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1. Understanding
the underlying
algorithms



Learning a transformation

Latent space Phase space
p(2) p(x)
!
—’
Z X
- easy to sample from - hard to sample from
- (sometimes) known analytical form - (usually) unknown analytical form

- usually not physically interpretable - physically interpretable
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Learning a transformation

Requirements

transform . . . .
> X ~ p(x) 2. PmodelX) = p(x) 3. Feasible training & inference time

1. z~p(2)
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Learning a transformation

Latent space Phase space

z ~ p(z) X ~ p(x)

?

©
—_—

A Neural Network?

Z X
- easy to sample from - hard to sample from
- (sometimes) known analytical form - (usually) unknown analytical form

- usually not physically interpretable - physically interpretable



Generative Adversarial Networks
(GANS)

Generator

ZNP(Z) _> _> jZE GH(Z)



Generative Adversarial Networks
(GANS)

Generator Discriminator

7~ P(7) m—p —P %= Gy(z) — . — p(class 1|x) & D¢(x)

x ~ p(x)



Generative Adversarial Networks

(GANS)

Discriminator

Classification task: Distinguish class 1
(true) samples from class 0 (generated)
samples

— | dz p(z) log (1 — D¢(G9(z))> — | dx p(x) log D¢(x)

Minimal for D¢(G9(z)) — 0 Minimal for D¢(x) — 1

Generator
Goal: Fool discriminator p(class 1|Gy(z)) — 1

|z pte) 10g (1 - (Gt

\——\,~J
Minimal for D ,(Gy(z)) — 1



Training

def batch_loss(self, x):

Args:
Xx: real samples from phase space, shape (batch_size, ...)

Returns:
d_loss, g_loss: discriminator and generator losses

batch_size = x.s1ze(0)
z = self.latent.sample((batch_size,)).to(x.device)

real_labels = torch.ones(batch_size, 1, device=x.device)
fake_labels = torch.zeros(batch_size, 1, device=x.device)

x_fake = self.generator(z)

# ---- Discriminator loss ----

# D maximizes E[log D(x)] + E[log(1 - D(G(z)))]

d real = self.discriminator(x)

d_fake = self.discriminator(x_fake.detach()) # detach: no gradients to G here

d_loss = F.binary_cross_entropy(d_real, real_labels) \
+ F.binary_cross_entropy(d_fake, fake_labels)

# ---- Generator loss (saturating, ortiginal form) ----
# G minimizes E[log(1l - D(G(z)))]

d_gen = self.discriminator(x_fake)

g_loss = torch.log(1.0 - d_gen).mean()

return d_loss, g_loss



Training

for x in dataloader:
d_loss, g_loss = self.batch_Lloss(x)

self.opt_d.zero_grad()
d loss.backward()
self.opt_d.step()

self.opt_g.zero_grad()
g_Lloss.backward()

self.opt_g.step()



Sampling

def sample(self, n):

Generate n samples from the model.

Args:
n: number of samples to draw

Returns:
X_gen: generated samples, shape (n,
self.generator.eval()
with torch.no_grad():
z = self.latent.sample((n,))
X_gen = self.generator(z)
return x_gen
self.opt_g.step()



Generative Adversarial Networks
(GANS)

L AN = m;x m@in [dz p(2) log (1 — D¢(G@(z))) + de p(x) log D ,(x)

In summary What’s the problem?
1. Two arbitrary networks Gy, D, 1. Unstable
5 An arbi | £ arbi g nalit 2. Mode collapse
. An arbitrary latent space of arbitrary dimensionality p(z) 3 No direct access to likelihood

3. Single-shot sampling



Variational Autoencoders
(VAES)

ZNP(Z) _> _> XEDQ(Z)



Variational Autoencoders
(VAES)

Encoder Decoder

X ~ p(x) =—p . — ﬂ,GEE¢(X) —>ZNP(Z‘IJ¢,U¢) —l —P X = Dy(2)



Variational Autoencoders
(VAES)

Encoder

Encode x into Gaussian latent space
7= ﬂ¢(x) + 0¢(x)€
with e ~ A4°(0,1)

