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Motivation

How does a trained neural network generalize?

Training Data Test Point
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°
L4 @] O
A s e b fx)
L] > >
° @] o] = 3
o o [ o o What information from
° [ ) o o the training data leads

to this prediction?
N training samples A

We consider any parametric machine trained by gradient descent on a dataset of
examples of (input, output) pairs. Gradient descent is applied to a training loss
expressing how well a network fits the observed samples. The question of
generalization is how a trained network behaves at an unseen input, namely how it
relates the input to the training inputs.

The Domingos formula gives an explicit answer to this question.
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Domingos Formula: A Path-Kernel View

Consider the general training setup:
o Dataset {(x,, )}, neural network f(x,®) : RP x RY — R™.

n=1
o Loss: L(®) = 1SN 4(f(xs,©),y7).
@ Training dynamics: @y = O4_; — nVel(Ok_1).

@ The associated continuous gradient flow, or learning dynamics is defined by

0, =-VL(©,)

We define the path kernel associated to the learning dynamics by

Kt(X? X/) = <VQf(X, et)a vef(xl, ®t)>
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Domingos Formula: A Path-Kernel View

Consider the general training setup:
o Dataset {(x,, )}, neural network f(x,®) : RP x RY — R™.

o Loss: L(®) = 1SN 4(f(xs,©), 7).
@ Training dynamics: O, = Ox_1 — nVol(Ok_1).

When the learning rate 7 — 0 and nk — T, the Domingos formula? is

N T
. 1 or
lim (3, ©7) = £(x,00) ~ & Zl:/o (Vor(x,00). Vof(x, 00) 5 (xn.©:) dt.
= interaction weight; _/_/
path kernel training correction

The path kernel measures how strongly the test point interacts with the training
sample in the tangent feature space at time t.

IPedro Domingos. Every model learned by gradient descent is approximately a kernel machine. arXiv
preprint arXiv:2012.00152, 2020.
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Domingos Formula: an interpolation formula

For a quadratic loss, the Domingos formula becomes

f(x,07) = f(x,00) — Z/ (Vof(x,0:), Vof(xn, ©1)) (f(xn, ©;) — yi) dt.

interaction weight//path kernel training residual

This formula makes it apparent that the output of the learning machine for the
input x is a weighted average along the path of the residuals of all training
samples, weighted by the path kernel. The path kernel appears like a weight that
measures the interaction between the input x and the other samples x,
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Domingos Theorem

Theorem (Informal) Let f(-,©) be a differentiable model trained by gradient descent
6, = —VL(@t) on the data {(xn, y)}\_,, using the empirical loss

LO) =4 anl £(f(xn,©),yx). Then for any input x € RP, the model output at time T

satisfies
1 [T ot
7(5:07) = 1(x.00) =y 3= [ Kilooxa) T (1. ©0).5) &)
Proof. Let ©; = (©1,---,0¢) € R? denote the parameter of the neural network f(-,®). By the
chain rule and the gradient flow ©; = —VL(©;), we have
d
df of aL(Or)
Lix,0) = — _(x,© :
az - ; 907 ) e
d N
of < 1 o
-3 en (33 om0 S 00
90 00} of

1 LY ot i}
= 7N ZZ: a@, (X e )ae, (Xnaet)g(f(xlhet)»yn)

N oe .
Z V@f X ef) V@f(x,,,Gt)> 8f( (Xn7et)7yn)'

Integrating both sides from 0 to T gives (1).
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Domingos Theorem

f(x,071) = f(x,00) — /0 (Vof(x,04), Vof(xn, ©1)) (f(xn, ©) — vy, ) dt.

interaction weight training residual

=/~
M=

Vof (x,6,)
Vof (x1,6:) __— 6,: parameter
trajectory in R¢
————— — Vof(x,6,):
tangent feature
of test data x

Vof (x,6¢,)
Vof (x1, Qtl)

— Vof (xn, 6,):
tangent feature
of training point x,,
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Is Domingos formula general?

@ What if training is made by stochastic gradient descent: Real training is done
by stochastic optimizers using random mini batches.

@ Is there a path kernel representation for stochastic optimizers?

@ How does the Domingos formula depend on the kind of stochastic
optimization (SGDM, RMSprop, Adam)?

