cactus diagrams, each of which contributes at O(1).
Intuitively, these quantify fluctuations from typicality in the ensemble of networks, and vanish
in the limit where the ’t Hooft coupling UVZV — 0, as we discuss in more detail in sec. 5.
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Crucially, the contribution from these diagrams remains even as N — oo, and thus represents
an important effect in networks of arbitrary size.” The first three diagrams in the infinite
series, to linear order in ¢ (h), are illustrated in fig. 1. Note that in each case, we have N
choices for the neuron that runs in each loop, which precisely cancels the factor of 1/N from
each pair of vertices.

Figure 1: The leading correction to the MFT result is due to an infinite series of O(1)
cactus diagrams; here, we have illustrated those arising to first order in the expansion
of tanh, i.e., ¢ (h) ~ h. Each pair of vertices contributes a combined factor of 1/N,
which is cancelled by a complementary factor of N from the sum over an internal
neuron index, labelled by i, j, k.

To illustrate the computation of such Feynman diagrams for those to whom they may be
unfamiliar, let us proceed with maximum pedanticness on the first (one-loop) cactus. At that
point the pattern should become clear, which will enable us to swiftly evaluate all remaining
diagrams at this order. Label the legs at the lower vertex with times u;,...,u,, and those at
the upper vertex with times vy, ..., v, (we have suppressed these in the figure to avoid clutter,
but it is a trivial exercise for the reader to figure out where we put them). Note that we have
the freedom to attach the legs at the lower vertex in two possible ways: 20(us, u4)2(uq)Z(us),
or W(us, uy)Z(uy)Z(uq), which leads to a distinct Feynman diagram with an equivalent contri-
bution, so we have a combinatoric factor of 2. (For exactly the same reason, one obtains this
factor of 2 for each internal 20ZZ vertex, which one can visualize as the freedom to twist the
“stem” of the cactus 180 degrees around its vertical axis at each “bulb”. Note that we do not
have the freedom to rotate the top-most bulb, since this would produce an identical diagram).
Introducing an overall factor of N from the sum over the i neurons running in the loop, we
have

37This is the reason that MFT is generically not what one obtains from the CLT, contrary to some indications
in the literature. In the Ising model for example, MFT amounts to replacing each degree of freedom, together
with its nearest-neighbor interactions, with an effective degree of freedom - the so-called mean field — in which
these interactions have been averaged over. This ignores long range interactions which become important near
criticality, and is known to give incorrect results in low dimensions, while the CLT is agnostic about both.
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4
l_[ du; dv; ga1(uy, Uz, us, us)qr2(vi, a3 vs, v4)
i=1

O
X Gz (t —uy)Gpp(v1 —v2)Gap(uy — )G, (usz, ug, v3,v4)

4 1 o2
= ZNJl_ll duidvig W‘”S(ul—u3)5(u2—u4)
i=

14|02
X3 Ww5("1 —v3)6 (Ve — V4) Gz (t — uq)Gpp(v1 — v2)Gzp(ug —s)
x 26(uz —v3)0(ugs —v4)

= ovzvf du; duy Gps (t — up)Gpp(ug — ug) Gz (ugy —s)

= UEJ dt’dt” Gps(7)Ge(v")Gpp (v — 7' — 77

= 0, (Gps * Gy % Gz) (7)),
(144)
where in the penultimate step, we have made the change of variables
Ti=t—s, tv=t—uy, T =uy-—s, (145)

whereupon we see that the result can be expressed in terms of convolutions
(f = g)(7) = fdtf(r)g(t — 7). In the last step, we have used commutativity to reorder
the propagators in the order they appear as we traverse the diagram from t to s, purely for
illustrative purposes.

The general pattern exhibited by these cactus diagrams should now be clear.*® To simplify
notation, let us introduce ¢ := Gy,(7) as in our MFT treatment above, as well as f := Gy;(7)
and f := G;(7). An n-loop cactus diagram is then

cactus,(7) = GVZV” cx(f x f)™(1), (146)

where the exponent xn denotes that the base is convolved n times. However, since convolutions
correspond to products in momentum space, it is more convenient to instead work with the
Fourier transform

cactus, (@) = o2 c(w)[f (w)f ()]", (147)
where whether ¢, f, f are position or momentum space propagators will be indicated by the
argument (7 or w, respectively).

We can now sum the infinite series to obtain the correction from all O(1) cactus diagrams
in fig. 1. Including the bare propagator c(w) as n=0, we have

oo

Z cactus,,(w) =c(w) Z [Uvzvf(co)f(w)]n
n=0

n=0
s o2 n w? + 72
=c(w)2(—W) = (@) —,
=\ w?+y? w?+y2—02

38As we commented when writing down the Feynman rules above, the effect of the internal G,, propagator is
simply to connect the legs on the vertices at either end via delta functions; in the QFT literature, cactus diagrams
are often drawn without such internal propagators for this reason, but we shall continue to include them for clarity.

(148)
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where we have substituted in the momentum space propagators (120), and summed the geo-
metric series subject to the convergence condition

Uvzv <w?+7y2. (149)

Since w? > 0 and these diagrams arise at leading order in the Taylor expansion of ¢ (h), at
which UVZV off = UVZV, this condition is automatically satisfied at weak coupling. Indeed, we

observe that divergent behavior begins at precisely the tree-level criticality condition oﬁ/ =72

4.3.2 Infinite O(T /N) mushrooms

The subleading correction to the Gaussian propagator is the order at which we observe man-
ifest finite-width effects. Here we will also find that the more relevant expansion parameter
is T/N rather than 1/N itself, in agreement with [2]. We shall first detail the computation of
a generic, one-particle irreducible (1PI) O(T/N) diagram, and then use this to compute all
contributions (including non-1PI diagrams) to the propagator at O(T /N) below.

As before, we have an infinite series of diagrams with cubic interactions; examples with
one, two, and three loops are shown in fig. 2. Observe that in these diagrams, the propagator

Z N
./

i
L
=) i
i/ : :

N @

" i
KJ\)
t ﬂ s

n=3

J
J

Figure 2: The subleading correction to the MFT result is due to an infinite series of
O(T /N) mushroom diagrams. For linear models, the 1PI diagrams take the form
shown here. Note that we also have a second, virtually identical series with the
opposite orientation for the uppermost horizontal double-bar, or (in the case of the
bottom right diagram) the nested loop on the opposite side. Relative to the O(1)
cacti in fig. 1, the only difference is the so-called cap (hence the name) either at the
top or on the side, which requires us to regulate the integrals, thereby introducing
a factor of T. The cap also makes these diagrams 1/N suppressed, due to the extra
pair of vertices with no additional sum over neurons. Note that the second diagram
contains 2 loops, both diagrams in the third column contain 3, and the first diagram
contains no free neuron indices.
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that forms a closed/disconnected loop — which we call the mushroom “cap” — with one of
the double lines in G, will evaluate to G;;(0) = Gz,(0) = —1/2 (cf. (121), (122)) due to the
identification of its endpoints via G,,, which leaves a free integral over an internal time variable
that must be regulated, for a factor of T.3° Additionally, while in the cactus diagrams the factor
of 1/22 from each pair of vertices precisely cancelled the factor of 22 from the G,, propagator
(2 from the propagator itself, and 2 from the freedom to twist the stem), in the present case
we do not have the freedom to twist the G, propagator in the cap, since the result would no
longer be O(T /N). Instead, we have the option to change the orientation of the cap so that
the propagator, traversed clockwise, may be either f or f. The momentum space contribution
from a single n-loop 1PI mushroom diagram is then

2n
mushroom,(w) = —NGTWC(w)[f(w) + F(@)][f (@)f ()] (150)

By (120),

flo)+ o) = 2=+ o = = = arf(e)fw), asy

whence the previous expression simplifies to
T Y 2n r n
mushroom, (w) = N3 o c(w)[f (w)f (w)]". (152)
While it is possible to sum the infinite series to obtain the contribution from all 1PI mush-
room diagrams, this does not yet include all contributions at O(T /N), since we must also
consider non-1PI diagrams—in particular, those involving an arbitrary n-loop cactus, followed
by an n=1 mushroom (or the reverse). To accomplish this task, let us introduce the following

elegant recursion relation, as a warm-up for the nonlinear analysis in subsec. 4.4: let 4@—
represent the hh propagator including all O(1) and O(T/N) corrections, and denote its mo-
mentum space expression by X(w). The dots at either side of the circle are to indicate that the

latter subsumes half of the external legs, that is, that the external legs can be either c, or f, f.
The diagrammatic recursion relation for X (w) is then

AR
O O

(153)

where X© and XV respectively denote the O(1) and O(T/N) contributions to X in the ex-
pansion

T
X=x04 %X(l), (154)

where we have pulled out the factor of y simply to make T /N dimensionless, cf. (169). Note
that X includes the bare propagator, and that we can generate any O(1) or O(T /N) diagram

39That is, f jT/jZ dt f(0) =—T /2. We are then considering the perturbative regime in which T and N both go to

infinity with T /N < 1 fixed, which is the regime of practical relevance for modern deep neural networks; see [2]
for further discussion.
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by recursively substituting for X, X(©) on the right-hand side. For example, to generate an n=1
cactus, we place the first diagram on the right-hand side (the bare propagator) in the space for
X in the second diagram; we then take this diagram and substitute it in again to generate an
n=2 cactus, and so on. On the second line, the circles containing X (?) indicate that only O(1)
diagrams may be recursively inserted there, since the presence of the explicit n=1 mushroom
means that any further mushroom insertions would make the resulting diagram O(T?/N?).

