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Abstract

Recently, deep neural networks have revolutionized various domains, primarily
due to their ability to consistently improve performance when scaling up resources,
including model size, data, and compute, a phenomenon formalized as scaling
laws. Yet, the theoretical basis of these principles remains unclear: why scaling
works and when it breaks down. We address this gap by analyzing the feature
learning dynamics of ResNets trained with SGD. In the joint infinite-width—depth
limit, we show that feature evolution is governed by a coupled forward—backward
stochastic system, which we term the neural feature learning dynamic system.
This framework clarifies the mechanisms underlying scaling laws and offers a new
mathematical tool for studying deep learning dynamics.

1 Introduction

In recent years, deep neural networks (DNNs) have achieved remarkable success across diverse
domains. A key empirical observation behind this success is that performance continuously improves
as resources—including model size, data, and compute—are scaled up, a phenomenon formalized
as scaling laws [19} [16]. These principles have guided the development of many state-of-the-art
large-scale models, often with hundreds of billions of parameters, including large language models
(LLMs) [4. 7, 29], vision transformers (ViTs) [8]], and deep generative models [[15} 25, 127]. However,
training these massive models is not without challenges. As models grow larger, they often encounter
severe training instabilities—such as loss spikes and exploding gradients [20, |6]. Furthermore,
they also exhibit diminishing returns in test performance, especially when data does not scale
proportionally [19,[16]]. These contrasting outcomes—breakthroughs on one hand and breakdowns
on the other—reveal a fundamental gap in our theoretical understanding: Why does scaling up
consistently improve performance, yet still collapse in some cases?

To approach this question, one widely studied framework is the Neural Tangent Kernel (NTK) theory.
In the infinite-width limit, DNNs trained with gradient-based methods evolve linearly around their
initialization, becoming kernel machines governed by a fixed NTK [18]. This connection helps
explain why sufficiently wide networks can perfectly fit training data while still generalizing well
[L, 22]. However, NTK theory captures only the so-called lazy training regime [, [31], where
parameter changes are limited and features remain largely fixed. Consequently, the NTK framework
cannot account for the rich representation learning that underlies key paradigms of modern deep
learning, such as parameter-efficient fine-tuning [17], in-context learning [4}[9], and chain-of-thought
reasoning [30].

In contrast, a complementary line of work studies feature learning (FL) regimes, where neural
networks actively learn features even at scale. The maximal update parameterization (uP) framework
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[34] introduces a general scaling rule that preserves nontrivial FL as network width grows. Notably,
1P enables hyperparameters tuned on small models to transfer reliably to larger ones [35]], a critical
advantage for large-scale training. Despite these advances, most existing analyses in the FL regime are
restricted to shallow networks and thus cannot fully capture how features evolve in deep architectures.
This limitation is important because the success of deep learning is widely attributed to depth 2} 21]].
While recent work has begun exploring the role of depth [36, 3], our theoretical understanding of
how depth shapes feature learning dynamics in ultra-deep networks remains limited.

To address the gap in understanding scaling laws, we extend the FL perspective by analyzing feature
learning dynamics in the joint infinite-width and infinite-depth limit (henceforth referred to as
the joint limit). Our analysis focuses on randomly initialized residual networks (ResNets) trained
with stochastic gradient descent (SGD), a dominant architecture in large-scale models [13} 18, 28]].
In this limit, we show that forward feature propagation in ResNets is described by a stochastic
differential equation (SDE), where depth plays the role of a continuous time variable; during training,
backpropagation induces a feedback process—modeled as a backward SDE—that continuously
reshapes the forward SDE by modifying its drift and diffusion terms.

This SDE-based perspective provides a principled understanding of the mechanisms behind scaling
laws: scaling succeeds when finite networks closely approximate the SDE limit; it fails when
convergence to this limit breaks down. Additionally, the coupled forward—backward SDE system,
referred to as the Feature Learning Dynamics System (FLDS), also provides a mathematical foundation
for future theoretical advances in studying training behavior and scaling effects beyond the lazy
regime. Our contributions are summarized as follows:

» We first analyze ResNets in the joint limit at initialization and prove that the pre-activation design
is inherently more stable than the post-activation designE] as the latter can diverge with certain
activation functions (e.g., ReLU).

» Under the pre-activation design, we show that as width and depth both tend to infinity, feature
propagation in ResNets converges to a forward SDE. This convergence holds regardless of the
relative scaling rates of width and depth, establishing their commutativity.

* During training under pP scaling, we show that the forward SDE is dynamically reshaped by a
backward SDE induced by backpropagation. Together, these coupled stochastic processes form the
Feature Learning Dynamics System (FLDS).

* We revisit the gradient independence assumption (GIA)—commonly valid at initialization in
the infinite-width limit, where forward weights W and backward weights W T are treated as
independent. We show that this assumption, which generally fails during training at finite depth,
becomes valid again in the infinite-depth limit.

2 Preliminaries

Depth-adapted ResNets. Give € R?, we consider a ResNet defined through a residual stream:

f@:0)=2v"hy, hy=he1+ /L Wip(hi—1), ho= % Uz, (el[L], (1)

where ¢ is an activation function, U € R"*?¢, W, € R™*", and v € R” are trainable parameters.
These parameters, denoted collectively by 8 = vec(U, {W,}, v), are randomly initialized [10, 12]:

Vi, Wg’ij, Uij li\(/i N(O, 1)

Given a loss function £, we train the ResNet f via gradient descent (GD) o+ — gk) _
nVeL(f*) y*), where f¥) = f(x*);0%*)) is evaluated on a single data point (z(¥),5*))
sampled at iteration k by following the standard in the Tensor Program (TP) literature [34} 35} 136] to
simplify the analysis in the mean-field dynamics.

Tensor Programs and ;P Parameterization. The TP framework [32| [34] provides a unified
language for expressing the forward and backward computations of neural networks and analyzing
their infinite-width limits. Formally, a TP is a sequence of vectors recursively computed from an initial

2Unless additional corrective operations are applied (see, e.g., [36]).



set of random parameters using basic TP operations (e.g., MatMul, Nonlin, Moment). Importantly,
TP remains valid during training, when the recomputed vectors are expressed via valid TP operations.

A central theoretical result of TP is the Master Theorem [34, Theorem 7.4], capturing the mean-field
behavior of program variables. Specifically, for a finite set of program variables {h,}}., € R™ and a
sufficiently regular function ¢ : RM — R,

n

Zzp(hl@...,hM,i) S E[p(Z™,...,Z2")], asn — oo, )
i=1

1
n

where Z"+ denotes the mean-field limit of h,. This characterization enables a rigorous description
of signal propagation and training dynamics in infinitely wide networks. Building on the Master
Theorem, the P [34] was shown to maximize feature evolution per gradient update and enables
hyperparameter transfer from small to large models [33]. Our setup, defined in Eq. (T)), also lies in
the uP regime.

3 Main Results: Neural Feature Learning Dynamics System

The Pre- vs. Post-Activation Debate It is important to first distinguish between two common
ResNet designs: the pre-activation style, as defined in Eq. (I)), and the post-activation style, where
the skip connection is applied after the activation. Although the post-activation design was first
introduced [13]], the pre-activation variant [[14] has become the preferred choice in modern deep
networks [24, l4]. However, this preference has been guided more by practice than theory. The
following result provides a theoretical justification for the pre-activation preference when network
depth increases.