@ What does this imply for generalization?
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Continuous Time Approximation of the discrete SGD

The simplest stochastic gradient descent (SGD) is defined by
Okt1 = Ok —nVeols, (Ok),

where By is a random uniform mini-batch with fixed cardinality and

|B| Zg Xmek .yn)

neBy

L, (©k) =

To generalize Domingos formula, we need a continuous model and an asymptotic
formulation of the learning dynamics as a stochastic differential equation.
(Several propositions for a continuous SDE [Mandt, 2015; Jastrzebski, 2018, Zhu,
2019])
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Stochastic Domingos Theorem

Lemma (First-order weak approximation of SGD?) Let T >0, n € (0,1 A T), and

set K= |T/n]. Let {©k}k>0 be the SGD iterates. Define {Z, : t € [0, T]} as the
solution of the SDE

dZ, = —~VL(Z)dt + G T4 (Z) AW, Zo = O, (@)

where
Z|B|(Z) = IEB[(VLB(Z) — VL(Z)) (VLB(Z) — VL(Z))T].

Then {Z;} is a first-order weak approximation of the SGD iterates; for any
smooth test function g,

(max [E[g(0)] — Elg(Zi)]| = O(n)- 3)

2Qianxiao Li, Cheng Tai, and E Weinan. Stochastic modified equations and dynamics of stochastic
gradient algorithms I: Mathematical foundations. Journal of Machine Learning Research, 20(40):1-47, 2019.
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Stochastic Domingos Theorem

Mini-batch sampling

Dataset
{Con y)IN=1

At iteration k, sample
batch By, from

M: number of possible
mini-batches

Stochastic training paths in parameter space

time

Path kernel along each path

KO0 = (7o (0 280), VoS G )

Average over the randomness

Take expectation over
the random paths

The expected prediction admits
a Domingos type i

(KO exn) = (90 (1220, 0 G, 27

> KO Goxa) = (Tof (1,270, Vo (00, 287)

E[f (x,61)] = f(x,60)
10 [k
=5 e[ Km0 - 0

+0().

Theorem (Informal) Consider a learning model y = f(x,©). Assume that © is learned from a
dataset {(xn, y;¥)}N_; by SGD with learning rate 1. Then

N k
E[f(x, 04)] = f(x, ) — %Z]E /0 " K %)
n=1 v

interaction weight

ot
of

(FOm, Zs),y5) ds| + O(n),

(4)

training correction

where Ks(x, x") := (Vo f(x, Zs), Vof(x', Zs)) is the stochastic path kernel.
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Stochastic Domingos’ Theorem (SGDM)

Stochastic Gradient Descent with Momentum

Theorem (Informal) Consider a learning model y = f(x,®©). Assume that © is
learned from the dataset {(x,,y;)}"_; by SGDM with learning rate 7 and
momentum weight 5 € [0,1). Let p = (1 —5)/n. Then

E[f(x,©)] = f(x,©0) — ZIE/ /Ktsxx,, af(f(x,,,Z)y,,) dsdt

~—_——
interaction with
memory decay training correction

+ O(n), (5)

where the path kernel has become
Kes(x,x') := (Vof(x, Z;), e =V f (X', Z;)).

When p is large (weak momentum), the memory kernel collapses and the result
turns to the SGD case.
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Stochastic Domingos’ Theorem (RMSprop)

Theorem (Informal) Consider a learning model y = f(x, ©). Assume that © is learned
from the dataset {(x,, v )}, by RMSprop (Root Mean Square Propagation) with
learning rate 7, second-moment decay rate 8 € [0, 1), and smoothing constant € > 0.
Let 4 = (1 — B8)/n and suppose that = O(1) as 7 — 0. Then

N

E[f (x, Ok)] = f(x, Op) — %ZEU " KP (x0m) gﬁ( (xn, Z2),y2) d }
0 M —_— —

n=1
preconditioned L .
interaction weight training correction

+ O(n), (6)

where path kernel K,”(x, x") = (Vef(x, Z:), Vof(x',Z:)) p-1 and

P, = diag (,u /Ot e H(t=s) [(VL(ZS))2 + diag (X 5/(Zs))] ds) +elg,

%15/(Z) = Es[(VLs(Z) - VL(2)) (VLs(Z) - VL(Z))"].