Effectively
7 ~ p(z| (%), 04(x)) = py(z] x)

Decoder

Decode 7 into phase space
x = Dy(z) + oe
With e ~ A4(0,1)

Effectively
x ~ p(x|Dy(z)) = py(x|2)



Variational Autoencoders
(VAES)

Encoder

Encode x into Gaussian latent space
Z = py(x) + o4(x)€ ~ py(z]x)
with e ~ A4°(0,1)

Dir(py(z| 01 H(0,1))

\—\,—_J

Regularisation

Decoder

Decode 7 into phase space
x = Dy(2)

Ix — Dy(2)|I°

\—\/—_J

Reconstruction



Training

def batch_loss(self, x):

Args:
Xx: real samples from phase space, shape (batch_size, ...)

Returns:
loss: total VAE loss (reconstruction + KL)

# Encode: returns parameters of p_phi(z/x) = N(mu, sigma”2)
mu, log_var = self.encoder(x)

# Reparameterization: z = mu + sigma * eps, eps ~ N(@, I)
eps = torch.randn_like(mu)
z = mu + torch.exp(0.5 * log_var) * eps

# Decode
X_recon = self.decoder(z)

# ---- Reconstruction ----
# MSE between x and decoder output
recon_Lloss = ((x - x _recon) ** 2).sum(dim=1).mean()

# ---- Latent reqularization ----
# KL( N(mu, sigma~2) [| N(O, I) ), closed form
KL_loss = 0.5 * (mu.pow(2) + log_var.exp() - log_var - 1).sum(dim=1).mean()

return recon_loss + Kkl Lloss



Sampling

def sample(self, n):

Generate n samples from the model.

Args:
n: number of samples to draw

Returns:
X_gen: generated samples, shape (n,
self.decoder.eval()

with torch.no_grad():
z = torch.randn(n, self.latent_dim)

X_gen = self.decoder(z)
return x_gen



Variational Autoencoders
(VAES)

ZLyag = lIx = DQ(Z)Hz + /) DKL(pgb(Z‘x)H A(0,1))

In summary What’s the problem?

1. Good on average, bad in details

2. Limited b tric f f latent
2. Tractable latent space of arbitrary dimensionality p(z) 3 Nlcr)n:jﬁectégsgz?for;i(l:(eclbimo% AIent Spate

3. Single-shot sampling

1. Two arbitrary networks £, D,



Learning a transformation

Latent space

z ~ p(z)

- easy to sample from
- (sometimes) known analytical form
- usually not physically interpretable

?

—_—

A function parametrised by a neural
network?

Phase space

x ~ p(x)

- hard to sample from
- (usually) unknown analytical form
- physically interpretable



Invertible Neural Networks
(INNs)

Encoder Decoder

X~ P(X) m— ._P 72~ p(z) — — X = Dy(2)



Invertible Neural Networks
(INNs)

Encoder Decoder

X~ P(X) m— ._P 72~ p(z) — — X = Dy(2)
?




Invertible Neural Networks
(INNs)

Encoder Decoder

X~ P(X) m— ._P 72~ p(z) — — X = Dy(2)

Generally, not invertible



Invertible Neural Networks
(INNs)

Encoder Decoder

X~ px) =——> . —_—> I=f ) ——> —> =/

Jo(2) = f(z, Dy)



Invertible Neural Networks
(INNs)

fl=x  filx)=z

Pe(xX)dx = p(z)dz

)
dx = |det 22| 4;
0z
of |~ of;"!
po®) =p) |det=2| = p(f;'(x))|det =
0z ox

What do we want?

0
1. fy needs to be invertible (bijective) ( k )

2. The Jacobian determinant must be tractable to compute
Lower triangle matrix



Invertible Neural Networks
(INNs)

What do we want?