Now, given the analysis of the 1PI diagrams above, the computation of this expression is
quite straightforward. Consider the second diagram on the right-hand side: this takes the form
of (147) with n=1 and c¢(w) — X(w). Similarly, the sum of the two diagrams on the second
line is given by (152) with n=1 and c(w) — X©O(w). Thus, (153) reads

2
X(@) = () + 03 f (@) (0X(0) + I 22 f (@)f (X O ), (155)

which we may solve order by order in yT/N. Expanding X as in (154) and solving for the
O(1) contribution, we find

w? +y?
2102 527
W+ ye—0s

(w)  _
1-02f(w)f ()

which is precisely the O(1) correction obtained in (148), as expected. We then use this to
solve for the O(T /N) contribution:

xO(w)=

c(w) (156)

XD(w) = vzv _ xO(p) = U—Vzvc(a)) w? + 72 . s
2[1—szvf(co)f(co):| 2 (w2 +72—02)?

We emphasize that this expression includes all perturbative O(T/N) contributions to linear
models (that is, to leading order in the Taylor expansion (123)), including diagrams involving
an infinite number of loops.

4.3.3 The loop-corrected correlation length

Adding the results (156) (equivalently (148)) and (157), we have thus found that the loop-
corrected two-point function in momentum space, to leading order in T /N, is

w? + 2 T Yo'vzv
X(w)zc(w)wZerz—az N2(w2+y2—02) |’
w w

(158)

where the tree-level propagator c¢(w) is given by (130) with 0'5/ off = O'VZV for linear models.

Performing the inverse Fourier transform, the result in position space reads

K _
OELLY: |T|/§°{1+Y25(2)+§OUVZV|T|

2
3 b laL+artg o) +(1 43 el]} a9

Yz 4 T 5 2
+E§0(2+Yﬁgoow)o-b,eff’

we have again taken i/, to be time-independent, with O'i’eff as in (136).

With the loop-corrected propagator in hand, we would now like to identify the correlation
length in the presence of both O(1) fluctuations and O(T /N) finite-width effects. At a glance,
this is obstructed by the mixed exponential and polynomial dependence on 7. However, as

explained at the beginning of this section, we do not require an expression for the correlation
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length valid at all times; rather, it suffices to identify an effective correlation length & that
governs the evolution of the correlator for small |7| (i.e., small perturbations about the critical
point, as in [17] and related works, as well as our MFT treatment in sec. 3).*° Thus, we
can identify a meaningful loop-corrected correlation length by first expanding the exponen-
tial in (159), collecting terms order by order in |7|, and re-exponentiating to obtain a purely
exponential term of the form e~ 17/E. To linear order in | 7|, we find

K 7’ 4 Too 2\ 2
X(T)N—£e_|f|/€+—£0(2+y—§00 )ab s (160)
2 2 N w €
where we have identified the loop-corrected correlation length

_&

£=5

[1+y2§g+g—§(1+3y253)£gafv]. (161)
Note that we have not included any contributions from the effective bias variance oi,eff in
the new correlation length, in order to clearly separate the corrections to the exponential vs.
constant term in the tree-level propagator (138). (Another way to see this distinction is that
the exponential pieces vanish as T — 00, and therefore including terms proportional to O'i’eff
in the loop-corrected correlation length would not recover the t-independent contribution to
(159)).

Let us make a few comments about this result. First, as expected, we observe corrections
to the correlation length at O(T /N) due to finite-width effects. Intuitively, non-Gaussianities
accumulate with depth as a result of effective intralayer interactions that can be seen to appear
in a manner precisely analogous to RG [2,19]. Conversely, increasing the width suppresses
these higher cumulants and brings one closer to the Gaussian result predicted from the CLT.
Observe however that taking T/N — 0 does not recover the tree-level result (137) (equiva-
lently, the MFT result in sec. 3), due to the presence of O(1) contributions. In other words,
this O(1) effect is independent of the network size, and thus represents an important contri-
bution even in the infinite-width limit. As will be discussed in more detail in sec. 5, the O(1)
corrections quantify fluctuations from typicality in the ensemble of random networks under
consideration; in the limit GVZV — 0, the weight initialization becomes deterministic, so the
MFT result (which ignores fluctuations about the mean) becomes exact. However, perhaps
surprisingly, we do not observe any shift in the critical point itself: since o, € R, the only
divergence in & is precisely the tree-level divergence y? = aﬁ/. We shall comment further on
this in the next subsection as well as in sec. 5 below.

4.4 Nonlinear models

In the previous subsection, we obtained the loop-corrected propagator to subleading order in
perturbation theory for linear models, for which ¢ (h) = h. In this subsection, we would like
to generalize this analysis to nonlinear models by including the second, h* term in (123), i.e.,
the 5-pt interaction g}, in (141). This allows an infinite variety of new Feynman diagrams that
contribute at all orders in T™/N" with 0 < m < n.*! In this work, we shall limit ourselves to
diagrams with m=n =1, as those with 1 <m < n are subleading in the limit N — oo with
T /N held fixed. We shall start in subsubsec. 4.4.1 by considering all additional O(1) cacti
that become possible once 5-pt interactions are included, and then do the same for mushroom
diagrams in subsubsec. 4.4.2.

40A sufficient but not necessary condition for this is | 7| < &,, which certainly holds near the critical point.
#IThis is an oversimplification, as there exists one particular 1PI diagram that contains a contribution at
O(T?/N), which can be accommodated with a constraint on ai o> as discussed below (167).
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Figure 3: A generic O(1) cactus, including both 3-pt (th) and 5-pt (Wh*) ver-
tices. Here we have a combined factor of 1/N'2 from the vertices, which is precisely
cancelled by the factor of N'2? from neurons running in the internal loops. In this
particular diagram, we have included two petals on the right-hand side of the cac-
tus (the internal ¢, propagators that begin and end at the same vertices), and four
branches (self-similar cacti whose would-be external legs form a loop at the vertex
where the child branch joins the parent).

4.4.1 Branching cacti

Observe that the inclusion of 5-pt interactions allows us to add up to one “petal” (a closed
hh propagator) or “branch” (a self-similar cactus with n > 1 loops) to any number of
W (t,s)h(t)h(s) vertices in fig. 1. A single specimen from the resulting infinitely-branching
forest of cacti is shown in fig. 3.

We thus have a recursive sequence of cactus diagrams, which we can evaluate using a
similar recursive approach to that in the previous subsection. Let represent the loop-

corrected propagator including all possible cacti, allowing both 3-pt and 5-pt interactions, and
denote its momentum space expression by Y ©(w). That is, we expand

yT

Y:ﬂ@+wym, (162)

cf. (154), where here we have used Y in place of X to denote the inclusion of the subleading
term in the expansion of the nonlinearity (123). Then the recursion relation for all O(1)

diagrams is simply
= — 4 + Yo . (163)

Implicitly, we also include a copy of the last diagram with the branch attached to the other
side of the stem.
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Now, the second diagram on the right-hand side is of course simply (147) with n=1 and
c(w) = YO(w). For the third, let us first consider the case in which we replace the Y(© in
the branch with the bare propagator, resulting in a closed hh propagator or petal. Since the
temporal endpoints are the same, this simply contributes a factor of —c; := —c(7 =0), where
the negative sign stems from the coupling q},, cf. (142). The factor of 1/3 in the latter is
precisely cancelled by the 3 ways to contract the two pairs of h-legs. Importantly, note that
the neuron index in the petal is the same as that in the adjacent loop; this can be seen from
the indices in (107). Therefore, while petalous vertices gain an extra loop, they contribute at
the same order as their apetalous counterparts in the perturbative expansion. Therefore, this
diagram - plus the copy with the petal attached to the opposite side of the stem — is given by
(147) with GVZV — —ZOVZVCO and c(w) = YO(w).