Motivation | Domingos | Stochastic Domingos | Generalization | Generative Models | Summary 14 / 38



Stochastic Domingos’ Theorem (Adam)

Consider a learning model y = f(x,®). Assume that © is learned from the dataset
{(Xn, ¥7) N . by Adam with learning rate 7, first-moment coefficient 81 € [0,1),
second-moment coefficient > € [0,1), and smoothing constant € > 0. Let

a=(1-p1)/n = (1—B)/n, and suppose that c; = O(n~*) for some & € (0,1) and
¢ =0(1) asnp — 0. Then

1 & kot b il .
E[f(x7@k)] = f(X7 eo) —ab N ;E{/(; /0 Kt,st(X7X") E(f(XmZS)LVn)det

N k
1 n oL N
—all-p) g ZE[/ K 0x0x) 57 (Fxn, Z0), yi) dt} +O(v/n), (7)
n=1 0
where stochastic path kernel

V 1—e <! —ci(t—s
thpst(X, X/) = <Vef(X, @t), 1_7:7“e (t )Vef(X/, @f)>Pt_1

and P; = c21/2

diag (fof e—c(t—s) [diag(z‘m(zs)) + (VL(ZS))2] d5)1/2 N Smld.
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Evolution of gradient kernel during training
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Figure: Normalized path kernel Rt(x;,xj) = Ke(xi, x;)//Ke(xi, xi) Ke(xj, x;) on MNIST and
CIFAR-10. (a,d) Example samples. (b,e) Kernels at initialization. (c,f) Kernels after training.
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Extrapolation failure in the gradient kernel view

» Digit 0 (Epoch 0) « Digit 3 (Epoch 0) - Digit O (Trained) - Digit 3 (Trained) - Digit 6 (Untrained) - Digit 8 (Untrained)
- Digit 1 (Epoch 0) « Digit 4 (Epoch 0) - Digit 1 (Trained) - Digit 4 (Trained) « Digit 7 (Untrained) - Digit 9 (Untrained)

« Digit 2 (Epoch 0) - Digit 2 (Trained) - Digit 5 (Untrained)
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Figure: UMAP visualization of MNIST digits in the tangent feature space

{Veof(x, ©k)}N,. Left: Initialization (0-th epoch) on digits 0—4. Middle: After
training on digits 0—4 (200-th epoch). Right: Tangent-feature visualization of all digits:
while trained digits (0—4) remain well separated, unseen digits (5-9) fail to form distinct
clusters.
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Extrapolation failure in the gradient kernel view
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Figure: Normalized gradient kernel for out-of-domain printed digits. Top: normalized
gradient kernels at initialization (a) and after training (b), and the printed-digit
confusion matrix (c). Bottom: MNIST and printed digit examples. Blue and pink bars
indicate MNIST and printed blocks, respectively.
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Extrapolation failure in the gradient kernel view
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Figure: Normalized gradient kernel for out-of-domain inputs (unseen letters). Left:
MNIST digits and unseen handwritten letters M, N, U, V', A. Middle and right:
normalized gradient kernels at initialization and after training.
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RKHS reminder

A positive definite kernel K : X x X — R generates a Reproducing kernel Hilbert
space (RKHS) Hx with inner product

<K(X’ ')’ K(y, ')>HK = K(Xa)/)'
For every f € Hy, the reproducing property gives:

f(x) = (f, K(x,"))n,, Vx € X.
Given a data distribution i, x’ ~ pu, define the integral kernel operator

[Tiel(x) = /X K(x, X )& (x') du(x').

If g(x’) represents the training residual (correction) at point x’, then
K(x,x")g(x") measures how much the correction at x’ contributes to the pre-
diction at x.

By integrating over all x’, we obtain the total correction received at x.
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Generalization Error and Kernel Null Space

Let IC; be the integral operator induced by stochastic
path kernel Ki(x,x") = (Vof(x,©O:), Vof(x',0:)),

defined by
, , , K(0) = (00, 90)ac
eeell) = [ Kilxx) gl P,

kP *@)
where P is the marginal distribution of x on R”. o0 ?Ez *
The stochastic path kernel induces a L
trajectory-dependent RKHS Dl

He = Hk,- PN

r TSt y X

Mercer’s theorem gives

Ke(x,x") = 372 Ai ¢i(x) ¢i(x") and

ker(K¢) = span{¢; : A = 0} collects the unlearnable
directions.
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Generalization Error and Kernel Null Space

Theorem (Informal) Under mild assumptions, let f* be the target function and
suppose the loss is the mean-squared error. Define the terminal residual
At (x):=f*(x) — f(x, Zr) and the generalisation error