Proposition 1. Let ¢ satisfy the following positive dominance condition: there exist nonnegative
constants cy, ¢, not both zero, such that E[¢p(xZ)] > c1|z| + o, V& € R, where Z is the standard
Gaussian random variable. Then, in a post-activation ResNet, the expected hidden state satisfies:

Elhr ] > ¢ (1 Jrcm/T/Ln)L lz||/Vd+ cVTL, Vi€ [n]. 3)

This result implies that with common activations such as ReLU (where ¢; = 1 and ¢z = 0), the
hidden states h, can diverge as depth grows—even under stabilizing depth scaling factors /7'/L.

Neural Feature Propagation as an SDE Given the superior stability, the subsequent analysis
focuses on the pre-activation design. We use the synchronous coupling method to prove that, in
the joint limit, each coordinate of the hidden state hy can be viewed as a particle whose mean-field
dynamics are characterized by a forward SDE.

Proposition 2. Suppose ¢ is K;-Lipschitz. In the joint limit min(n, L) — oo, the features hy
converge to hy solving the McKean—Vlasov SDE dh; = o, dw; with hg ~ N(0,||z||?/d), 0 =
E[¢?(hy)], and {w;} as a standard Brownian motion for t € [0, T). The convergence holds in mean
square with rate Elhy ; — hy,|* < C(L™' +n~1), where t, = ¢T/L.

The bound further shows that the limit is obtained regardless of the relative scaling rates of width
and depth. Remarkably, this commutability is not universal across network structures [23] [11]],
highlighting the robustness of the SDE limit for stable hyperparameter transfer across model scales.

Backward SDE Induced by Backpropagation During training, the gradients are computed
through backpropagation. To analyze this process in the joint limit, our analysis focuses on the
following backward information flow:

of of [T, T

— - = = — ¢ (hy_ W, Ve e [L 4
gL =ng - =0, g1 =nge g+ Ln¢( t-1) © W, gu, €L, @
where @ is element-wise multiplication. Under mild regularity assumptions on ¢ and ¢’, the limiting
behaviors of g, in the joint limit are described by a backward SD

3Here instead of defining processes with a reverse of time, the term is used to mean that the SDE starts from
time 7" and goes backward to time 0. This is not to be confused with the classic terminology BSDE.



Proposition 3. Suppose ¢ and ¢’ are K- and Ko-Lipschitz. As min(n, L) — oo, the gradlents
gi converge to g, solving the McKean—Viasov SDE dg, = & dw, with gr ~ N(0,1), 67 =
| (hy)|? Elg:)% and {10} a Brownian motion independent of {wt} in Propostion[2] The convergence
holds in mean square with rate E|ge ; — gi,|*> < C(L™' +n=1).

Similar to the forward propagation in Proposition 2] this convergence is also commutable. Moreover,
the forward and backward SDEs are driven by independent Brownian motions. Although Proposi-
tion 2H3| study the information propagation at initialization, we will show below that it also holds
valid in the infinite-depth limit.

Feature Learning Dynamics Formed by SGD We now investigate how representations evolve
during training in the joint limit. We demonstrate here that the SDE view derived in Section [3]
continues to hold, and is continuously reshaped by the backward SDE throughout training.

To ensure that the network operates in the FL regime (rather than NTK with asymptotically frozen
features), we adopt the uP scaling from the TP framework by using a learning rate n = n.n, where
1. > 0 is a constant.

We can inductively show that all {h(k) 9 )} are valid TP variables. This enables the application of
the Master Theorem [34, Theorem 7.4] to study the training trajectory in the mean-field limit.

Proposition 4. Suppose L', ¢, and ¢’ are pseudo-Lipschitz continuous. Then, as n — oo, the output

) converges a.s. to f(k) = ]E[Zg(k) Zh(Lk)], where the hidden states evolve recursively as:

k—1 )
20 = M FZWR 2y ) (FOy B2 e 2 )z ()
1=0
2’%1 ORNO) RV h(R) T NS N g(P
=72 0L (fO, Yy NE[g(ZM ) (2 B[ (2 (Zh)) 29, (6)
1=0

(4)
where T =T/L and {Z Wedy— Ye.i are centered joint Gaussian whose variance are computed based
on [134) Definition 7.3].

The final term in Eq. (6) reflects additional interactions between the forward and backward paths by
using the same weights W,. From the perspective of the Euler—Maruyama scheme, however, this
correlation term vanishes as 7 — 0 (equivalently L — c0). Thus, in the FL regime, the evolution of
feature learning driven by the backpropagation converges to a coupled stochastic system in the joint
limit—which we refer to as the Feature Learning Dynamics System.

Definition 1 (Feature Learning Dynamics System). The Feature Learning Dynamics System (FLDS)
is a coupled forward—backward SDE system that describes the evolution of hidden states and gradients
over training itemtion k in the joint limit:

i) = Zmﬁ’ DNE[S(h)p(h{))gs” dt + dw®, %)
k—1 . ]
dgi® = =" 0L (FO,yDE[g g 16 (hi)e! (0P dt + ¢’ (h) dip, ®)

=0

where the Brownian motions {wt(k) }i and {wt(’“) }i have time-varying covariance:

d ) ) d_ oy (s o
ZEw w0’ =B = Elom")om?), B "] = 0,5 = Elgl"g”]. ©)
Theorem 1. Suppose (i) L', ¢, and ¢’ are Lipschitz continuous; and (ii) there exists a solution to the

FLDS system such that {3 yxk, O kxk }teo, 1) are uniformly strictly positive definite for each k. As
n — oo followed by L — oo, the ResNet output f*) converges a.s. to fo(k) = E[g;k)hgﬁ)], where
hgk) and gt(k) evolve under the FLDS in Definition

This limiting stochastic system is fundamentally different from NTK dynamics. Rather than asymptot-
ically freezing representations at initialization, the system continuously refines features via gradient
feedback. Moreover, the noise covariance evolves over time, reflecting the accumulation of training
effects. These dynamics capture the essence of feature learning in deep networks and open new
research directions for understanding large-scale deep learning from a mean-field perspective.
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A Useful Mathematical Results

Lemma 1 (Gronwall’s inequality). Let I = [a, ] for an interval such that a < b < oo. Let u, o, 3
be real-valued continuous functions such that 0 is non-negative and u satisfies the integral inequality

u(t) < alt) + /  B(syu(s)ds, Viel
0
Then
t t
dr|, Vtel.
u(t) < aft) +/0 a(s)B(s)exp (/s B(r) r) te

If, in addition, «(t) is non-decreasing, then

u(t) < a(t) exp </tﬁ(s)ds> , Vtel.

