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Generative Al through Transformers

what is the core argument?

PDF TransformerPriGM.pdf

Transformers as Effective Fields:

From Qua i
Quantum Physics to Al @ Thought for 32s

The core argument of this work (the poster for the paper "Transformers Are Optimal

Effective Fields" by Changqging Fu, PriGM@EurlPS 2025) is:

Transformers are not a heuristic design—they are the mathematically optimal
("geodesic") architecture that emerges automatically when you treat neural network
layers as continuous-time evolution of a physical particle/field system and demand

the least geometric structure necessary. v
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Plan

Transformer and Least Action

 Matrix Algebra, HighDim Geometry, MLP / SelfAttention

Quantum Chaos / Statistical Physics

« RMT, Double Descent / Scaling Law, Interactive Fields

From QC to Transformers

o [eft/Right Symmetries, Real/Complex Multiplication, Predictions
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“Attention Is All You Need”

Layer 1 Layer T

Attention MLP Attention MLP ;

X(t+1)=X(t)+ Attention(X (?))
X(t+2)=X({t+1)+MLP(X(t+1))
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Physics = Symmetry Breaking Principle
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*Asymmetrical effects must
have asymmetrical causes.”

— Pierre Curie, 1894




Minimal Path Principle

Input -

X = MLP(X) + Attention(X) = VV(X)

Thls talk




From Word Vector
To Sentence Matrix

CCThe” CCLe”
“quick” “rapide”
X = | “brown” X = | “brune”
WOr d N Unit Ball Skew Ellipsoid mOt N
ok brown fox umps o O'(W) — {)\1, )\2, )\3}

X[1:]=1[030405 YT X1 W =[0.7 0.8 0.9]




Normalization Layer Is Almost Linear:
HighDim R.V. Concentrates on Sphere
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MLP = Learnable Conlc Projection

X = The quick brown fox jumps over the lazy dog. MLP(X) = The ultra nicorn b zing python
CCThe” CCThe77
“quick” “ultrasonic”
= | “brown” | (XWi,)2 Wy = | “caramel” 2y )y Mgl
Mapp.ed
Linear Malpgled
Word N Word N Transformation y-axis
T i |
-y > Y
CCLe77 CCLe77 _|_
“rapide” “rapide” n
XWi, = | “brune” |e——p(X W, ). = | “brune” 4
RelLU MLP = Tropical Rational Map
o o X + MLP(X) = “Projected Gradient Flow”
mot NV mot [NV

X[1:Wy, = [0.7 — 0.8 0.9] =5 (X[1 :]Wi,)s = [0.7 0. 0.9
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SelfAttention: Cubic/Nonlinear

LinearAttention(X) = (XQ) (XK) (XV)O*
N— N S

(Cquery77 Cékey” “Va;].ue”

SoftmaxAttention(X ) = RowSoftmax(XQK* X)XV O~
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From MLP to Attention

MLP(X) = XW,,W* . Attention(X) = XQK " X" XVO~

out

(CThe”
O “qumk”
- MLP(X) “brown” [&
Wout o
word [NV

MultiHead MLP = Wide MLP

Right (Token-Wise) vs Left (Neuron-Wise) Multiplication
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e Standard Model for AT

e

\x

» -
S

uantum Physi

" \e
& - - o S .
[}

@ ) ¥ ‘.’"/ - ~ - -

o> o . ’/ ~ ; .
. » 4 ‘ < » '
.._.' : ’ 4 ’ s -
T ‘ / . <l /"{- .7» - = : .

o ;“"”/ -

cs Analogy




From Quantum Chaos to ML

¥ ;M?"‘ “Spectral statistics of complex
" @ sl Systems are universal and

' 8 determined solely by symmetry
class — they are described by

random matrix ensembles.”

— Eugene Wigner, 1959

SaAlIER
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From Disordered Systems to ML

O'(W) — {)\1,)\2,)\3, .. } C C
Im(aﬂ(W)) Im(c(W))
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Before Learning (MaxEntropy) After Learning (Correlated Weights)
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Generallzatlon and Double Descent

Model Size

Tiny

c.f. Low-Rank QK / VO

Small

(Bad / Singular Case)

Large

c.f. Wide MLP: WinWout

(c(WW?7))

[~ o(WW7)

L

Noise (“Bulk”)

Signal §
| o(WWT)

¢

N
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MLP <-> Attention
Free <-> Interactive Systems

Quadratic Energy  Quartic Energy

1
Va(X) =T XWX")  Vi(X) = Tr( XWX XWX")

MLP(X) = 5;(/2* — XW Attention(X) = 88)‘(/4* = XWX"W
“Free” Interactive
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Are these potential fields canonical?

We need: We also need:

1
Vo(X)=Tr( XWX™) Vy(X)= iTr(XWX*XWX*)

...but, what forms of V (X) :?are ALL we need???