" 2
eri= |87l = [ (60 F(x.21)" 4P().
Then, as n — 0,

Ve>0, P(AreN(ker(K7))) =1,

where N_(+) denotes the e-neighbourhood in L(RP,P). In particular, the

generalisation error £7 is governed by the component of the residual lying in
ker(KC1).
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Generalization Error and Kernel Null Space

Adaptive RKHS along trajectory

2(P) =

/"
702

£.00) 27
74

L
TC.00)@

At each time t, the stochastic path kernel K; induces an RKHS H;.
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Path Kernel Perspective for DDPM
(Denoising Diffusion Probabilistic Model)
Forward SDE (data — noise)
dx = £(x,t)dt + g(t)dw *)@
TLTE
dx = [f(x,t) - ¢* (t) dt + g(t)dw —@

Reverse SDE (noise — data)

Corollary (Informal) Let {(xt,,,,y(t)),st}tT:”ﬁnzl denote the training set, where T
is the total number of timesteps and N is the number of training samples. Let
{Zs} denote the weak first-order approximation of the SGD iterates. Then, for
any query (x,(7)), the expected noise prediction satisfies

Eleo((x,7(r)), €4)] = co((x,7()). @0)
2 T N
+ O(n),

where Kj is the stochastic gradient kernel of the noise predictor eg.
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Path Kernel Perspective for Generative Models

Path memory over all samples and noise levels

stored denoising residual

t € {1,2,---, T}: noise levels (time partition)
[r(t, mZs) = ||£9 ((xt_n,y(t)),Zs) B Et”J n € {1,2,-+, N}: trajectories (samples)

- distributionw./\’\w Yoryort o

n=
Near 7,
(high relevance)

[
Test data (x,y (7))

(query)
Expected generated output 1L -
Eles (¥ (0),00] = £9((x ¥ (1), 60) 370, ). E [ f r(t,n Z))Ks (2 (@), Cen ¥ () ds]
==l hoise-prediction  interaction
+0(m). residual weights
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Path kernel perspective for GAN

Generative adversarial networks (GANs) learn a generator G(+,-) : Z X RP — X and a
discriminator D(-) : X — (0, 1) via the minimax objective

me;n max {EXNPdm log D(x) 4+ Ez~p, log (1 — D(G(z, ©))) }

Corollary (Informal) Consider a generator Gg := G(-, ©) trained by SGD with learning rate ) on
latent samples z’ ~ pz. Assume that the discriminator is fully optimized at each iteration and
treating D* as fixed when differentiating with respect to ©. Let {©;} denote the weak
first-order approximation of the SGD iterates. Then, when V, log pgata and Vy log pg, are
well-defined, for any query z, the expected generator output satisfies

E[Ge, (2)] = Goy(2) — E[/Ow Ey o) [Kt(z, z/)% £(D*(Ge, (2'))) ] dt} + 0(n)

kn .
= Gey(z) +E [/0 E,/ pz) {Kt(z’ z')D (Gét(z/)) (Vy log paata(y) — V, log p(;ét (y)) ‘y:Gé (Z,)] dt}
t

+ O(n)s (®)

where K; is the stochastic gradient kernel of the generator Gc:)t, and
¢(D(Gg,(2))) = log(1 — D(Gg, (2)))-
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Path Kernel Perspective for GAN

Data space X'
)
Latent space Z —— Attraction
\ toward real data
s C,: dominant ds i

B latent cluster G Go.(2) «:’; Collapsed modes Rensml/
" enerator 0.(Z << —— Repulsion
- — G, — / / \\ ~ away from

D y generator density

: 4 . — Real data

. z'~p, =N (0,1) / density

I /

discriminator-induced correction field

v(#',60):= D" (Go, (") (Vy log Paata¥) — Uy logpagt(y))

y= Gy,(Z')]

Expected generated output

>rated

kn
E[G(z,6)] = G(z,6,) + E fo By [Ke @202 (2', 6)]dt + O(n)

interaction correction
weights field

Mode collapse amplification:

A subset of latent samples C,,,

dominate the correction field
v (2',6y).