0

Lemma 2 (Gronwall’s inequality (discrete version)). Let (uy,) and (3,,) be non-negative sequences
satisfying

n—1
unga+26kuk7 \V/Tl,
k=0
where o« > 0. Then
n—1
Uy < aexp (Z Bk> , Vn.
k=0

B Analysis of Post-Activation Design — Proof of Proposition

Recall that ¢ is assumed to be positive dominate in the statement of Proposition |1} that is, there exist
nonnegative constants c1, ¢a, not both zero, such that E[¢(xZ)] > c¢;1|x| + ¢, Va € R, where Z is
the standard Gaussian random variable. Now consider a post-activation ResNet {h,} given by

hO :¢(U$),

/T
he :héfl + Z¢(Wéhf71)7 Ve S {1727 e 7L}7

where W ;; are independent A/(0, 1) and U;; are independent A(0, £).
12

First note that (Ux); ~ N (0, ”“Zl ) and hence E[hg ;] > cl% + co. Let By be the o-algebra
generated by {hg, -, hs—1}. Then, observe that

T Aol T ( |he]
. — ) - > ) -
Elhe,; | Be) = he—1, + L]E [¢ ( NG Z) | Be| > hp—1,+ 7\ T + co

/T hy_1; [T /T
>he_1,;+ L(Cl f/%’ +02> = <1+61 L?’L) he_1;+co I

Then taking expectation of B, yields

Elhe;] > (1 +c I;L> Elhe_1,]+ Cz\/f~
¢ -1 J
> Elho ;] + 02\/>Z (1 + C1\/Z>

j=0

¢
<C1”m” + CQ) + c2 zé
Jd I

Therefore, we obtain

S
=~

E[h“} > (1 +c

Z<1—|—Cl

S



Therefore we obtain

L
[T
E[hL,i] > Cl||:/Lg (1 + Ln) + CQ\/ﬁ — 00

as L — oo, provided either ¢; > 0 or ¢z > 0. Hence, E[||h.||]] > Elhy ;] — oo.

C Width-first convergence — Proofs of Propositions 2 and 3|

C.1 First forward — Proof of Proposition

Suppose ¢ satisfies the assumption in Proposition [2| throughout. Consider

T
he=he 1 +4/ LanM(heq)

T
he=hey+4/ RW(’M)sz 2o~ N(0,I,,).

To distinguish from quantities after taking limits of n — oo and L — oo, we add superscripts and

write each coordinate as
T
L L L
R R ) L GYie] 09

We want to show that each coordinate converges to

T
hi; = hi_i; + f\/EqZSQ(h%;Li)ZZ,i
as n — oQ.

Lemma 3. Foreachi € N, sup sup E[hf,]* < coand inf inf E¢*(hf,) > 0.
L>1¢=0,...,L ’ L>14¢=0,...,L ’

which is equivalent to

Proof of Lemma[3] By symmetry, we omit the subscript ¢. Using independence of z,, we have

‘T
S L R
u=1

C £ Cr -1
401 L 1 L4
§C+Z;E¢ (hiyy) < C+ =2+ Elhy)"

u=0

4
E[hF]* < CE[RL)* + CE

It then follows from discrete Gronwall’s inequality (Lemma[2)) that
E[hF])* < CeCmit/E, (10)
This gives the first assertion.

For the second assertion, note that ¢ is a continuous function and not identically zero. So there exists
some interval (a,b) C R such that inf, <, <, #*(z) > 0. Since h}"_| and 2, are independent, we have

Var(h}) > Var(hl ) > --- > Var(hl) = C; > 0.

Also
Var(ht) < E[RhF]? < Cs.

So {hL} are Gaussian random variables with mean zero and variance in [C7, Cz]. Therefore,

. . L
igfl g:%){l,,f,,LP(hz € (a,b)) > 0.

This gives the second assertion. O



Proposition 5. For eachi € N,

sup sup E(h"L—hh) < C/n.
L>1¢=0,....L

Proof of PropositionB] Since hy’; L~ = h;;, we have

14 n,L
B~ b = B [Z ("d’(%”” B 1») Ve

u=1

Y/ n,L 2
EZ(”“ ol Eas?(u“)),

where the second line uses the fact that {z; }, are independent standard normal random variables.
By adding and subtracting terms, we have

(”‘“ ol g >>2<2E Zdﬂ ) Z¢2
\/ﬁ u—1,7 — w— 17] U 17-]

2

2

+2E wauu E¢?(hy_y;) | - (A1)

For the first term on the right hand side, using Minkowski’s inequality, we have

2
E Z¢2 ) - Z¢>2

2

1 & n 2
<E( |- (enih,) - ok, )

j=1
1ZE ulg ulj) KIQ]E(hu 1,2 h’u 11)'

For the second term on the rlght hand side of equation [T} we have
2

E Z Llj Ed)z(ulz)

2

ZJ 1¢2( u— 1,_7) Z ]E¢2( u— 1])
\/ Z] 1¢2 u 1,5 +\/E¢2 u— 17

QZ]E ¢2 u— 1j E¢2( u— 1])]2§C/n7

=E

where the last line uses the 1ndependence of {hL_, j}jand Lemma Therefore, we obtain
CK L C
E(hyi" — hi)? < =2 E(hF — k)2 + =
( 0, 4, z = Z w,i u,z) + n
By discrete Gronwall’s inequality (Lemma |Z[), we have the desired result. O

Next, to analyze the limit of hZL , as L — oo, we omit the subscript ¢ and view

[+ (8) -+ (22)



(L)
heT/L’

dh(" = \/Eg2(hi})) duw,

JZ for t € [0, T). Consider the McKean-Vlasov process

dht =\ E¢2(ht) dwt.

Then {th)} is just the Euler-Maruyama discretization for {h;} with step size At = T/ L.

for a standard Brownian motion w. Then we can write h} = where

and t7, = Lﬁ

The following is a standard result (see e.g. [26l Section 1.1]) and we only provide a sketch of the
proof.

Proposition 6. There exists a unique {h;} and

sup Eh < oo, E[h —h, |2 <C(t—1t1) <C/L. (12)
0<t<T

Proof of Proposition[6] The evolution of h; can be written as
dhy = o (p) dwe,  ho ~ N(0, ||?/d),
where p; = Law(h;) and
o)1=/ [ (@) v(d) (13)

for v € P(R). Note that for any X ~ pu € P(R) and Y ~ v € P(R), using Minkowski’s inequality
we have

o (1) = o(v)] = VE(X) = VEG(Y)| < VE[S(X) — 6(Y)]2.
By Lipschitz property of ¢, we have
|U(:u) - O-(V)‘ < CWQ(U7 V)7 (14)
.T

where Wa(+, -) is the Wasserstein metric on P(R). Therefore, o is a Lipschitz function. Now let

M :={u e P(C(0,T] : R)) : sup /x2 p(dz) < oo} (15)
0<t<T

For 1 € M, consider the process
dXt = U(/.tt) dwt, Xo = ho. (16)

It is well-defined and Law (X)) € M, by Lipschitz property of ¢. Denote the map from p € M to
Law(X) € M by T. For pu, v € M, denote the Wasserstein metric by

1/2
Wa ¢(p, v) = inf{ (E[sup | X, — Yu|2]> :Law(X) = p,Law(Y) = v}. (17)
u<t
Now given u, v € M, let

dXy = o () dwy, dYy = o(v) dwy, Xo =Yy = ho. (18)

Then using Doob’s maximal inequality, we have

W3((w),T(v)) < E[sup | X, — Yo|*] = E[sup | u[U(us) — o (vs)] dws|?]

u<t u<t 0

< 48| [ oln) ol duf =4 [ lo) = ot ds

t t
< C/ W3 (s, vs) ds < C/ W3 o (p,v) ds.
0 0

Existence and uniqueness of {%.} then follows from standard arguments (cf. [26] Section I.1]). The
first estimate in equation [T2]follows from standard arguments on observing that ¢ is Lipscthiz and
hence has linear growth. From this we immediately get the second estimate in equation O

10



The following result quantifies the error as L — oo. This is not the stronger result one would usually
get for Euler—Maruyama approximations. But it is sufficient for our use and also will be used in later
inductive arguments for traning steps.