This lesson generalizes to the case in which the branch is a recursive cactus of arbitrary
complexity: the delta functions within it will collapse all times to those at the vertex at which
the branch joins the trunk, so that the entire branch is evaluated at T=0. Hence, the expression
for the third diagram on the right-hand side of (163) — plus the copy with the branch attached
to the opposite side of the stem — is formally identical to the petalous cactus just described,
but with 02 — —ZvaYO(O), where YO(O) := Y©O(7 =0) includes the bare propagator c,. The
recursion relation (163) then reads

YO(w) = c(w) + 62 f (0)f ()Y O (w), (164)
where we have defined the O(1) loop-corrected variance

62 = 02(1-2v"). (165)
Solving this for Y© and recalling from (151) that ff = (w? + y?)™!, we obtain the O(1)-
corrected propagator, including both 3-pt (h?) and 5-pt (h*) interactions:

a)2+y2

YO(w)=c(w)———.
(@) =c0)

(166)

Comparing this with (148), we see that the effect of the 5-pt vertex is to modify the effective
variance we defined in (126) to (165).

4.4.2 Branching mushrooms

As in the O(1) cactus diagrams above, the inclusion of 5-pt vertices again allows us to add
up to one petal or branch to any number of Whh vertices in fig. 2, so that we obtain an
infinitely-branching forest of mushroom diagrams similar to the generic cactus in fig. 3, but
which contain exactly one cap. Note that the cap need not be placed at the top of a stem, but
can alternatively occur on any internal loop, as illustrated in fig. 2.

However, there is an additional type of mushroom cap that becomes possible once 5-pt

2
interactions are included, which is given in (167). We have a factor of —%\/ % from the 5-

pt vertex, cf. g}, in (141), and a factor of %\/% from the 3-pt vertex as before. The two
internal h# propagators evaluate to f (7 =0)? = (—1/2)?. We have a combinatoric factor of
3 -2 from the 5-pt vertex (3 choices for which h to contract with 2, and 2 ways to connect the
remaining h’s to the two external lines, which accounts for the possibility of rotating the entire
diagram 180 degrees around the vertical axis), and an additional factor of 2 for the choice
of whether to connect the external lines to the bottom left or bottom right of the internal G,
propagator. Finally, we have a factor of T from the disconnected cap, and a convolution of the
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two external c¢(7) propagators. Note that there is no free neuron index, so that the diagram is
formally O(T /N). We therefore have

T 02

QD = —ﬁywc(w)z. (167)

This diagram presents an important subtlety: recall that the bare propagator (130) contains a
term proportional to ai o0 (@), where the effective bias variance is given by (136). Therefore,

the product c(w)? will contain a factor of §(w)? ~ §(0)5(w). This is an IR divergence that
arises from integrating the constant term over the entire depth of the network, i.e.,

T/2 T/2
215(0) = lim J dr e ieT = lim J dr= lim T. (168)

T—o0o —T/2 w=0 T—o0 —T/2 T—oo

As before, we must regulate this divergence by imposing a finite cutoff T, so that the above
diagram contains a contribution that scales like T2/N. At a glance, this appears pathological,
but instead highlights the fact that the weak coupling regime is governed by both crvzv and O'i ;
in particular, in addition to the convergence condition aﬁ/ < y? encountered above, we also
require oi < v2. To see this, observe that by dimensional analysis, the various components of
the action (106) have the following mass (inverse time) dimensions:

[h]=[2]=[¢]=0, [rl=lo,]=[op]=1, (169)

which further implies [X] = [X ] 1, cf. (92). Hence, expressing the constant (non-

exponential) term of c(w) as T § b o the 6 (w)? term in (167) under discussion reads

L% (ret) = () (2o (2 om, )

where on the right-hand side each factor in parentheses is dimensionless. Now, we see that
the (dimensionless) perturbative expansion parameter is yT /N < 1. As discussed above,
convergence of the infinite series of diagrams at each order demands weak 't Hooft coupling,
0,,/v < 1. The value of & itself is unconstrained. Therefore, consistency of the perturbative
expansion requires that o}, /Y < 1 to compensate for the fact that networks of practical
interest have yT > 1. Note that this constraint is not required for the other terms in (167),
which scale like T/N; for this reason, we will include the T2/N term at this order in per-
turbation theory under the assumption that oi’eff is sufficiently small, which can be seen as
completing the prescription of the weak coupling regime in the 2d phase space parametrized
by (05,, 02).%?

While the above exhausts the types of mushroom caps themselves which are possible at
this order in the expansion of the nonlinearity (123), it does not exhaust the possible types
of 1PI diagrams at O(T /N), since we also have the freedom to introduce internal pairs of hh
propagators connecting two different Whh vertices. In fact, we can replace any of these inter-
nal propagators with a recursive O(1) diagram, i.e., c(w) — Y (w). The 1PI diagrams which
contribute at order T™/N"™ with m =n are of the type shown in fig. 4. The key observation
is that in these four diagrams, these extra internal propagators connect two vertices with the
same internal neuron index, so they do not change the order at which the diagram contributes
in the perturbative expansion. Conversely, had we connected vertices in two different loops,
the internal neuron indices would be identified (since this cannot change along c.), which

“Note that O'b o includes the injection of constant data, which will have the same physical effect as a constant
bias variance when integrated over infinite depth.
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thereby removes a factor of N, so that the resulting diagram would be 1/N suppressed rel-
ative to the same diagram without that internal connection. By adding an arbitrary number
of these interloop connections to the generic mushroom/cactus diagram in fig. 3, one readily
sees the possibility to construct diagrams at any order in T™/N™ with 0 < m < n. Even this
does not exhaust the list of possible diagrams, since one can grow these interloop connections
into branches, and form nested loops of arbitrary complexity. However, all diagrams with con-
nections between different vertices, as well as all intervertex branches, will have m < n due to
the aforementioned identification of internal neuron indices, and are thus subleading in the
limit N — oo with T/N held fixed. For this reason (and to keep our analysis itself within the
metaphorical ordered phase), we shall limit ourselves here to diagrams with 0 < m=n.

Unfortunately, these last four diagrams are considerably more complicated than any we
have considered above, since they involve a mixture of products and convolutions in both
position and momentum space. Let us begin with the first, in comparison to the momentum
space expression (150): we have the same factor of —T /2 from the top-most f(0) = f(0)
together with the remaining (regulated) integral over 7 in the cap, and a net factor of 1/N
(1/N? from the vertices, and N from the internal neuron index). The two q,p vertices will
contribute a collective factor of (o,,/2)?, while the two q(’lb vertices will contribute (—o,,/3)?,
cf. (141). The G,, propagators themselves carry a net factor of 22, and the freedom to twist the
G,, in the stem contributes an additional factor of 2. Note that we do not have the freedom to
twist the horizontal G,, propagator, but can instead change the orientation of the cap, so that
diagrams with either f or f running along the underside top-most bulb are allowed. We also
have a combinatoric factor of 3! from the possible ways of connecting the three internal hh
propagators, and — as mentioned above — can insert a self-similar Y(©) to any of them. Finally,
the external legs contribute f f as before, so that

\ﬂﬁ = 2 L @ @PY @), az
where we have used (151).

For the next diagram in fig. 4, we again have a collective factor of o /(2232N?) from
the vertices, a factor of 23 from the two G,, propagators plus the freedom to twist the one
in the stem, an f f from the external legs, and f + f = —2yff (in momentum space) from
the possible orientations of the cap, and Y(©) in place of each of the internal ¢ propagators.
However, while the top-most propagator again evaluates to f(0) = f(0) = —1/2, we are not
quite free to integrate over the remaining vertex position (time), since this will be encountered
by the intervertex (Y x Y (®)(w) propagator, which will thus be evaluated at =0 (similar to

2 o 0 ©
f ] ] ]

Figure 4: Additional O(T/N) mushroom diagrams that become possible once 5-pt
interactions — corresponding to the second term in the Taylor series (123) — are in-
cluded. Note that since the extra internal ¢, (generically, Y©)(7)) propagators con-
nect two vertices through which the same neuron index already flows, they do not
change the order of these diagrams relative to the 3-pt mushrooms in fig. 2.
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how the delta functions collapse the temporal indices on the branches to X, Y, in the diagrams
above). Since Y(® x Y(© will generically be some sum of exponentials plus a constant piece,
this last is the only divergent contribution that requires us to regulate the integral, and hence
carries the sought-after factor of T. The other, exponential terms will carry no such factors,*?
and hence contribute at order 1/N in the expansion; we therefore drop them, and keep only the
constant x T part of this convolution, which we denote Tbg (so-named because the constant
part of the propagator is always the bias-dependent term). Additionally, the other difference
relative to the previous diagram is that in place of 3! from the intervertex combinatorics, we
have 2 - 3%: 3 for which of the legs from one vertex to connect with (3 additional choices for)
a leg from the other vertex, and 2 ways to connect the remaining two pairs. Thus, including
the overall factor of N from the internal neuron index, we have