= Mode collapse is reinforced
during training.
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Path Kernel Correction for Generative Model

Diffusion model DM’s correction(residual):
[T(f- nZs) = ||€9 ((xt,n-y(t))-zs) - 5t|”

GAN’s correction

W ¢ (v, 80: = D* (6o, () (Vy 108 Puata ) = Vy 10876, )], - )
Data distribution | . ) Gaussian distribution | Difference:

1
A 2 N DM retrieves supervised residuals from a full noise-indexed
f Near © Far fro memory.
(high relevance)
[ GAN propagates distributi i h corrections from the current
Test data (x, (1)) enerated support.
(query) g pport.
GAN Data space X'
Latent space Z — Attraction
- \ - toward real data
. %o, density
€, dominant o
atent cluster Generator - — Repulsion
. P Gy, away from
Nz ¢ generator density
Real data
density

.z'~p<z) =N@E.D

Generated

density
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What Is Missing from First-Order Path Kernels?

@ Domingos’ formula gives a first-order explanation of prediction:
prediction=initialization4+-accumulated tangent feature interpolation.

@ However, practical training is not purely first-order.
> The finite learning rate, the curvature of the loss landscape, and the
randomness of mini batch sampling introduce higher-order corrections to the
prediction.

Can we make these corrections explicit in the interpolation formula?
Does a higher-order description still preserve the interpolation structure?
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Second-Order Interpolation: Gradient Descent

Theorem (Informal) Consider a differentiable model (-, ©) trained on a set {(xa, y;)}"_; via
gradient descent with learning rate > 0. The model output satisfies

F(x, ) = f(x, ®0) — —Z/ Ki(ox0) 02 (F 6, ©0),7) e
%,_/

path kernel . .
training correction

training correction

where path kernel K:(x,x") := (Vo f(x,©¢), Vof(x',©:)), curvature-induced kernel
K (x,x') = (Vof (x,0), Vof(x'.00)) g2 (0,

Remark. Under a learning-rate schedule 1y = Nmin + 5 (nmax — r]min)(l + COS(%ﬂ')),
k =0,...,K, the prediction satisfies

F(x,0K) =F(x, O0) — — Z/ w(t) = Ti()) K, xn)—(f(xn,@ )y dt

T ol
L Z / W(t)2 K (%, Xn) = (F(xn, ©t), i) dt + O(n),
N = Jo of

with the scalar weight w(t) =1+ %(H —1)(1 + cos(Z*)), & = Nmax/Tmin, t € [0, T].
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Second-Order Interpolation: Gradient Descent

Proof. Let ©; € R? denote the parameter trajectory of the model f(-,©). Following the
standard modified equation for gradient descent, we approximate the discrete update
Okt1 = Ok — nVL(O«) by continuous-time dynamics

O: = ~Vol(6:) — 2VaL(0:)VeL(r) + O(r’). (9)
By the chain rule and (9), we obtain

(x 00) = Vof(x,0.) "% de*

= Vof(x,0,)" (fveL(et) - ﬂvéL(et)VeL(ef) + O(n2))
13 (Ve f(x,0:), Vo (x, 00)) o (£ (30, ©2), )

n=1
n N a‘e * 2
“oN Z(Vef(x7 ©:), Vo f (xa, @t)>véL(et)§(f(Xn: ©:),yn) + O(n),
n=1

where (Vof(x,©:), Vof (xa, ©t))vz (0, = Vef(x ,0:)TV3L(0:)Vof(xn, O1).
Integrating both sides from 0 to T ylelds the result.
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Second-Order Interpolation: SGD

Compared with GD, SGD introduces an additional source of randomness: the mini-batch
gradient noise.

Theorem (Informal) Consider a learning model y = f(x, ©) trained by SGD with
learning rate 7). In the sense of a second-order weak approximation of SGD, we have

E[f(x, 0] = F(x,€0) — 5 > _E

/TK(XX)%(f(X Z:),yn) ds
o s » AN 6f ns S?.yn

77 N
TR

n=1

/ ,‘(cur X X")gi (f(Xm Zs)7_y:) d5:|

+0(n%),

c\

Tr(véf(x,zs) z‘w(zs)) ds

sampling-induced term

where Ki(x,x) := (Vef(x,©:), Vof(x',0:)), curvature-induced kernel

KE (') = (Vor (x,01), Vor (¥, ©0)) gz 00

This sampling-induced term is specific to SGD and depends on the mini-batch sampling

noise, it reflects the interaction between mini-batch randomness and Hessian of the
model output.
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Second-Order Interpolation: SGDM

Theorem (Informal) Consider a learning model y = f(x, ©) learned from a dataset {(xn, y;*)}V

n=1
using stochastic gradient descent with momentum (SGDM). In the sense of a second-order weak
approximation of SGDM, we have