Proposition 7. Forall L > 1,
(5w B~ herya' = swp By = heryil < OJL (19)
Proof of Proposition[]] Let sy, := Lﬁj L Since héL) = hg, we have
Efhf — her i) = Elbyr), = heryi)

(T/L

- / WER(EE) — VER )| ds
0
(T/L eT/L

<2 / WVES(hD) — /B (e ) ds + 2 / \VEG (e, ) — VER ()2 ds
0 0

-1
C I 5 C
< f;E[hu - huT/L] + fv

where the last line uses the Lipschitz property in equation[I4and Lemmal6] It then follows from
discrete Gronwall’s inequality (Lemma|2) that

C
Elhi — hery)” < ZeE. (20)
This completes the proof. O

Combining Propositions [5]and [7] we get Proposition 2]

C.2 First Backward — Proof of Proposition 3]

Suppose ¢ satisfies the assumption in Proposition [3| throughout.
Recall g, in equation [4}
of af T , T
=n—— =0, g =n——= — ¢ (hy— W, ge, Ve[l
gL =ng T =V gl = e 94+\/Ln¢(21)® v 9e (L]
Under the gradient independence assumption, this is equivalent to

n,L _
gL)i = Uy,

T
L L, | L Ly~
90 =90+ ﬂ¢/(h?71,i)”g? [12e,3,

where {Z, ; } are independent standard normal random variables and also independent of {zy ;}.

We note that the evolution of the first backward gZ;Ll ; 1s very similar to that of the first forward h?’iL ,

except that the last term involves an extra term ¢ (h,"" ) and it depends on [|g;"" | without through
the activation function ¢. Therefore, the proof of Proposition [3|is very similar to that of Proposition

thanks to the assumption that ¢’ is Lipschitz. Hence we will only state the following results and
omit most proofs.

First we want to show as n — oo, {g;’iL} converges to

T -
geLfLi = gZL,i 4/ E¢/(heLf1,z‘)\/ E(gzL,i)zzé,i-

Lemmad. Foreachi € N, sup sup E[g},]* < ocoand inf inf E(gF,)? > 0.
L>1¢=0,...,L ’ L>1 )

.

11



Proof of Lemmad] Proof of the first assertion is omitted. For the second assertion, since ngiL =
is independent of {h},} and {Z,,;}, we have

IE(g,gLﬂl)2 > Var(géLﬂ-) > Var(v;) = C > 0.
This completes the proof. O

Proposition 8. For eachi € N,

sup  sup ]E(ggz —91)? <C/n.
L>1¢=0,...,

Next, to analyze the limit of geLi as L — oo, we omit the subscript ¢ and view

T _((-1T _ (T
—Zp=w|—"— | —w|—
VI L L
for a standard Brownian motion w that goes backward in time. Then we can write gZL = géé)/ 1,» Where
L L L -
dgi™ = & (h))\[E(gi)? dib,
and 1, := [ﬁ} % Consider the McKean—Vlasov process (that goes backward in time)

Then {g,EL)} is just the Euler-Maruyama discretization for {g; } with step size At = T'/L.
Proposition 9. There exists a unique {g;} and

sup Eg? < 0o, E[g — QEL]2 <C(tp —t) <C/L. 21
0<t<T
Proposition 10. Forall L > 1,

sup  Elgf — ger/r)* =  sup E[Qé?@ —gery1)* < C/L. (22)
0=0.1,....L 0=0,1,....L

Combining Propositions §]and [I0] we get Proposition 3]
D Gradient Computation

In this section we derive the forward propagation and backward propagation processes after gradient
updates. Recall that we have defined the ResNet as follows:

1 T
ho=—=Ux,  hy=hiy+ (| - Wiblher), VEe[Ll f(@) = 2 vThy.

Vd vn
Then we consider the backward propagation of gradients as follows:
vn of Vvn | T
1= (h w," Ve
9= o, Y gi—1 a(f)hg ) ¢ 0-1) © W, g, € [L].

The gradients of f w.r.t. trainable parameters are given by

aif_&h i_ 6f (ho_1) " ﬁ_iaifaﬁ
w Vo aw, VInor "V U T Jiohe

Given a loss function £, the SGD with a single sample is given by

vt = v —nL'(f, y)%m

W, =W, —nl'(f, y)\/ 68’{ p(he—1)" =W, — U%El(f’ Y/ %ge(ﬁ(hea)T

B , 1 of
U+_U—77‘C(f7 )\f@h x' =U - \/* <f> )\[QOIBT

12



Then, after k step gradient updates, the forward propagation becomes:

R = —U(k) (k)

i T of® k
anzz' YN - h()as( h)T ]qb(hé )
o(h{ ), 6(R())
= S < - ) § T Wes(hi))
JOp— <v(k), h(L’“)>
a k—1 o T
i i i k
= % [v—nzﬁ'(f”,y“)ﬁh%)} hg)
=0
et X0 h(k)>
Tk 2 14 <i><L’7L
70 he e ;E(f )

Consequentially, the backward propagation becomes

g® _v<k>_v_n2£, o \/ﬁh(f)

g’jl (k)+ / ¢ (k) QWE(k) (k)
af !
k T k (i) k
=g + /) o anzc' Wt 8h$)¢(h§_)1f] g."

@ (k)

k a T i 9e -9 i k
= g,g ) - nﬁf Zﬁl(f( ),y( ))<n> {¢(hg_)1) © ¢/(h§—)1)}
i=0
T k k
+ fn¢l(h§ )1) © WKT "

E Depth convergence — Proof of Theorem /1]

In this section we start from Proposition ] neglecting the last higher order term in equatlon el to
prove the convergence in Theoreml [1]and show that the rate of convergence as L — oo is 1/L. Recall
that we assume £, ¢, and ¢’ are Lipschitz continuous, and

{4 kxk> Ot kxk fteo, 1) are uniformly strictly positive definite for each k € N (23)

for the feature learning dynamics system. For ease of presentation, we consider the one sample case.

13



The limit as n — oo for the K -th iteration can be written as

K-1
: : T k), k), :
B0 = R o T S £k, D)o RS ) 4 7 20,

k=0
K-1 T
K),L K),L K),L k),L k),L (K),L K),L\ ~(K),L
o = M T (W) Y £k LB o) [ T ()0
k=0

where {(zék)’L)k, (éé ’ )k :¢=1,..., L} are independent Gaussian random vectors with mean 0
and variance-covariance matrix
k),L _(kK'),L k),L k'),L
Cov(z{F, 20 1F) = Elo (b )o (ki) 0],
k K),L k)L (k'),L
Cov(z"* ,é My = E[g" g

)

and

K-—1
hSOE — Mu(o) —no Y L'(k,L)gi"" (@, z)
k=0

Vd d
K—-1
g = 0(0) = mo Y £ (k, L)AT,
k=0

£k L) = £ Elgy 0", v),
and u(0), v(0) are standard Gaussians.