1. fo needs to be invertible (bijective)

2. The Jacobian determinant must be tractable to compute

How to construct f,
1. Autoregressive flows (IAF, MAF)
2. Gontinuous normalising flows

3. Coupling blocks



Invertible Neural Networks
(INNs)

Coupling blocks — Affine Layers
DQ — S tg < l J
' %) eXp(S@(Zl)) + tg(Zl)

I

f

X



Invertible Neural Networks
(INNs)

Coupling blocks — Affine Layers

Dy = sp, 1y A l } Z
—> (%3 — 1g(x;))exp(—sy(x)))
fo
1 Uoi U |
af (9_ 0x; 0X, 1 0 af@_
ox ot ot | (ﬁnite diag(exp(—sg(xl)))> — detg = HeXp(—S@(xl))

0x; 0X,



Invertible Neural Networks
(INNs)

Coupling blocks — Affine Layers

k k—1 2 1
fe:feﬁofé >o,,,ofé>of9<>
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—> 2 XP(8y(21)) + 15(24)
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Invertible Neural Networks
(INNs)

Coupling blocks — Affine Layers

Bt = O o @) oo (fED) T o (00!
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Invertible Neural Networks
(INNs)

- L |
Coupling blocks
$

f02(21, 20) can be arbitrary as long as invertible in z,

Spline parametrization (Quadratic Splines, Cubic Splines, Rational Quadratic Splines, etc)



Training

def batch_loss(self, x):

Args:
X: real samples from phase space, shape (batch_size, ...)

Returns:
loss: -log p(x), averaged over batch

# Inverse pass: x -> z, accumulating log/det df"*-1/dx| across blocks
z, lLog_det = self.block_transformation(x, inverse=True)

# log p(x) = log p(z) + log [det df"-1/dx|
log_p_x = self.latent.log_prob(z).sum(dim=1) + log_det

return -log_p_x.mean()



Sampling

def sample(self, n):
z = self.latent.sample((n,))
X, = self.block_transformation(z, inverse=False)
return x



Invertible Neural Networks
(INNs)

ZInn = — log py(x)

In summary What'’s the problem?

One arbitrary networks D, 1. Invertibility constraints
2. Latent space constraints

Tractable latent space of fixed dimensionality p(z) 3. Gan be slow in inference or training

1.

2.

3. Single-shot sampling
4. Fast access to likelihood



Learning a transformation

Latent space

z ~ p(z)

- easy to sample from
- (sometimes) known analytical form
- usually not physically interpretable

?

©
—_—

A stochastic process parametrised by
a neural network?

Phase space

x ~ p(x)

- hard to sample from
- (usually) unknown analytical form
- physically interpretable



Diffusion Networks

Forward (Diffusion process) Backwards (Denoising process)

X ~ ;) . =~ () ——— — > x~ Py )



Diffusion Networks

Forward (Diffusion process) Backwards (Denoising process)
SDE: dx = f(x, t)dt + g(t) AW SDE: dx = (f(x, 1) — g(t)? V _log p(x, t)) dt + g(t) dW
] L I
Drift Diffusion Score

Choose f(x, t) s.t. forward process becomes tractable

f(x, 1) = xa(?) —> p(x, t| xg) = N (u(t), o(t)) —> x(1) = u(t) + eo(¥) with e~ 4(0,1)

Need to make sure that  p(x,f = 0) = p(x) and px,t=T)=/4/(0,1)

Forward model completely determined, but backwards®?



Diffusion Networks

Forward (Diffusion process) Backwards (Denoising process)

SDE: dx = f(x, )dt + g(t) dW SDE: dx = (f(x, 1) — g(t)*V log p(x, 1)) dt + g(t) AW

Forward model completely determined, but backwards?

Unknown part is the score function

[sy(x, 1) — V og p(x, 1)]|*



Diffusion Networks

Forward (Diffusion process) Backwards (Denoising process)

SDE: dx = f(x, )dt + g(t) dW SDE: dx = (f(x, 1) — g(t)*V log p(x, 1)) dt + g(t) AW

Forward model completely determined, but backwards?