E[f(x,©k)] = f(x,09) — LilIE [/OT/Ot Kf,s(x,xn)%(f(xn,zs),y,’,‘) ds dt
%ZN:]E |:/0T/0 KC‘“(X x,,) (f(xn,Zs) y,,) dsdt]

- EN: E {/OT Kt(x,x,,)% (F (s Z6), ) dt}

+ ViE {/OT/Ot e~ H(t=s) Tr((DsZt)TVéf(x, Z) llé‘z(zs)) ds dt} + 0(n?),

sampling-induced term

where p = % is fixed, 8 is momentum weight, and

2
K s(x, xn) == <V@f(x, Z;), e #{(t=9) (1 - %(t - s)n) Yof (xn, zs)> ,

KEr (x, % —<v F(x, Z:), e M IVof (xn, Z2) ) .
( n) © t), of (xn, Zs) j‘;véL(z,)dr

Here, Ds denotes the Malliavin derivative with respect to the driving Brownian motion at time s.
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Fluctuation around the interpolation formula

Higher-order terms still preserve the interpolation structure.
They refine it by adding curvature-weighted and sampling-induced interpolation
corrections.

The formula gives the mean prediction, but how far is the realized prediction from
it?

A simplified form of Proposition 4.13 gives, for any ¢ € (0, 1),

e2RnT— 1 2
]P’(f(x,@K) —E[f(x,@K)” < S|B|Gf(x) HT |Og 5) > 1-6.

n

Here Sz is an upper bound for the mini-batch noise covariance, Gr(x) >0

bounds ||[Vef(x,z)|| on U, and Rn collects the regularity constants of the drift
and diffusion terms.

3Jin Guo, Roy Y. He, and Jean-Michel Morel. Second-Order Path Kernel Interpolation
Formulas in Machine Learning. arXiv preprint arXiv:2606.07495, 2026.
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Scaling order verification

First-order residual Second-order remainder
—e— interpolation —e— interpolation -
---- slope =1 —=— extrapolation
P 10 P

---- slope = 2

mean |R|

102 107! 102 10
n n
SGD first-order remainder SGD second-order remainder
—e— median [Ry(x)]| 10" { —e— median [RZ(x)

- slope=1 I I - siope=2 1

[RP ()]

1071 10° 1071 10°

Figure: Scaling verification of the output expansion. Top: GD remainders show
first-order O(n) and second-order O(n?) scaling after subtracting the corresponding
path-kernel and curvature terms. Bottom: SGD remainders show the same empirical
scaling across 20 independent runs.
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Summary

@ Training as memory. Neural networks store residuals along the parameter
path. Predictions are obtained by retrieving these residuals through
path-kernel interaction weights. Thus, the network prediction is a
trajectory-dependent interpolation of the training data.

@ Stochasticity changes the memory weights. Mini-batch noise does not
destroy the path-kernel representation. Different optimizers change the
weights of training corrections.

o Generalization through adaptive RKHS. The stochastic path kernel
induces an adaptive RKHS, and the generalization error lies in the null space
of the associated kernel operator.

o Generative models through the same lens. Diffusion models and GANs
both admit a path-kernel correction form.

THANK YOU!
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Neural Tangent Kernel

NTK gives a static kernel view of neural network prediction.
o Neural tangent kernel(NTK)[: Vof(6,x)

Ky T8 (x,x') = (Vof (0, x), Vof(0,x')) 9/

measures the similarity between data points
x,x’ by comparing their gradients.

@ Under infinite width limit and NTK initialization, the NTK view is static.

KNTK(

x,x').

)~ KT

The kernel is (approximately) fixed at initialization.

[1] Jacot, A., Gabriel, F. and Hongler, C., 2018. Neural tangent kernel: Convergence and
generalization in neural networks. Advances in neural information processing systems, 31.
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Neural Tangent Kernel

@ Wide neural networks are linear in the parameter space

f(x,0:) = f(x,00) + (Vof(x,00),0: — 0o) + O (%) ,m: width of NN.

The NTK regime views neural network training through a nearly fixed linearized
model around initialization.
Wide neural network (width m)

Tangent feature view

(at initialization 6,) Useful for analyzing

>0 infinite-width NNs.
Aok, (.00 — f(x,60) R o
Q{O ~ ®(0)7(8: — 6o), But finite width training can
\O ®(x) = Vof (x,60) move beyond this linearized
1(x,60) regime_

L layers m— o
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