Letting L — oo, we expect to have

K-1
dhy") = —no 2 £/ (k)9 Elo(h)o(h" Nt + dwi™), vt € [0,7),

K-1
dg") = =g/ (W) S £/ (K)o (h)E[g" g™t + ¢/ (h{" a0, vt € [0, 7).
k=0
where {(wgk))k, (u?t(k))k :¢=1,..., L} are indpendent Brownian motions with mean 0 and cross-
variations
d(w®, w*)), = Ew(h(’%(h“”)] dt,
(@ ®, @ *), = BlgM g ) dt,
and
@) _ Nl = ol
R = =0y — £ (k)glF ,
0 \/&() nok:o (k)go~ —
) 0(0) = o Z £,

L'(k) = L'(E [gT)h¥>1,y>.

Remark 1. (a) The evolution of gt(K) is written for ease of notation and is interpreted backward from
t =T tot = 0. This is not to be confused with the classic notion of backward stochastic differential
equations. The precise meaning, instead, is that (g;, W) = (gr—t, Wr—¢) and

) = ) Zy (W VEGMGIOdt + ¢ () aw™), vt e [0,T).

(b) The first forward {h( )} is adapted to the driven Brownian motions. Due to the backpropagation,

( and {h(k), 9; k = 1,2,...} are not adapted any more. However, thanks to the deterministic
dlﬁ”uswn coeﬁictents in front of dw; and dw,;, which are automatically adapted, the SDEs are
well-posed, as is justified in Propositions|[6land[9 above and Proposition[I1|below.

14



(K)

For ease of analysis, we write the above dynamics of h; := (hEO),...,ht ) and g; :=
(g§°>, e gﬁK)) in the following more standard manner of McKean—Vlasov equations:

dht = bt dt + oy th,
dgt = Ct dt + Dt9t ch

where by = (b, k) " oand ¢; = (¢, k)kK—O are vectors given by

bm—-%}jﬁ () g(hF),

cop = —mod (h{") Zc’ (h{")E[g" g,

Dy is a diagonal matrix given by

D, = diag{¢/ ("), ..., &' ("))},
o and 6, are (the Cholesky decomposition) such that
0 K 0 K
010 =% = E[((h”), .., o(h{™ )T (@), .., (™)),
0 K 0 K
0.0; =0, :=El(g”,....9{" ) (s”..... 9",
and W; and B; are independent (K + 1)-dimensional standard Brownian motions.

We note that the above system is nested: when K increases by 1, one simply adds one additional
dimension to the evolution of h; and g;. This allows us to apply induction arguments in the proofs of
later results. We also note that the existence of solutions to the above system is already guaranteed
via the convergence of n — oco.

Denote by || - || the Frobenius norm of matrices (and vectors). Denote by A, (A) the eigenvalues of a
symmetric matrix A.

Lemma 5. If{h ,gtk),k‘:O,l,...,K} is a solution, then

sup E|h|]? < oo, sup E[g* < oc.
0<t<T 0<t<T

Proof of Lemma[5] We will prove by induction. The statement holds for K = 0 by Propositions []
and

Now suppose the statement holds for K, namely

sup ZIE h(k) <00, sup Z]E

0<t<T 0<t<T ¢
We will show that P K41
sup E[h" V)2 <00,  sup E[g" V] < .
0<t<T 0<t<T

For hEKH), using Cauchy-Schwarz inequality, Lipschitz property of ¢, and induction assumption,
we have

2
B[p" TV < CEhG ) +CZE( / (OEIG(R) (R ds) + CEfuy P
< C+CZ/ 2R 2 (R Eg? (REHY )ds+C/ E¢?(h{E+D)) ds

< c+c/ E[R{E+D12 ds.
0

It then follows from Gronwall’s lemma that supy<;<7 IE[h(KH)]2 < o0. Since ¢’ is bounded, using
similar arguments as above we can get supy<; < E[g (KH)} < oo. Therefore the statement holds
for K + 1 and this completes the proof by induction. O

15



Proposition 11. Pathwise uniqueness holds for {hi’“), gik), k=0,1,...,K}.

Proof of Proposition|[I1] We will prove by induction. By Propositions |§| and EL hio) and g,go)
unique. So the statement holds for K = 0.

Now suppose the statement holds for K, namely hgk) and ggk), k=0,1,..., K, are unique. We

will show that h( and gt k =0,1,..., K + 1 are unique. Consider the solution (h( ), g,g ))K:H
and any other solution (h(k) ~(k))K +l By the induction assumption on uniqueness, we must have

(hyC ,gt )i( (h( ),}(k))k o- Recall
010] = To = ElG(A), .., o(h TN TG, .., o(n V)]
and let
5,57 =50 = E[(6(B”), ..., o(RE N T (6(RD), ..., (R
= E[(Qﬁ(hgo)), ¢(h(K)), ¢(h(K+1))) (‘;S(hz(s()))? o ,qf)(hEK)), ¢(ﬁ§K+1)))}~

Write >; in block matrix form

Si1e = E[(@(h”), ., o(h{" N T (s (07, .. 6(B™))],

So14 = Bl = Elo(h{* ) (0(n”), ..., 6(h{™))],

Sass = B[ (")),

corresponding to coordinates 0,1, ..., K and K + 1. Also write oy, > and 7; is the similar way.
Then by Cholesky decomposition, we have
T _y ~ _
011,t011,¢t = 211,t5 O11,t = O11,t,
o124 =0, o12,¢ =0,
T —1 ~T 1< —15
O21,¢t = 011,t212,ta O21,t = U11,t212,t = 011,75212,157
_ T = _ /5 = =T
022t = \/222,15 — 021,t091 4 022t = \/Ezz,t — 021,t097 ¢-

By Lipschitz property of ¢, we have

8120 — S12.]1 + | Saze — Sao|? < CE[AKTY — p{F+D12, (24)

By equation 23] there exits some ¢ > 0 such that all eigenvalues of 3; are at least ¢. It then follows
from the eigenvalue interlacing theorem (of principal submatrix) that all eigenvalues of ¥, ; are at
least €. Then we have

1 <K+1.

25
Ae(Bie) — (25)

Mx

o3 |I* = trace((o7yy) Tory),) = trace(X11,) =
k=0

Therefore

~ _ i K+1) K+1
loa e = a1l = llort (Bra,e = Zr2, )P < 017112, — Snasl|? < CE[R{™ D — AV,

(26)
where the last inequality uses equation 25| and equation[24] Similarly,
|091,6091,4 = G21,1G91 4|° = (0210 — F21,0) (0211 + F21.0) |
= [(021,4 — G21,6)017 4 (S12,¢ + T12,.0)[* < [loare — Forel o 1P E12, + Sel|
< CE[R"H) — ATV, @7)
where we have used Lemmato get || S0, + ilg)t”z < C'. Also, note that
Ugu = Yooy — 0'21,250';1775 = Yoo 4 — 22171621_11715212,t (28)
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is the Schur complement of the block ¥1; ; of the matrix ¥, so that its eigenvalues are at least € as
well. Therefore og9; > /€ and hence

0391 — O304 ’ 1 S
o224 — Fazel|” = m < g[(222t — 021, t<72T1 o) — (Ba2s — 5’21,t&;17t)]2

< C|Sa2 — oo |2 + Clon1409y , — G21,4591 42 < CE[RYTY — RIFTDP2,

(29)
where the last inequality uses equation [24] and equation 27} Now note that
RUHD — RHD = g Z / £/ g P BIS(E) (G(RUIHD) — (D)) ds
u
+/ (021,s — O21,5,022,s — G22,5) AW.
0
Therefore
2
Efsup [AY — RFHDP] < CZE sup / L' (k)gME[G(h{) (@(hFHY) — (AFFY))] ds ]
u<t u<t
2
+ CE [sup / (021,5 — O21,5,022,5 — T22,5) AW ] : (30)
u<t 0