T% = 410} B (@ (@)PY O (w). (172)

The third diagram in fig. 4 offers a moment’s respite: it is precisely the same as (172). We
thus move to the fourth and final diagram, which has —T /2 from the cap and a net factor of
Ujv /(2233N) from the vertices and neuron index as in the first diagram, and the combinatoric
factor of 23 -2+ 32 as in the second/third. As for the propagators themselves, observe that by
labelling the vertices on either side of the stem u;,us, and the vertex on the underside of the
horizontal G,, propagator u,, the two possible orientations of the diagram read**

f duy duy dusg £ (t —uy)f (ug — up)Y Ouy — )Y O (uy —ug)f (us —s)

(173)
= [f *(f . Y(O)z) «Y© *f] (1),
which one can see by traversing the diagram from left to right, and
f duy duy dus f (t — Ul)Y(O)(lh - Uz)Y(o)(uz - Ua)Zf(uz - u3)f(u3 —s)
174

=[f+YQx(y@* . F)xF] (o),

which one can see by traversing the diagram from right to left, with t «— s and u; < us.
Therefore,

2 _ _
- :—Zﬁoi{f*f*Y(o)*[(f +£)- YO} (o)

e ﬂ o (175)
= 4%}/01 {f x f Y@ s [(f +f)- Y(O)z]}(r)
2z 4£roztf(w)f (@) Y O() {YO(0) s YO(w)  [f (0)f ()]},

where in the last step we have Fourier transformed to momentum space. Prior to this, since
in the first line f + f is evaluated in position space, (121) and (122) imply

FO)+f(1) == ==2¢(f x f)(1), (176)

“3More precisely, the regulators in all convergent integrals are exponentially suppressed; see sec. 5.
4Recall from (112) that the temporal indices on either end of the G,, propagators are identified by virtue of the
delta functions.
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where we have used the identity (B.2).

With the form of these 1PI diagrams in hand, we can now proceed to consider all possi-
ble contributions to c(w) from both 1PI and non-1PI diagrams. To do so, let us extend the
diagrammatic notation introduced in subsubsec. 4.3.2 to include 5-pt interactions, so that

4@7 represents the loop-corrected propagator up to O(T /N) and subleading order in the

expansion of the nonlinearity (123), and denote its momentum space expression by Y (w), cf.
(162). We then have the recursion relation

-

|
®
©

T .

Let us consider the various contributions to this expression in turn. From our analysis in the
previous subsubsection, we know that the first two cactus-like diagrams are collectively given
by (147) with c(w) — Y(w) and ofv - 65V = 0'5/(1 —2YO(0)). Similarly, for the third cactus
diagram, we have c¢(w) — Y@ (w) (since allowing Y*) would make this diagram O(T?/N?))
and afv - —ZGVZV%YO(D; note that we are including both possible choices for the side at which
to attach the branches. The next two diagrams on the second row are collectively given by
(152) with n=1, ¢(w) — YO (w), and oﬁ/ - 63}. Similarly, the first diagram on the third row
is given by (167) with c(w) — Y©(w); note that there is no possibility to attach branches,
since the only explicit 5-pt vertex is already exhausted. Again, we are including both possi-
ble orientations for these three diagrams. Lastly, we have the four diagrams in fig. 4 with
¢(w) — Y(w) and no further branching possibilities, which we have already given in (171),
(172), and (175). Collecting results, we thus obtain the following recursive expression for
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Y(w):

T TO
Y=c+&2ffy—2l ZY(l)ffY(O)+Y Uff ©_1T % 02
N N 2y

(178)
yT - (1, - 3 - -
+4Fafvff {gff YO 4 2p2fF Y@ 4 YOy @ 4 y© *(ff)]} ,
which is readily solved, at least formally, to yield
_ r 5 o2
= o F e )
-0

gt (179)

+ 4_ 4ff |: Y(O)*S +2 b2 Y(O) + flf_ Y(O)(Y(O) * Y(O) % (ff)):| }’

where for compactness we have suppressed the «w dependence, it being understood that these
expressions are written in momentum space. The expression (179) is the analogue of (155) in
the presence of 5-pt (h*) interactions arising from the subleading term in the Taylor expansion
of the nonlinearity, cf. (123), and can likewise be solved order by order in yT /N. At O(1),
(179) reduces to
1 w? +}f
YO(w) = ———=c(w) = 5—F—5c(o (180)
(@)= {577 ) = ryai gz (@)
which is precisely the O(1)-corrected propagator obtained in (166), as expected.
At O(T/N), (179) becomes

-5

(181)
+40lff [ y©OF pop2y©@ 4 — Y(O)(Y(O) 2 Y (@ s (ff))} }
ff
with Y© replaced by (180), and where for compactness we have absorbed the pseudo-initial

conditions into
62 =62 402y =02 (1-27 -4y, (182)

w

where (“75/ was defined in (165). It then remains to compute Y@ 5 Y « (£ f), b(z), and y©*°
which we do in appendix B; the results are given in (B.14), (B.15), and (B.17), respectively.
The explicit expression for Y() that we obtain upon substituting these into (181) is however
exceedingly lengthy, so we refrain from displaying it here. Nonetheless, we now have all the
ingredients to obtain the loop-corrected propagator to linear order in T/N, cf. (162), which
enables us to define an effective correlation length in the next subsubsection.

4.4.3 The loop-corrected correlation length

Having computed the loop-corrected propagator (162) with (180) and (181), including both
the leading and subleading terms in the expansion (123) of the nonlinearity ¢ (h), we now wish
to repeat the analysis in subsubsec. 4.3.3, in which we identified a loop-corrected correlation
length by expanding in small |7|. That is, upon inverse Fourier transforming to

Y(o)=YO(7) + ;Y(l)(’t) (183)

we again obtain an expression involving multiple different exponentials. Following the logic
below (159), we therefore approximate the loop-corrected propagator for small | 7| as

Y(t)~Ae"VE 4B, (184)
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where the constants A, B are given by

T T
A=YO0)+ LvD(0)—B, B:= lim [Y(O)(T) + Y—Y“)(T)} . (185)
N oo N

and the loop-corrected correlation length at small |7| is
—— A _ A
Y @(0) + 8 yD(0) G YO(0)

(186)

where in the present case, one finds that 8|T|Y(1)(0) = 0. Note that taking the limit T — o0 in
B simply isolates the constant part of the corresponding expression, since all exponentials are
decaying. As above, the explicit expressions for the components of Y on the right-hand sides
of (185) and (186) are rather lengthy, but are given in appendix C.

As in the linear case, the correlation length receives corrections at both @(1) and O(T /N);
see the discussion below (161). To the extent of our knowledge, this is the first instance
in which these effects have been explicitly computed in the literature, though finite-width
corrections have also been considered in a closely related context in [2,7]. Again however,
we do not observe any shift in the location of the critical point itself: by examining the ex-
plicit expression for = in appendix C, one sees that the only potential divergences occur at

va’eff = ovzv(l —2¢o) = y? and 6V2V = ovzv(l —2Y0(0)) = y2 (cf. (126) and (165), respec-
tively). Since YO(O) is ¢g plus a (positive) O(1) contribution, ofv off > 65/. Therefore, when

A

— 2 52
65, =7, 0

2 . . .
wett > V5 and we are no longer in the weak coupling regime. In other words,

in the phase space parametrized by (ofv, olz)), the line évzv = y2 lies further to the right than
the line avzv’eff = y?2, past which the expression for the two-point function becomes complex.*
Note that, as we discussed in subsec. 4.3.1, this does not imply that the true critical point
does not exhibit a shift (and indeed, empirical observations demonstrate that there are sizable
corrections to the result from the CLT; see, e.g., [17, 18]), but simply that the critical point
happens to lie at the edge of the strong coupling regime at which the present perturbative
treatment breaks down. It would be very interesting to understand this more thoroughly, and
to explore whether this approach can be further improved to go beyond this limitation.

5 Discussion

In this work, we have explicitly constructed the quantum (statistical) field theory correspond-
ing to the general class of networks described by (1), which includes both RNNs and deep
MLPs. Relative to previous works on the nascent NN-QFT correspondence that take a phe-
nomenological perspective, we have pursued a more fundamental or bottom-up approach,
using well-known methods in statistical field theory to derive the partition function for an en-
semble of random networks. This has led us to several intriguing parallels with well-studied
O(N) vector models and the perturbative expansion in Yang-Mills/QCD, and it would be inter-
esting to study these formal similarities in more detail. For convenience, we have summarized
the elements of the NN-QFT dictionary in appendix A.