18 " NUNIVERSITE PARIS
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The Bridge: Symmetry



Symmetry / Invariance of Energy

Axiom lnvariance Closed Form

Universality V — Vl V2 c .. Vi(X) =Tr(-- - Wy nXWeyc X" - -)

Perm/Rot Symm V(U(N)X) =V (X) V(X)=V(X*X)

Learnable Symm V(XCy)(W)) =V (X) v(X)=T(J[ xW,X")

Low-Rank X %ﬁ% XVO* W QK" VO WuWs,)

Geoffrey Hinton: “Hand Shaking Analogy”
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Real and Complex-Valued Systems

L east Action: S(X) = [(Kinetic — Potential) d¢ CGomplex Multiplication
Im(x)
Kinetic Term KX)=XX"-XX" f\ .
Re(x
Potential Term Vo(X) =Tr(XWX™) &/
1 Unitary Group

Vi(X) = ST(XWX XWX) |

Anti-Symplectic Terms  V5(X) = Tr(X W X*)

Euler-Lagrange Equation 9§ /8X"< — () \\_/“\

The Transformer ODE X = MLP(X) + Attention(X)
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Linear versus Softmax Attention:
Effective and Entropic Interactions

Recall: LinearAttention V4 (X) = Tr( XW X" X W X™)

nHead N
Vent ( Z ZlogZeXp XW’LX*]JIC)
1=1 1
IV nHead = 1
ent *
xr = Z RowSoftmax( \@XWZ-X ) X W,
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“Effective Field” Scale-Separated Interaction

Renormalization

L InearAttention

r

Votra(hX) =

L

tﬂ

hoVo(X) + h*Vy(X)!

Entropic Regularization / “Free Energy” Multi-Scale Interaction
VZ—I—ent(hX) — hQVQ(

Head, Token i,

NO MORE TERMS!!! &~
SoftmaxAttention

X)+ » LogSumExp(h*[ X W; X*

Hot Limit: as h — 0

+ O(h®)

jk)

Hot Limit: Vanishes Too

Cold Limit: as i — oo Concentrates on Max Token
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Anplicat
pplications: Predicting Structures
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Embedding Space Favors Orthogonal Symmetry

Input x

Input x

Activation A(w'x)

[ 1
0

-]
1
0

1 -1

Output wA(w'x)
' [ 1
T |
=1
\/ 1
0

_]_O

1 -1

RelLU: permutation symmetry

Activation A(w'x)

1 -1
ColLU: orthogonal/rotary symmetry

Output wA(w'x)

1 -1

Label y

1

Label y

1.oss
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e Minimal Example (C=3)
1 ® Improved Generalization
o o Accelerated Convergence
" » Applies to ReLU-Attention

RelLU Test
—— CoLU Train
—— (CoLU Test

\ —— RelLU Train

A\
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0 500 1000 1500

Iteration

CEREMADE PRIAI]

UMR CNRS 7534 Baama "

PaRis Artificial Intelligence Research InstitutE




Scaling Up Conic Activations

1 GPT2 MLP
—3.00- = EZII:S (FineWeb10M) RelU ColLU

-3.25- Forward FLOPs 39.064M 39.101M

3 _350- Test Loss 3.4569 + 0.1182  3.3804 = 0.1159

@)

S -3.75- '?ng'l‘;‘;g? RelU ColLU
—4.00- Forward FLOPs 0.252M 0.257M
—4.251_ | | | | | | Test Accuracy  92.7282 + 0.357 93.5851 +0.442

OK 20K 40K 00K 80{( 100K 120K Diffusion Model
Num Examples (CIFAR10) RelLU CoLU (Faster)
Diffusion Transformer 0.8B Train Loss
(Oxford102) Early Samples

Conic linear units: improved model fusion and rotational-symmetric generative model. VISIGRAPP 2024.
Conic activation functions. UniReps@NeurlPS 2024. PMLR 2025.
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20  NuNIVERsITE PARIS UMR CNRS 7534 W

PaRis Artificial Intelligence Research InstitutE




Gated Activation:
Multi- Trace Model

V3(X) = (XW) 0 (XW)(XW)*
— OV3/0X* = (XW) o (XW)W*

U (XW) 0 (XW) W

UNIVERSITE PARIS
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Sparse Attention:
Non-Commutative Systems

Lemma 8 (Sparse Attention). Under the pairwise non-commutative condition |Ayrp, Aa| = BAa, the
sequential composition of the layers is equivalent to a single effective flow generated by:

exp()\MLP) eXP()\A) — €XP ()\MLP T G(ﬁ) ‘ AA)

where the effective interaction gate G([3) is given by the generating function of the Bernoulli numbers:

G(B) = 2. As B — —o0, G(B) ~ |Ble™1Al — 0.

“Fail to Commute between Tokens — Turn off the Gate”

28



Reference:
https://changqingfu.com/pdf/transformer.pdf

Happy new yedr of the horse!