Here using Cauchy-Schwarz inequality, we can bound the first term on the right side by
K + B 9
c3 | | B o) = g s

< C/ h(K+1) ¢(h(K+1 ds < C/ [sup |h1(LK+1) - iLq(JKH)m ds.

u<s

Using Doob’s maximal inequality, we can bound the second term on the right side of equation [30|by

t
= C/ [|o21.s — G215
0

t t
< 0/ E[pE+D — pE+D12 gs < C/ E[sup |ahE+Y — pE+D 2] g
0 0

u<s

2

CE s — O22.5]*] ds

t
/ (021,6 — G215, 22,5 — G22,5) AW
0

where the first inequality uses equation[26]and equation [29] Combining above three estimates, we
have

t
Blonp (1)~ B HP < € [ Bloup 4 B s
u<t 0 u<s

It then follows from Gronwall’s inequality that

E[sup [h{* D — A{FHD%) = 0, (31)
u<T

)

. . K+1) o . - . .
This gives uniqueness of hg ) Since ¢’ is bounded, similar arguments as above give uniqueness

(

of gtKH). Therefore the statement holds for K + 1 and this completes the proof by induction. [J

Before proving the convergence rate as I, — oo, we will need the following two preparation results.
Recall ¢y, := Lﬁj L andty = (ﬁ] L are the times corresponding to the discrete step.

Lemma 6. If{h(k)ﬂtk), k=0,1,...,k} is a solution, then
Ellhe — hi, |2 < Ot — t2) < C/L, Ellg— gz, |? < Clh 1) <O/ (32)
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Proof of Lemma[6] Using Lemmal5|and Lipscthiz property of ¢, we can deduce
E||b: || < C, l|o¢||> = trace(oso, ) = trace(X;) < C,

and similarly E||c;]|> < C and ||6;]|* < C. These give the desired result. O

geeey

Recall the infinite width limit b} = (h(o) o h(K)’L) and g} = (gt(o)’L gt(K)’L).

Lemma7. sup sup E[h} ||2<ooandsup sup Ellgf | < oo
1¢=0,...,L 1¢=0,...,L

Proof of Lemma[7] We will prove by induction. By Lemmas [3]and 4] the statement holds for K = 0.
Now suppose the statement holds for K, namely
sup sup Z E h(k) L] < 00, Ssup sup Z Elg (k) L (33)
L>14=0,....L ;=g L>1¢=0,...,

‘We will show that

sup sup ]E[th—H)’L]2 < 00, sup sup E[ (K—H)’L}Q < 00. (34)
L>1¢=0,...,.L L>1¢=0,.
From the evolution of thH)’L and independence of z( H)’L, we have

2

E[R{E T2 < 3E[ASETVL)? 4 3R

J4 K
Somr 3£/ (k DgP B )o(h )
u=1 k 0

+ 3E

z]

t~ \

L2ZE¢ hKJ{l ZE¢2hK1 )

Ci K+1),L12
§C+ZZE[h5 +1).L

It then follows from discrete Gronwall’s lemma again that

E[R T2 < ceCUE, (35)

Therefore sup  sup IE[hEKH)’L]2 < o0o. Similar arguments give sup sup IE[géKH)’L]2 < oo
L>1£=0,...,L L>1¢=0,...,.L

and hence the statement also holds for K + 1. This completes the proof by induction. O

Now we couple hf and g,% with h; and g; respectively, and state our result on the convergence
rate of 1/L as L — oo. Denote by Ly := |77 ], Ls := |77 ), Lt == [ 771, and Ly := [ 77 ]

for s,t € [0,7]. We can write h} = héT/L and gf = géT)/L, 2

interpolations using the same Brownian motions W; and By:
dh{" = o) dt + o2 aw,,
(L) _ (1) (L) p(L)
dg;”’ = c; dt+Dit QL dBy.

where h(L) and g, are continuous

Here bgL) (b(L)) o and C(L) (CEI];)) I are vectors given by

k 1
L L i),L k),L
by =~ LZE (i, L)gg M E((hg o (hi ),
=0
L k),L i),L i),L (k),L
el = —mp @ (") ZE Jo(h(ElgS g,

1=0
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DEL) is a diagonal matrix given by
L . L K),L
Dy = diag{@' (h2}"), ... ¢/ (g5)")).

and aéL) and QEL) are (the Cholesky decomposition) such that
L), (L K), L K),L
ot (T =P = Bl (), . o) T (6, o),
L) p(L K),L
QE )(eé ))T:®():E[(() N ( )L ) ((0) ?.__’gé ) ).

The following proposition says that the L? error decays at a rate of 1/ for the coupled difference
between heL (resp. geL), the finite depth process at discrete step ¢, and hyr,r, (resp. ger/1.), the
corresponding infinite-depth process at time ¢7'/ L.

Proposition 12. Forall L > 1,
~sup E||hp — byl < C/L, s Ellg/ — g9eryil* < C/L. (36)

JLeeoofyionooo 0000 £=0,1,...

Proof of Proposition[I2] We first note that the Lipschitz estimates in equation 26 and equation [29]
still hold when comparing o, and J(LL), thanks to equation We will again prove by induction.
By Propositions[7 and [T0] the statement holds for K = 0.

Now suppose the statement holds for K, namely
L boup ZE oL hé’}/L] <C/L, bup ZE (k). L gég)/L] < C/L. (37)
k) 7 — 7 1 k O
We will show that

, sup LE[héK“)’L —hiy PP < C/L, s LIE[géK“)’L — g < C/L. (38)

Note that

E[py D — nih012 < SRRV — pfTTV 4 3R

a1 () i
+ 3E / (0-217[/5 —021,5,099 1, _022,3) dWy| .
0

By induction assumption,
Elhy " — hy P < O/L. (39)

By Lemmas 5] [] and[7] we have

eT/L ) 2
/0 (bL K1 bs,K—s-l)dS]

(T/L ¢T/L
<0 [ EM bR ds = C [ Bl e — bl ds
0

E

£—1

C C
<7 > E[pDE — hq(f;;rLl)]Q I
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By Lemmas 5] [6} and[7] and Lipschitz property of o’s, we have
2

ZT/L @)
/ ‘721 L, 021,500 — 022,5) AW

@ ()
= oA, = ol 1o, — o Pl

LT
<2 / " oSy, — oore, [+ 055, — 0220, |2 ds
LT/L
+ 2/0 [|o21.s, — 021.5]12 — 099,/ ds
Q = (K+1),L (K+1)72 Q
< LZ%]E[hu ~ b P+

Combining the above estimates gives

-1
(K+1),L (K+1 C K+1),L (K+1)72 c
E[hy th/L ST ZEWL +1) = hyrr 1>+ T

It then follows from discrete Gronwall’s lemma that

K+1),L K+1 C
Elhy™ ™ — bz TP < 2O, (40)
Therefore  sup E[héK—H) - h%f/'zl)] < C/L. Similar arguments give sup Elg, (Kt1).L
(=0,1,...,L £=0,1

(K+1)

T/1 ]> < C/L and hence the statement holds for K +1. This completes the proof by induction. [

Using Proposition[I2} we get Theorem|[I]

F Feature Learning Dynamics in the Infinite-Width Limit: Intuition

In this section, we provide intuition for Proposition[4] aimed at readers who may not be familiar with
the Tensor Program framework.