At a physical level, the interpretation of the O(T /N) corrections is fairly clear. As expected
on general grounds, and explored quantitatively in [2,5,7], the Gaussian (N — o0) limit does
not suffice to describe real-world networks at finite width, whose distributions (i.e., actions)
include effective interaction terms corresponding to higher cumulants. These finite-width ef-
fects are of both theoretical and practical relevance, and the depth-to-width ratio T/N was

“*°As for the denominator, any zeros would require 62 = o2 o> in which case the equation is invalid, since this

would imply the existence of degenerate poles in the momentum space expression.
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identified as an important emergent scale in [2]. Note however that, as mentioned in sec. 4.4,
we can in fact have corrections at any order in T™/N" with 0 < m < n. While those with m=n
—such as the O(T /N) term that we have computed here — will dominate in the N — oo limit,
terms with m # n can become comparably important in networks of finite size; for example,
if T ~10 and N ~ 100, then O(TS/N3) ~ O(T/NZ). Physically, the effect is the same: non-
Gaussianities accumulate with increasing depth, and are suppressed with increasing width.
However, this suggests that the precise interplay between the two may be more subtle.*®

Additionally, we have identified a dominant (O(1) correction that persists even at infinite
width. It is unclear whether this is implicitly included in the results from the central limit
theorem (CLT) in [17,29] and related work, but regardless represents an important and novel
contribution in the field-theoretic approach. While we have not proven this,*” we expect —
based on consistency with the CLT, i.e., the vanishing of interactions in the N — oo limit —
that the O(1) contribution does not alter the Gaussian nature of the distribution, and instead
merely changes the variance from (126) to (165). Therefore, at a physical level, the O(1)
contribution does not represent bona fide interactions per se, but rather quantifies fluctuations
from typicality in the ensemble of networks.

To see this, note that since we are working in Euclidean signature, our action is propor-
tional to B ~ 1/k, where B is the inverse temperature.*® As in the O(N) model, the ’t Hooft
coupling o, ~ h in order that the action be dimensionless, and thus higher-order terms in
the perturbative expansion carry more factors of 4. In QFT in Lorentzian signature, this re-
flects the fact that loops represent quantum effects, with the order of the loop diagram in
some sense quantifying the distance from classicality at which that effect arises. For QFT at
finite temperature, i.e., statistical field theory, o, ~ 871, and the loops can be understood as
thermal (statistical) fluctuations around the zero-temperature (o,, — 0) background. The ’t
Hooft coupling thus controls the size of the quantum/statistical fluctuations, so that the classi-
cal/MFT result is recovered in the limit when the weight initialization becomes deterministic.
We emphasize again that this O(1) effect is present even when T /N — 0, as can be seen from
(161) or (186). That is, MFT is not obtained by simply taking N — oo, but rather by ignoring
all fluctuations, including both genuine interactions (which disappear in the Gaussian limit,
and are hence quantified by powers of 1/N) and thermal fluctuations (which are extrinsic,
i.e., independent of system size, and hence O(1)).

As mentioned in the introduction, the location of the critical point predicted by the
CLT (i.e., at N — oo) differs from empirical observations; see for example fig. 6 of
[18], in which the theoretical result — derived via the CLT, following [17, 29] - lies at
(olz),ovzv) ~ (0.05,1.76), whereas the empirical result for networks with N = 784 appears
to lie at (0127, avzv) ~ (0.05, 1.55). However, as we remarked beneath (161) and (186), we are
unable to observe a shift in the location of the critical point at either O(1) or O(T /N). In the
linear case, (161) does not exhibit any new divergences, while in the nonlinear case, the new
divergences in (186) lie to the right of the tree-level divergence, i.e., further into the strong
coupling regime; see the discussion at the end of sec. 4.4. In principle, we see no reason
that these finite-width corrections could not have shifted the edge of chaos to the left, into
the weak coupling regime. In practice however, this may represent a limitation of the present
perturbative approach.

There are many ways in which the first-principles approach pursued here could be further

4Note that since T is dimensionful, the depth of the network is measured in units of y, cf. (169); e.g., an MLP
has yT layers.

47 An in principle straightforward albeit computationally prohibitive way to do this would be to compute all (or
a convincing number of) higher-point correlators and show that they reduce to sums of products of two-point
correlators as per Wick’s theorem.

“Throughout this paper, we have followed the theoretical physics convention of working in civilized units, in
which fundamental constants such as A, ¢, Gy, etc. are unity.
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explored and improved. For example, we have only computed the (quantum-corrected) two-
point function (h(t)h(s)), whereas in principle there is no obstruction to computing higher-
point functions or more complicated observables of interest. This leads to the question of
whether such a theory is renormalizable: we have shown that the infinite series of corrections
to the two-point function converge at weak coupling only to linear order in T /N, and while
we see no obvious obstruction to convergence at higher orders, we have not proven that this
continues to hold. Should it fail, then we have an effective theory valid only for sufficiently
low-point correlators, to finite order in perturbation theory. By analogy, general relativity
provides an extremely useful effective theory of gravity in the weak coupling regime, but is
non-renormalizable, and hence breaks down at sufficiently high energies; the relevant question
is then whether the neural networks of interest happen to lie at the metaphorical black hole
singularity.

Arelated question is whether nonperturbative effects might extend this analysis beyond the
weak coupling regime, and in particular, whether these shift the edge of chaos or otherwise
contribute to the correlation length. The potential presence of nonperturbative effects was
examined recently in [56], which demonstrated that the exact output distributions for linear
and ReLU networks with zero bias exhibit heavy tails. Of course, for networks with sufficiently
small N (such at those with N = 1, 2, 5 illustrated in fig. 1 therein), we expect that perturbation
theory will cease to apply, since the network is no longer Gaussian in the first place. However,
while Gaussianity is recovered in the N — oo limit, one can see the appearance of heavy tails
for larger values of N (e.g., N = 100 with T ~ 1 in fig. 1 of [56]) that cannot be accounted for
by an O(1) effect of the type we compute above, i.e., a simple shift in the variance (note that
in the aforementioned figure, the finite-N curves intersect the Gaussian in two locations). It
would be interesting to study this in more detail, e.g., to quantify the minimum network size at
which the perturbative approach breaks down, or to investigate whether other nonperturbative
effects persist at large N.

Another interesting direction would be to study the renormalization group (RG) in this
framework. Empirical evidence [29] suggests that the critical point oﬁ/ off = y? is semi-stable:
it is attractive in the ordered phase, and repulsive in the chaotic phase. As discussed at the
beginning of sec. 4, infinitesimal fluctuations away from criticality in the latter will drive the
system to a new, infra-red (IR) fixed point at some smaller value of the coupling. Investigating
the RG flow of the theory, e.g., using the methods of [8], may lead to further insights about
the phase behavior of the system, and an understanding of the associated beta function would
provide a new and mathematically rigorous perspective on the notion of RG scale in the context
of hierarchical learning (see for example [18] and references therein). Additionally, since
networks tuned to lie at the edge of chaos exhibit marked advantages in training performance,
the ability to automatically induce a flow to the critical point would have great practical utility,
and potentially lead to significant improvements over current initialization schemes.

Of course, the utility of this approach must ultimately be borne out in experiments. For
example, it would be interesting to explore the extent to which the O(1) correction we have
highlighted might explain the large discrepancy between the experimentally observed corre-
lation length and that predicted from the CLT, cf. [17,18]. For nonlinear activation functions
¢ (h), one would like to quantify the relative importance of higher-order terms in the Taylor
expansion vs. higher-order terms in perturbation theory. More generally, it is necessary to

quantify the regime of T and N (or rather, yT /N), not to mention the 't Hooft coupling crvzv off

49 for which the results give good agreement with experiment. Additionally, note

2
and o beff?

“'Recall from the discussion below (167) that oi of TAUSE be sufficiently small to control the constant bias term,
and therefore the weak coupling regime may be thought of as a subregion of the 2d phase space parametrized by
(02,0%). That we must limit ourselves to small bias is however not surprising, since large o2 results in a strong

correlation between neurons, and hence places one deep into the ordered phase, cf. fig. 1in [17].
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that we implicitly ignored boundary effects except where it was necessary to regulate the di-
vergent integrals over T when computing mushroom diagrams. Strictly speaking, we should
keep T finite everywhere, but in convergent integrals this cutoff would be exponentially sup-
pressed, and hence is hierarchically smaller than the O(T /N) effects we have isolated. A
related point is our assumption of time-translation invariance; while we expect this to hold to
good approximation in the bulk (hidden) layers, it may break-down for observables computed
at the boundaries t = 0, T, cf. the relation to [2] discussed in sec. 1. While we have focused
on what we believe to be the dominant bulk (hidden-layer) physics here, a more careful treat-
ment of boundary terms may be required depending on the application. We hope to explore
some of these empirical questions in follow-up work.