Unknown part is the score function

€
arg min ||sy(x, 1) — V_log p(x, 1)||* = arg min |sg(x, 1) — V. log p(x, tlxo)ll2 = arg min ||sy(x, 1) + _t”2 = arg min ||ey(x, 1) — el|?
0 2 0 o 0

Score-matching DDPM



Diffusion Networks

Forward (Diffusion process) Backwards (Denoising process)
SDE: dx = f(x, H)dt + g(¢t) dW SDE: dx = (f(x, 1) — g(t)? V _log p(x, t)) dt + g(t) dW

Once, score is known

T

T
J di (fix, 1) — g(0*V Jog p(x, 1)) +J dW(1) g(t)
0 0

de

0

T T
X = ¥ - J (x. 1) — g1V Jog p(x. 1)) — J AW(1) g(1)
0 0



Diffusion Networks

Design choices

1. Exact choice of loss
2. 1- sampling or SDE solver (discrete grid, continuous interval)

3. Choosing u(t) and o(?)

Example DDPMs

1. Denoising-loss Zpppv = |l€4(x, 1) — €|
2. Discrete r-sampling with an Euler-Maruyama solver

[
3. U, = \/ 1-px, and o, = \/,Bft with 1 —f, = H(l — ;) and [; noise-scheduler
i=0




(DDPMs)

Denoising Diffusion Probabilistic Models

Training
t ~U(LT)
Y A
zo ~ p(x0) — 2, = \/1 — Bo + \/Bie — DDPM
A
e ~ N(0,1) €6
> L= [le — €g]|” <

Figure from arXiv:2305.10475



https://arxiv.org/pdf/2305.10475

Denoising Diffusion Probabilistic Models
(DDPMs)

Sampling

Figure from arXiv:2305.10475



https://arxiv.org/pdf/2305.10475

Denoising Diffusion Probabilistic Models
(DDPMs)

2
Zpppm = ll€p(x, 1) — €]

In summary What’s the problem?

1. One arbitrary networks ¢, 1. Latent space constraints to be Gaussian

2. Gaussian latent space of fixed dimensionality p(x;) 2. Slow inference

3. Likelihood even slower
3. Multi-shot sampling (1" times)
4. Access to likelihood



Conditional Flow Matching
(CFM)

Forward (Diffusion process) Backwards (Denoising process)

Xo ~ P(X) —p . —p 2= X~ DX X)) — —P X, ~ Po(X| X))



Conditional Flow Matching

(CFM)
Forward (Diffusion process)
Diffusion SDE: dx = f(x, 1)dt + g(t) dW
1 2
CFM ODE: dx = | f(x,1) — Eg(t) V_ logp(x, 1) | dt

Velocity v(x, f)

In this setup: Once you know v(x, t) = <
What’s different?
1. Drop all randomness

2. Time-symmetric
3. Instead of learning score, learning velocity field directly

Backwards (Denoising process)
SDE: dx = (f(x, 1) — g()*V log p(x, 1)) dt + g(r) dW

ODE: dx = — (f(x, 1) — %g(t)2 V _log p(x, t)) dt



Conditional Flow Matching
(CFM)

ODE: dx = v(x, t)dt

How can we learn the velocity?

[vg(x, 1) — v(x, D)



Conditional Flow Matching
(CFM)

ODE: dx = v(x, t)dt

How can we learn the velocity?

arg min [|vy(x, 1) — v(x, H||* = argmin ||vy(x, 1) — v(x, ] xp)1|7
v 0

Construct a tractable conditional velocity field through simple trajectories
Example: Linear trajectories
x(t) = (1 — Hxy + 1x

dx
v(x, t| xg) = — = x; — X

dt



Conditional Flow Matching

(CFM)

Training

t ~U(]0,1]) l

Xy p(ZBQ), L1 ~ N(O, 1) —> $(t|£€0) — (1 — t)CE() txq

> CEFM

%

> L — (Ug— (33'1 —ZIZ())) <

Figure from arXiv:2305.10475



https://arxiv.org/pdf/2305.10475

Conditional Flow Matching
(CFM)

Sampling

ZIL‘Q:.CCl—fOl dt@



Conditional Flow Matching
(CFM)

ZLeorm = lvex, 1) — V(X,f\xo)Hz

What’s the problem?
In summary

| 1. Slow inference
1. One arbitrary networks vy 2. Likelihood even slower
2. Arbitrary latent space of fixed dimensionality p(x;)

3. Multi-shot sampling
4. Access to likelihood



Autoregressive Networks

n-dimensional phase space with p(x;,...,x,) = Hp(xl-\x<i)
i

Most famous example: GPT-style LLMs

p(ML 1s cool.) = p(ML) p(1s | ML) p(cool | ML, 1s) p(. | ML, 1s, cool)

What’s the difference?