To analyze how the feature space evolves during training, we focus on the feature learning regime
with scaling « = 1/4/n and learning rate 7 = 7).n, where 7. > 0 is a fixed constant. Under this
setting, the forward and backward recursions take the form:

R® — L a® kzlﬁ’ f() )<m(i),w(k)> (@)
w - -7 )
0 \/g e P d go
Tk o(hi? ). p(h{) T
k k -1/ {—1 ] T k
hé : :héjl Z f( Dy < " >g£ s EW€¢(héj1),
=0
E— [3Q) h( )
£ = Th(k) Z < Lo >,
n
i=0
and the backward recursion:
g’ =v - Zﬁ' (FO,y)n),
(1) (k)
L \Ge 59y ;
S Wy ) Lo o g

k
/ ¢h<> ) oW M.
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Observe that the training process indeed defines a valid Tensor Program: each vector {hé , glk)} is
generated sequentially from previously constructed vectors or from the initial random parameters
{v, Wy, U} via standard TP operations (MatMul, Nonlin, Moment). Consequently, we may directly
apply the Master Theorem of [34, Theorem 7.4] to characterize their infinite-width mean-field limits.

In particular, for any finite collection of valid TP vectors {h,}*, and any sufficiently regular test
function ¢ : RM — R, we have

= Vb o, harg) = B[p(ZM, 20, 2] (41

where each Z" denotes the mean-field variable associated with h, i.e., the limiting distribution of a
typical coordinate of h as width grows.

First Forward Pass At initialization, the ResNet can be written as
1
Vd
hy=h¢ 1+ \/%Wé(b(h%—l)a

f(x) = %vThL,

ho = UIB,

where 7 := T'/L. Since U;; ~ N(0,1) are i.i.d., each coordinate of hy is i.i.d. with distribution
Zho ~ N(0,||z|?/d). Applying the nonlinearity ¢ element-wise preserves independence across
coordinates, so ¢(hg) also has i.i.d. coordinates. Similarly, because Wy ;; ~ N (0, 1) are ii.d., each
coordinate of ﬁngﬁ(hg_l) is approximately Gaussian with mean zero and variance 1 ||¢(hg—1)||%.

By the Master Theorem, as n — oo, these coordinates converge in distribution to a mean- ﬁeld variable
ZWete—1 with variance E[¢?(Z"¢-1)], where, inductively, we use the fact that each coordinate of hy
converges to a mean-field variable Z"¢ in the infinite-width limit. Finally, since v; ~ A/(0,1) are
i.i.d., the network output satisfies

n
f(x) = :Liz_;vihL’i %) f= E[Z° Zh],

by the law of large numbers.
Hence, in the infinite-width limit, the ResNet converges to the mean-field process

zM = N (0, ||=[*/d) ,

Zhe = gher /7 ZWedr i e (L,

f =E[z°z"),
where {ZWe#e-1}L | are centered jointly Gaussian random variables with covariance
Cov(ZWedr—1 ZWedr—1) = 5,  E[p(Z" - )p(2M-1)], VL, k € [L],

and independent of Z¥ ~ N (0,1).

First Backward Pass In the feature learning regime, the first backward recursion for computing
gradients is

gL ="v,
ge-1=9ge+ \/%W(’W—l) oW, gs.

Since v has i.i.d. standard Gaussian coordinates independent of the forward activations {h,}, the
recursion in the mean-field limit begins with Z9- = Z? ~ A/(0, 1). Because the output head v is not
reused elsewhere, the gradient independence assumption (GIA) [33]] holds in the infinite- w1dth limit.

This permits replacing Wz in the backward pass with an independent copy We , so that We ar
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is independent of the forward variables h,. The coordinates of ﬁ ",‘V/e‘r g are then approximately

.. . . T
i.i.d. Gaussian, and by the Master Theorem converge to a mean-field random variable ZWe 9¢,

Thus, in the infinite-width limit, the backward recursion is characterized by
Z9r = 7% ~ N(0,1),
7901 = 796 4 7 (ZMe) ZW 9 e e [,
where {Z W' g },-_ | are centered jointly Gaussian random variables with covariance
Cov(ZWi 9e, ZWi 9v) — 5, B[Z9:Z9%], Y {,k € [L).

Second Forward Pass  After one gradient update the forward pass with a new input & is given by
’_lozﬁUi—ﬁc "(fy)
he=hy oy — 0L (f, Q)Mgz + \/7We¢ he_y).

Since f — f in the infinite-width limit, continuity of £’ ensures £’ (f,y) — L'( f, y). Hence,

ZM = Z2V% — oL (f.y) e 2o,

where ZU? is centered Gaussian correlated with ZU®, with covariance Cov(ZV®, ZU%) = 1z Tz,

For hidden states, the inner product £ (¢(h¢_1), #(h¢—1)) is a Moment operation in the TP, and by
the Master Theorem converges to E[¢p(Z"¢-1)p(Zhe-1)).

Next consider ﬁ Wi¢(hy_1). If we adopt the decoupled analysis (replacing WZT in the backward

pass with V~V€T), then by the CLT heuristic the coordinates converge to a Gaussian random variable
ZWebi-1 correlated with ZWe®Pe-1 with

Cov (ZWeeor, ZWedi ) — B[p(2h)g( 2]

This CLT heuristic is valid only because we assume WZT is used in the backward pass; otherwise, h,
and W; are strongly correlated through g, . Before exploring this coupling scenario, the second
forward pass under the decoupling scenario is described as follows:

zho =7V — i L(f,y) 2P 290
Zhe =7Mr — ol (fLy)E[(ZM ) (20 29 4 T2Vt

Now, we focus on the normal gradient update to expose the effect of the reuse of W, in the backward
pass. For intuition, set ¢ = id. Expanding h,_; yields

he—y=ho_o+Ta_2g;+ Tazfz\/%Weng + \/%szﬂ_bzfz,
where -
¢(he),¢(he)) as. o P 7
pim el (fy) SAEEE0) e G () ELB(ZR (2P,
since ay is a valid TP scalar. Substituting into \/g Wiho_4 yields

. T = T : L
\/;the—1 = \/;WE (he—z + Tag—29¢ + \/;Wz—ﬂle—z) + TQ@Z—QEWZWZTQZ-

The i-th coordinate of the le WZT gy can be decomposed into

ZWg” + - ZZWz”We kjge k-

7 k#i
By the law of large numbers, the first term converges to Z9¢, and the second converges (by CLT) to a

Gaussian field ZW¢%¢-1, Notably, under GIA, we replace Wg i With W ;; w, .ij- Hence, the first
term vanishes as n — oo because of the independence and zero mean.
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Thus, for ¢ = id,
/2 Wihet| 25 7 ZWidet 412,y 29,
Here ZWibe—1 is Gaussian, correlated with Z Wide—1 from the first forward pass with covariance
Elp(Z"1)p(ZRe)).
Putting the pieces together, the mean-field feature dynamics after one gradient step are
Zho = 2% L' (f.y) 5 2%,
ghe _ gheo1 Tﬂcﬁl(f,y)E[Zhl_l Zﬁﬁ—l} 79t 4 \/,FZWKJM_l
— 720.L'(f,y)E[Zhe1 Zhe1) Z9¢,
Comparing this result with the decoupling scenario, the final correction term reflects the additional
interaction in both forward and backward paths due to the reuse of W,. Moreover, its scaling is 72

due to depth-adaptive ResNet normalization. By the Euler—Maruyama convergence perspective, this
higher-order term vanishes as L. — oo, provided the other quantities remain well behaved.