In closing, we offer this work as a first-principles contribution to the rapidly emerging NN-
QFT correspondence [2,5-9]. While there is still much to learn, we believe this and similar
approaches from theoretical physics can shed light on the underlying mathematical principles
of deep neural networks, and have the potential to provide practical guidance for the devel-
opment of more sophisticated machine learning techniques.
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A The NN-QFT dictionary

As explained in the introduction, we have generally used the phrase “NN-QFT correspondence”
broadly to refer to the general philosophy of using techniques and ideas from QFT to under-
stand deep neural networks. However, we have gone beyond previous works in directly con-
structing a bona fide field theory, allowing us to precisely identify various elements on either

side of the correspondence:*°
[ NN [ QFT [ comments
width rank of internal symmetry group, N dimensionless
depth dimensionless time, yT y required to make dimensionless, cf. (169)
layer of activations N-component field h cf. footnote 12
O'ﬁ’ ’t Hooft coupling cf. (92), weak coupling O'ﬁ, <y?
O’i auxiliary coupling cf. (94), (170); weak coupling O'zT < )/3 (nonlinear models)
depth/width perturbative expansion parameter, yT /N | dimensionless
statistical fluctuations O(1) effect leading perturbative correction, cf. sec. 5
finite-width effects O(yT/N) effect subleading perturbative correction, cf. sec. 5
trainable depth scale correlation length & cf. (137), & — oo at criticality

S0Here, we use the term “layer” to refer to either a single layer of an MLE or a single timestep of an RNN. “Width”
then refers to the number of neurons N per layer; see the comment below (3). Let us also reiterate that the basic
tools used in our construction are not new, and can be traced at least back to the work by Sompolinsky [36,37];
nonetheless, the correspondence has not been explicitly stated in these terms.
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Let us add a few comments about this NN-QFT dictionary. First, as remarked in the main
text, the perturbative analysis applies in the regime T,N — oo with T/N < 1 fixed. This
agrees with previous results [2] that the behavior of the network is controlled by the ratio of
depth to width, rather than either of these parameters independently: if N — oo with T fixed,
the network becomes a Gaussian process (i.e., we turn off interactions), but is effectively shal-
low; conversely, if T — oo with N fixed, we lose all control of the perturbative expansion (i.e.,
effective interactions become too strong). As emphasized in [2], networks of practical interest
typically have small depth to width ratios, and therefore we expect real-world networks to
fall within this perturbative regime. (Note that T also serves as an IR regulator on otherwise
divergent integrals, cf. footnote 39).

However, our analysis has uncovered an ambiguity in the “infinite-width limit” as pre-
sented in the literature, namely that previous works have often conflated MFT and the CLT. As
mentioned in the introduction, and in more detail in footnote 37, these are generally inequiv-
alent. In the present case for example, the MFT (i.e., tree-level) result is not recovered in the
infinite-width limit, since the (1) correction is independent of N (i.e., intensive, as opposed
to extensive). See sec. 5 for further discussion of the physical interpretation of the O(1) and
O(T/N) contributions.

As an additional constraint on the validity of our analysis, we found that ofv (and, in the
case of non-linear models, also 0127) must be sufficiently small in order for the infinite series
of Feynman diagrams appearing at each order in the perturbative expansion to converge, cf.
(149) and (170). This is consistent with our observation that Oﬁ/ plays the role of the 't Hooft
coupling, since the latter controls the weak/strong regime in Yang-Mills theory: perturbative
quantum field theory of the kind we explore here is only tractable in the weak coupling regime,
ie., avzv < y2. Atapractical level, this implies that our perturbative analysis can only be applied
to the left of the critical point in ai, and breaks down precisely when aﬁ/ = y2. For non-linear
models, there is an additional constraint that 0% be sufficiently small to avoid an IR divergence,
but this is less restrictive, since networks of practical interest typically have 0127 <72

Finally, we emphasize that the continuum limit is taken in the layer index, not the neural
index, as explained in footnote 12. There is no meaningful notion of distance within a given
layer. However, there is a meaningful notion of distance between different layers, since the
networks under study do not admit skip connections; i.e., layer 1 is “closer” to layer 2 than it is
to layer 3, and any effects of layer 1 on layer 3 are mediated via layer 2. At a technical level, this
is the reason that T has units of length in our analysis, while N remains dimensionless, hence
the appearance of y in the dimensionless expansion parameter yT /N (in contrast, both L=T
and N are dimensionless in [2], no continuum limit was taken, and there is no field theory).
Physically, this gives rise to the correspondence between a single layer of N neurons in the
network, and an N-component field in the QFT. Hence we have (0+1)-dimensional field theory,
consistent with the dimensional analysis in (169). The interaction between components as the
field evolves in time (i.e., in subsequent layers) is ultimately responsible for the N free neurons
running in the internal loops of the Feynman diagrams discussed in sec. 4.

A.1 Simplifying assumptions

Throughout this work, we have endeavored to be as explicit and as general as possible; how-
ever, we have made a number of technical assumptions along the way, most of which can be
grouped into two broad categories:

1. Conditions which are required for our approach to hold on mathematical grounds (e.g.,
for convergence), and

2. Assumptions which are not strictly necessary, but which facilitate obtaining closed form
expressions.
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The first category includes conditions which are necessary for our approach, based on
perturbative quantum field theory, to hold in general. Perhaps the most central is that T and
N are both large, with yT/N < 1 held fixed, since this is the dimensionless parameter that
controls the perturbative expansion. Fortunately, as we have emphasized in the main text
as well as when discussing the NN-QFT dictionary above, this is the regime of most modern
deep neural networks used in practice; see also [2]. The second most important condition
is that of weak coupling: as mentioned in the introduction, crvzv plays the role of the ’t Hooft
coupling, and hence we expect perturbative QFT of the kind we explore here to only be valid
in the weak-coupling regime. This expectation was borne out in (149), i.e., ofv’eff < y?in
general. Furthermore, we discovered that for non-linear models, the weak-coupling regime
must be further specified by a constraint on ai, so that it describes a subset of the 2d phase
space parametrized by (afv, 0127). This can be traced back to (167), which naively appears to
contribute at O(T?/N). However, the ensuing dimensional analysis reveals that this diagram
is effectively O(T /N) provided that O'Z,effT /r? < 1.

In (128), we have restricted to the case where the stochastic function g(7) is constant, and
absorbed this into x. While this is not strictly necessary for the single-copy theory, it would be
unusual for the stochasticity to depend on the current state of the system. In any case however,
it is necessary for the double-copy analysis in sec. 3 that the stochasticity be common to both
copies, which generically cannot hold if it depends on the states, cf. (55). If this were not the
case, then the systems would deviate due to the different stochasticities even in the ostensibly
ordered phase.

Turning now to the second category above, let us briefly summarize the various simplifying
assumptions here, in roughly chronological order:

* In (15), we have chosen to work with (Gaussian) random networks largely for analytical
tractability, since the Gaussian form of the initializations allows many integrals to be
performed analytically. We note however that this class of networks is a standard ansatz
in the literature, e.g., [17,29], and in any case the distributions will be Gaussian at large
N due to the CLT.

* To simplify (22) and related integrals, we have further taken the means of the initializa-
tions in (15) to be zero, again consistent with the cited literature.

¢ In (33), we chose the stochastic increments to also be i.i.d. Gaussian with zero mean.
In principle however, one could consider other forms of stochasticity; see [51] and ref-
erences therein.

* In solving for the Green functions, we assumed that the system exhibits time translation
symmetry, cf. (40). While this seems like a strong assumption, we expect it to hold to
good approximation in the bulk of the network (i.e., away from the boundaries), where
our analysis is concerned; see sec. 1, in particular footnote 2.

* In the perturbative analysis in sec. 4, we have set A= B = 0 in order to focus on the core
elements of the theory. As seen previously, these can in principle be treated analogously
to W and U.

* We have set the vevs in (102) to zero, as this is the simplest solution to the equations of
motion. However, other, more complicated vacua may exist; we hope to explore this in
future work. Similarly, we have chosen the data to also have zero vev, though this is an
external parameter that one can fix based on the dataset in question.