1. Fitting 1d distribution is easy, multi-dimensional ones are hard
2. Factor n-dimensional joint into n 1-dimensional conditionals (chain rule)
3. No latent space — directly model p(x)



Autoregressive Networks

n-dimensional phase space with p(x;,...,x,) = Hp(xi\x<i)

l

Most famous example: GPT-style LLMs

p(ML 1s cool.) = p(ML) p(1s | ML) p(cool | ML, 1s) p(. | ML, 1s, cool)

How to train?

—~log py(xy, ... x,) = = ) log pyl; | x2))



Autoregressive Networks

P(Ce,1)

Design choices:

1. 1d parametrisation (binned, Gaussian mixture etc.)
2. Autoregressive order (natural order?) p(co 5 | ML)

Example: LLMs I l
is are models can yocliels e

1. Categorical distribution over entire vocabulary
(Learned parameters are bin-heights)
2. Language has natural beginning and end points

P(Ce,s | ML is)

[| [T |

useful cool important powerful sog




Autoregressive Networks

ZL sr = — log py(x)

In summary

1. One arbitrary networks ¢,

2. No latent space
3. Autoregressive sampling
4. Access to likelihood

What'’s the problem?

1. Slow inference
2. Limited by parametric form
3. Autoregressive order not always trivial



N

/0

»

2. Finding the right
problem formulation



Generative networks in HEP are used to ...

1. Fast simulation through surrogate models (calorimeter showers, parton showers, End-to-End ,...)

2. Density estimation for
* Anomaly Detection
(background estimation)

 SBI (NPE, NLE)
(parameter inference)

* Unfolding
(correcting for detector effects)

* Neural importance sampling
(learning a proposal function)

* Improve hadronization
(learning data density)

* Superresolution



3. Validating
generated samples



Validation

Classifier metric

Which model did best?
What we have?

Samples X ~ P o4e1(X) and x ~ pPg,eq(X) 10' 5 —
: —— Model 1
_ el Model 2
What do we want to know? 1071 | = —— Model 3
8 _
Ispmodel(x) — pdata(x) ? S
TS@ 1073 4 _LLL‘_‘_
5
How to test? - ; T
-
Classifier train on samples from p, 1.(X) (class 0) and py,,(x) (class 1) 19
1) i | AN— . S — T,
Why? 102 1071 10" 10 10
CONVERGED classifier output Cy(x) can be translated to w(z)

pdata('x) - CQ(X)
pmodel(x) 1 - CH(X)

w(x) =

Figure from arXiv:2605.30453



https://arxiv.org/pdf/2605.30453

Validation

Classifier metric

Which model did best?
Model 1: Sharp peak around w(x) = 1, no tails

— Essentially p,,,4e61(X) = Pgaa(), N0 localised mismodelling

Model 2: Peak around w(x) = 1, tails towards larger weights

= In bulk p,461(X) = Pga.c(x), model underpopulates certain
phase space region

Model 3: Washed out peak at w(x) = 1, large tails on both sides

— model underpopulates certain phase space regions (large
weights), overpopulates others (small weights)

Normalized

1071

1073

[ —— Model 1

j,_:—'"_" Model 2

’ o — Model 3

102 100 100 100 102
w(z)

Figure from arXiv:2605.30453



https://arxiv.org/pdf/2605.30453

What you should take away from this lecture

People have thought about a lot of different ways to formulate generative models

Generative algorithms are easy to understand (and often times even physics inspired)

here’s not THE generative network that is s.0.a in every task

Generative models can be used extremely versatile in HEP and beyond

It’s always good to check whether generative networks did good & whether they are actually
solving a given task
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