Second Backward Pass Analogously, we describe the backward propagation after one step of
gradient descent in the mean-field limit. Given the second forward pass with input &, the second
backward recursion is

gL =7 - 770[’/(.](‘7 y) hL7
Geo1 = Go — 0L (f,y) 1929 [¢(he_1) © ¢/ (hy—r)] + \/% &' (he—1) © W, gy.

Assume we decouple the two backward passes by replacing W[ with an independent copy WJ in
the second backward recursion. Then, in the mean-field limit, the coordinates of ﬁ W[T g¢ converge

. . T = . T
(by the Master Theorem) to a centered Gaussian random variable Z W, G correlated with ZWe 9¢
from the first backward pass via

Cov(ZWi' 8¢ zWi'ar) — E[79 79¢] .
Passing to the limit (and using continuity of £’ so that £'(f,y) — E’(f, Yy)), we obtain
790 = 290 —neL'(f.y) 2",
29 = 79 — i L/(f,y) B[29°29) ¢(Zh) ¢/ (ZPr) + /7 o (2Pemr) ZWe o,

When the same weights WZT are reused in both backward passes, additional correlations appear. For
intuition, set ¢ = id so ¢’ = 1. The second backward state expands as

9o =Gges1+Tbpr ey + Tbe+1\/%the—1 + \/%ngﬁul,

with

by = —me L/(f,y) 88 2 by = . L(f,y) E[29 2%,
where the convergence follows from the law of large numbers intuition via the Master Theorem.
Consequently, the term \/g WZT g contains the correlation-driving factor

T
% W, Wyhy_1,
whose i-th coordinate decomposes into
1 1
- S W2 ke + - SN Wi Wk hei k.
J Jj k#i

By the law of large numbers, the first term converges to Z"¢~1, while the second behaves like a CLT
term and is absorbed into a Gaussian field. Hence,

[\/%WETQE] N AL bey1 ZMe,
1
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where ZW¢ 8¢ is centered Gaussian and correlated with ZW¢' 9¢ via
Cov(ZWi 9:, ZWi'ae) — E[79:79¢].
Collecting terms (still with ¢ = id), the coupled mean-field recursion becomes
79 = 79 —n.L'(f.y) 2",
790-1 _ 780 _ 7.770[:/(]3, Y) E[Zg@ Z{u] ghe-1
F TV 22 L (f ) B[ 290 290) 7P,
Remark 2. The last (higher-order) correction arises from reusing Wy and WZT in both the forward
and backward passes, and scales as T2 due to depth-adaptive normalization in ResNets. By Eu-
ler—Maruyama convergence, this term vanishes as L — oo (with 7 = T/ L), assuming the remaining

quantities are well behaved. Moreover, the intuition developed here for the second forward and
backward passes extends directly to any k-th pass.

G Experiments

We now provide empirical evidence to validate and extend our theoretical results. Following the
preliminary setup in Section 2] we conduct experiments on ResNets trained with SGD on CIFAR-10
under pP scaling and depth-adaptive normalization.

Pre and Post Activation Comparison(Depth) Train Loss Comparison Test Loss Comparison

1Al

Training Loss

Depth Step Epoch

(a) Feature Norm across Depth (b) Training Loss (c) Test Loss

Figure 1: Comparison of pre-activation and post-activation ResNets: Pre-activation variant maintains
stable feature norms across depth, while post-activation exhibits rapid growth. This stability leads to
faster and more consistent training convergence, and results in lower test loss with reduced variance,
indicating better generalization.

Comparison of Pre- and Post-Activation The empirical comparison between pre-activation and
post-activation ResNets supports the result established in Proposition[I] As shown in Figure [T[a),
post-activation ResNets exhibit rapid growth of feature norms as depth increases, while pre-activation
networks maintain stable representations across all depths and widths. This stability translates into
clear optimization advantages: in Figure [T(b), pre-activation networks converge faster and more
consistently during training. As a result, the test loss in Figure [T{c) decreases more steadily and
achieves lower values with reduced variance across runs.

Convergence to the Limiting FLDS.  As established in Theorem|[T] the feature evolution of ResNets
trained with SGD converges to the limiting FLDS in the joint infinite-width—depth limit. To verify
this result, we conduct experiments and report the outcomes in Figure [2]at initialization and after 10,
30, and 50 epochs of training. The first row of Figure [2 shows that the approximation error (MSE)
decays as O(1/L) with depth and as O(1/n) with width, and that the two limits commute, directly
echoing the convergence pattern predicted by Propositions[2and[3] Moreover, the subsequent rows
demonstrate that the same convergence pattern and rates observed at initialization persist throughout
training. While Theorem [I] establishes convergence under the special order of taking width to infinity
before depth and without an explicit rate, our experiments extend this result by empirically confirming
both the explicit rates and their commutativity during training. Together, these findings strengthen
Theorem [T] by showing not only convergence, but also the robustness of convergence rates under ;P
scaling.
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Depth convergence (log—log, init) Width convergence (log-log, init)

\
Depth " Width
Depth convergence(log-log, 10 epochs) Width convergence (log—log, 10 epochs)
=
0
S .
Depth " Width "
Depth convergence(log-log, 30 epochs) Width convergence (log—log, 30 epochs)
10" “ ’ ’ > \
3]
2
S .
" Depth " Width
Depth convergence(log-log, 50 epochs) Width convergence (log—log, 50 epochs)
_— <
w * ~ \
3]
2
s .

Depth " Width

Figure 2: Depth and width convergence of ResNets under pP scaling at initialization and after 10,
30, and 50 epochs of training. In all cases, the approximation error (MSE) decays as O(1/L) with
depth and O(1/n) with width, uniformly across the other factor, confirming commutativity of limits
and robustness of convergence to the limiting FLDS.
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Figure 3: Hyperparameter transfer across depth and width under pP and depth-adaptive scaling.
Training loss (left) and test accuracy (right) as a function of learning rate for MLPs with varying
depth (3, 6,9) and width (128, 256). The vertical red line marks the optimal learning rate selected at
small scale. The same learning rate generalizes across depths and widths, confirming that uP scaling
and depth-adaptive scaling together enable consistent performance without additional tuning.

Hyperparameter Transfer. An essential property of ¢P scaling is that hyperparameters tuned at
small models can be transferred reliably to larger ones. Figure [3]illustrates this phenomenon for
learning rate selection. On the left, the training loss decreases smoothly as the learning rate increases,
with all depth—width configurations exhibiting the same qualitative trend. On the right, accuracy
peaks near the same learning rate across depths (3, 6, 9) and widths (128, 256), as indicated by the red
dashed line. The alignment of both loss reduction and accuracy gain demonstrates that the optimal
learning rate identified at small models transfers directly to larger ones. This transferability is enabled
jointly by uP scaling, which stabilizes training across widths, and by depth-adaptive scaling, which
normalizes feature propagation across depths. Together, they preserve optimization dynamics across
scales, allowing efficient hyperparameter tuning without the need for expensive re-optimization at
larger sizes.
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