* In the course of solving for the propagators, we have taken {l, to be constant, cf. footnote
36. This has the effect of modifying 0% to 0% o An equally simple alternative would be

to set ﬁo constant, which would modify «, cf. (130).
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Another important restriction on the generality of our perturbative treatment is that we
have restricted to tanh as our activation function. As discussed in [2] (see in particular sec.
2.2), in order to achieve criticality, we desire an activation function which is smooth, and
which passes through the origin, i.e., ¢(0) = 0. While there are other activation functions
which posses this property (e.g., sin, SWISH, GELU), none are as widely used as tanh; insofar
as the latter captures the key properties we wish to explore, we have limited ourselves to
¢(h) = tanh(h) for concreteness. This however is not strictly necessary, and it would be
interesting to consider other activation functions in this context. An alternative route would
be to simply work with a generic Taylor expansion®!

d(M)=h+hr2pP0)+hr2pP0) +..., (A.1)

where we have taken ¢ (®)(0) = 0 for reasons just explained, and rescaled so that the coefficient
of the linear term is unity. The case considered herein then corresponds to taking ¢ *(0) =0
and ¢®)(0) = —1/3, and dropping all higher powers of h. As discussed below (139), these
are negligible for activation functions of this type.

B Convolution identities

In this appendix, we evaluate the convolutions that appear in the perturbative (finite-width)
corrections to the correlation function in subsec. 4.4.2. Specifically, to evaluate (181), we
require Y@ « Y x (f f)(w), b2, and Y

Let us introduce the convenient shorthand notation

Lw)=—— = f—l(cx)=§e—|fl/X, (B.1)

where F ! is the inverse Fourier transform; for compactness, we will often suppress the argu-
ment of £, it being understood that this function acts on momentum space. We now begin by
collecting a few useful identities that will enable us to straightforwardly evaluate the rather
complicated expressions for the various convolutions in the main text above. First, consider
the convolution

(L L)) = FIF L) F L] = %f[e—lfl/(%)] _Xx JZ“V Lxy (@), (B2
x+y

which follows from the convolution theorem and (B.1). Next, consider the convolution of L,
with the product

x2y?
Lo L, (w)= ryz(cx—zy)(w), (B.3)
which is a trivial application of (B.2):
1 x2y2
Lo (LyLy)(w)=2 (x+2)Lxz —(y+2)L yz |(w). (B.4)
2 x? _y2 x+z y+z

Lastly, observe that convolving with 27t6(w) is the identity operation; that is, if g(w) is an
arbitrary smooth distribution on momentum space, then

de’

glw)*2md(w) = ZRJ >

- g(wo(w—ow')=g(w), (B.5)

where the (275)_1 in the measure is due to our Fourier conventions in (117). Note in particular
that this formula applies for g(w) = 6(w).

51We thank Harold Erbin for this suggestion.

56


https://scipost.org
https://scipost.org/SciPostPhys.12.3.081

Scil SciPost Phys. 12, 081 (2022)

Expressing YO (w)

In the notation (B.1), the bare (tree-level/MFT) propagator c(w) given in (130) may be written

1
c(w)=xLe + 27[5(0))5% O'i’eff, £pi= ——, (B.6)

2_ 2
Ve Oy et

where as in the main text we have taken ai off O be time-independent. The O(1)-corrected
propagator given in (180) is then

G2ff
YO(w) =(1 + ﬁ) c(w)=(1+62L¢, ) c(w)
1-62ff (B.7)
IKﬁgo +x éﬁzﬁioﬁil + 27r5(w)§§(1 + 6%551)05’&,
where we have defined 1
Epi=m ——— (B.8)

Vrr—62
Observing that §(w)Ls, =& % and applying (B.3), we may express this as

YO(w) (1 it )c KO L +216(w)E2(1 +E262)0?
w)=k|l+—F""— - +21mo(w +E&16%)o
n £ A 3 b,eff
oL~ 0L) 0 ok g—62 0 R ¢ : X°)

=tagLe, + a1 Le, +2Tas 6(w),
where we have used the fact that
gagl 1

2_ g2 2 _ A9’
5O g1 Gw,eff O-w

(B.10)

On the second line of (B.9), we have defined the coefficients a, for later convenience.

Evaluating (Y© « Y(©)(w)
With the above expressions in hand, consider the convolution

(YO uvO)(w) =al(Le, * Le )+ a2(Le, * Le ) (w)+2a9ay(Le, * L )(w)
+4nagas(Le, * 0)(w) +4najas(Le, *6)(w) + (2mag)?(6 x 8)(w),

(B.11)
with the coefficients a, defined in (B.9). Applying (B.2) and (B.5), this becomes
(YO 5y @) (w) =a(2)<§0 Le o+ 0%51 Le 2+ aoai1(Eo+E1) L gz,
Sot+ér (B.12)

+2apas Le, +2a1a5 L, + 27'ca§ o(w).
We can now use this expression to evaluate the three desired convolutions mentioned at the
beginning of this appendix.
Evaluating (Y % Y(© « L) (w)

In the notation (B.1), f(w)f(w) = Ly, cf. (151). Hence, to compute YO Y@« (fF) in
momentum space, we simply convolve each term in (B.12) with £, Jy- BY (B.2), this will result
in convolutions of the form

yx+1

1
(Ly* Ly )(w) = E(x +1/y)L_x . (B.13)
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We then immediately obtain

(O 5 YO £,),)(@) = 22(E + 2/ g, +2(E+2/NAL e,

YEot+2 r&+2
+(Eo+1/Magasl &, +(E1+1/y)ajasLl ¢, (B.14)
7Eo+1 r&1+l

1
+2—(y§0£1+€0+§1)a0a1£ Eo&1 +a§'£1/y'
14 Y&o&1+E0+E1

Evaluating b’

Recall from the discussion above (172) that bg refers to the non-exponential part of
(Y©® % Y(©)(w), evaluated at T =0. That is, we keep only the term in F (Y@ % y(©)(7)
that requires regulating by imposing a cutoff as in footnote 39. From the form of (B.12) and
the inverse Fourier transform (B.1), we see that the only term that thus contributes is propor-
tional to §(w), hence:

by =F ' [21a}86(w)]|,_ = E§oF (1 + G2EDY, (B.15)

where we have substituted in the coefficient a5 defined in (B.9).

Evaluating Y@ (w)

Finally, to evaluate (Y@ % Y(® 4 Y(®)(w), we must convolve (B.12) with (B.9):

Y(O)*?:

(@) =&0ag Lz * Lo, +81a5 Lo,y % Le, +Eoagay Ly Lo, +E1a0a3 Le, o+ L,
+ 2a(2)a5 L, Le +4apaias L * L, + 2a%a5 L *Lg,
+(Eo+E&agay Loy x L ge, +(Eo+E1)agai Lo * L gye,
Eot&1 Eot&1

+ 67'ca0a§ Le %6+ 6na1a§ Le %6 +21&, a§a5 L jox6 +218, a%ag Le jox6

+2n(&g + &1)aga; as Eggoggl *0 + (27‘5)2a§ O0%6.
otc1

(B.16)
Applying (B.2) and (B.5) as before and collecting terms, this becomes
yO3 () =3e243 2 26203 £, 0+ 380 a2as Le, o + 381 a2y L
(@) =7 85a5 Ley/s + 78107 Loy 3 +380agas Leyj2 +381 0705 Le, g2
+3a9a; Lo, +3a1a; Lz +3(Eg+E1)aoa a5 L gy,
Eot+&1
+ = go(go + 2(51)610611 L &o&1 + 4€1(€1 + 2§O)a0a1 L _&o&1 + 271:(15 5(0))
Eot+28; &1+2&,
(B.17)

The convolutions (B.14), (B.15), and (B.17) can then be substituted into (181) to obtain
an explicit expression for Y (w).

C Explicit expressions for the loop-corrected propagator
In this appendix, we collect the explicit expressions for the various components of the loop-

corrected propagator Y (7) and associated correlation length Z in the nonlinear case, in the
small-| 7| approximation (184):

Y(t)~Ae"VE 4B, (C.1)
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where the constants A, B were defined as

T T
A=YOW0)+ ZyW(0)—B, B:= lim [Y(O)(T) + Y—Y(l)(T):| , (C.2)
N T—00 N

and the loop-corrected correlation length is

-, A

where Y(O)(T), Y(l)(T) are the inverse Fourier transforms of (180) and (181), respectively.
The former is straightforward and relatively compact:

1
YO() = E(aogo e I71/C0 4 q 8, e—ITI/El) +as, (C.4)

where the coefficients a,, a;, and as defined in (B.9) are

A2
o
. w — 2 2 42y .2
ag =K\ 1+ —5——+1, a; ’=K—agp, as = EG(1+&E76,)0% o> (C.5)
O-w,eff_o-w ’

and &, £; were defined in (137) and (B.8), respectively,
1 1

So = —F/——, &= —/—,
2 /2 _ 52
Yz_o-w,eff 14 O

with 62 = o2 (1 —2YO(O)) < 02(1—2c) = 02, cf. (165), (126). From (C.4), one readily

w,eff?

(C.6)

obtains the various Y (?-dependent terms appearing on the right-hand side of (C.2) and (C.3).
We note however that this is technically still only an implicit equation for Y(®)(t), since Eos
&, contain the pseudo-initial conditions cy, YO(O), which must be obtained self-consistently by
solving (C.4) for T=0.

Unfortunately, Y((7) is substantially more complicated, but can nonetheless be obtained
by using the shorthand (B.1) and associated identities introduced in appendix B to write (181)
as an expression linear in £, (w), each instance of which can then be trivially inverse Fourier
transformed to F1(L,) = %e"ﬂ/ X. After a great deal of algebra, we find that the constant
portion appearing in B is

243 242 2,3
a5, 2a9a;5E7 a; &y )

1
lim YW(7)=2¢2 (602 £28252 (}/( + +
T—00 61 b eff>0=1" weff r&0+2 v&u&1+&p+Er  réi+2

a0€<2J aléf 2 2 2 2
+4asy B+l T 7E 41 + 4a; —6a5yow’eff(a0§0+a1§1) (C.7)
56a3 02
+6—2W’eff — 3a§yTafV o T 3a5,u2) .
’Y bl

Note that the extra factor of T on the right-hand side appears multiplied by O.i,eff (via ag), the
smallness of which keeps the perturbative expansion under control; see the discussion below
(167).

As for the value at T =0 appearing in the coefficient A, let us express the five terms in the
inverse Fourier transform of (181) separately. Noting that

ff

ey SR A (C8)
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cf. (151), we find:

52 &2 of 20055
7?1 [»CEIY(O)(CO)] )TZO = ?gi(go + ‘51 + algl + 4a5) > (Cga)

=0

2
g
T [£1/3Le, Y ()]

2
Do (4a2e3 (2 (2262 +1) +28, (8362 + £,) + €2)

327(E+E, )2
+32a5(E0 + £1)? (8262 + 1) (ap€2 + a1 82) + 8aga, £282 (28,5262 + 28, + £362 + 2&))
+ajE3(Eo+ &) (35%575[, + 4) +16aT(Ey + &) (gfafv + 1)) ) (C.9b)
454 1 (0)*3 _va( 8a5E7E5 48ajasE3Es
SO F | Ly LeY (w) == +
s et = 3 (re5-9)(&5-981) (185 —4)(&5-4£0)
B 6a(2)a1§‘1‘£(6) B 24a0a%§?£(5)
(50+§1)((Y2€%_1)€S_4€1€0_4€%) (50"‘51)(350+51)((Y25%_4)53_45150_5%)
96aya,a55TE7 96a,a3&, 64a3E?

_(250+51)((}’25%_1)53_25150—5%) - (l _Yz)(i 1 ) r?

&2 g
24 g1(y*ei-1)a
)2 72829

+
Y(Yz—é
+51 (267 —1)(ao(2&0 +£1) (y*E —4) &5 + 4as (1283 —4) &5 —481E0 — £3)) @}
(261 —4)((r2e3 —4) &§ — 4880 —€3)
(ao&2(4(r*eg —13y%E2 +36) a?

1

+
(Y6ES—14v4&¢ + 497282 —36) &2
+4apE, (r*E0—10v2E2 +9) a5 + 282 (Y &L — 5v2E2 +4)) (y2E2 —1))

a 2 272
+ +2 -1
(e -DE g, —a) (Pe-1a -2, —g) W a1

x((r’&3-1)&5—28.8-¢&3) &}

+agas(Eo+E&1) (1282 = 1) ((r2€2 —1) 82— 48,8, —482) 82 + 4a2 ((y?e2 — 1) &}
+(68, —6y%3) &5 + (1387 —5r%¢}) &7 + 12878, + 4¢1)))

3

(82— E2)(280+£1)(380 + 1) (82— 982) (82— 482) (y2£2—1)
x (688 +58,85 —29828% — 258383 +198462 + 20858, + 4£8) &2

—6a3 (y?&7 —1) (6£7 —&1£5 —58E1E5 +8ETE] + 368180 + 9E7)
x (a1(§0—2§1)(§0+2§1)2—16a5§1(§0+§1))£3

+24a, (v2E2—1) (88— 138282 + 3687) (48, (682 + 58,50 + &%) a2
_4a1(€0+§1)2(3€§_2€1§0_§%)a5_af(go_gl)gf(zgo+§1)2)€§

+a, &, (688 + 58,87 — 835285 — 705387 + 2808488 + 2458583 — 1678562 — 180878, — 36E8)
48a a8  16a%asE® Y )

7 (24058, (r*€1-1)

2_ 22 a2r2( 272
X (96615 320151 (Y 51 1)(15 361151 (Y El 1)))+ ')/2}-;%—1 4_Y2€% 9_)/2&%
(C.90)

800 b6 F " [L1jLe, Y]]

2 4oy o 200YE2(r&oE1+E0+E)  avEA(rE; +2) )
.9d
rzaﬁglaw((ﬂw1)(ysl+1)(50+51) (&, +1)2 o) (€.9d)
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40_‘%}]:._1 [»Cle(O)(Y(O) * Y(O) % ‘Cl/}/) ((,()):I ‘ . =

o ( 233 (161 = 0381 — 1) 5+ 4rEi80 +461) €5
4\ (1282 + 4780 +3) (1262 — 1) 2+ 4828, + 483)°
4a0a11<£‘1‘ ((51)/2 +2y — 5165,) E% +2(y&; +1)& + 51) 53
Y(r&o+1)2(y&1 + D(y&180 + & +281)(&1 + Ep(vE7 +2))?
+8aoa51<5%((r2£%—655§ —1)&82+2y828,+ £2) &¢
Y2(rEo+2) ((y262 — 1) 2 + 27828, + £2)°
( a8, (62— g+ 2+ 82((628] +83) 2 —28262 —1)) a2
+2K§1 — 3 5
(e3—-¢3) (r2¢e1-1)

1

_Y(Ygo +1)2(Eg—&1)2(&0 + E1)%(E1 +Ep(rE; +2))?
X (261061153(7’5150 +&+&1) (((6&,5? + 51))’2 + 2(5%‘5'3\, + 1)Y_ gﬂﬁ,) 58

+2(rE + 1) (8362 +1) &5+ (—(Y* —262) &3 —2vE3 +&,) E5 — 283 (yE, + 1)E— £3))

1
(8-l (e 1) g2+ areig, +4c2) (aptatrto + 28 ({(ongi+ 1) ~2810, 1) 85
+4y&3 (367 +1) &5 + (587 — &1 (v? —562)) &5 —4rgieo —4¢7)
1

TG A ra g Al

+4(6381 + &)y + 28767, +3) & (€] - 6187 + 4181 +3)))

_ 4ag

Y3(rEy +2)2(rE1Eo + Eo + E1)% (82— E2) (&, + Eo(yEy — 1))

x (a0r?83(r&o + )& (6287 +87)v* —28267 —1) &}

+2r82 (8262 +1) &3 + (282 — &7 (y* —262)) &2 — 218 — E1) (vE, +2)°

oy (1 + D) (1?82 —1) &3 + 27838, + £2) ((82(6283 + &1) — &) r? +2(82 (8262 +1) - &)y

2
407, e

S GEAL) Bt

402e an&2 a, &2 a2E3 2ana. E282 a2E3
’ Ysz(gi(é}agﬂy(%ﬁ)l+Y&ill)aaﬂ(}inZ+Y§1£z+12€f€1+Y51€+12D
x(£167,+1) &)
N 8ayazrET (8172 +2y —£162) &} N 8azr&s(y?e—06281-1)¢&;
Y?’(Y§1+2)2((Y§150+50)2—5%) y(yzgg—1)(y2g'{—1)2
2afkgs (r*E3 —0uEl + 4181 +3) &
v (r282 +4r8, +3) (E3(r&, +22 - &2)
LS 2(14615 R 51(_ agr(r&o+ V&3 _y51a1+a1)a5
wetf — Ow —;—YZ Y (r2€2—1) &5 +2r&38, + &3 Y1 +2
_151( ag(Y§0+2)5153 + Zaoal(Y§1§0+5o+51)€g + afi%(}f§1+2) ))Az
Y (282 —1) 82+ 4y828,+ 482 (r&o+ D(E1+&(r&1+2))  y2E83+4y& +3 "
2k&y ( Eo(réo +2)ag 2 (205()’50"‘1)_'_ ay(r€1&0+ &0 +&1) )a
(Gﬁ,,eff_éa,)z y(y2§§+4y<§0+3)§§ r2&0 (Y50+2)€% (r&; + D(r&180+ &0 +2£1) 0

4a§ a%&l(y&l + 2) 4a1a5(')/€1 + 1) ) 2 242 2 )
+ + + +1)— . (C.9¢e)
(rres—-1)&t  v(E0E+22 &)  r((GEi&+E)* &) (G5 +1)=8) )

o -6

+
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