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Back to Basics: Let Denoising Generative Models Denoise
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t=0
No noise

Diffusion Models: Intuition

Pick a noise distribution z ~ p, ;.
(Usually unit Gaussian)

Consider data x corrupted under varying
noise levels t to give noisy data x;

Train a neural network to remove a little
bit of noise: fy(x;,t)

At inference time, sample x; ~ pyoise @and
apply fy many times in sequence to
generate a noiseless sample X,

t=1
Full noise
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Diffusion Models: Rectified Flow

Pnois

Suppose we have a simple p,, ;<.
(e.g. Gaussian) and samples from pg.¢, .

On each training iteration, sample: 5
Z ~ Dnoise X ~ Pdata L~ Uniform[O, 1] '\\ -------

Setx, =(1—-t)x+tz,v=z—x

Train a neural network to predict v:
L=|lfgCe.,t) = vl

Liu et al, “Flow Straight and Fast: Leaming to Generate and Transfer Data with Rectified Flow", 2022
Lipman et al, “Flow Matching for Generative Modeling”, 2022

Stanford CS231n 10t Anniversary Lecture 14- 45 May 20, 2025




Diffusion Models: Rectified Flow

Core training loop is just
a few lines of code!

for x in dataset:
z = torch.randn_like(x)
t random.uniform(e, 1)
xt = (1 -1t) *x+1t %z
v = model(xt, t)
loss = (z = x = v).square().sum()
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Liu et al, “Flow Straight and Fast: Leaming to Generate and Transfer Data with Rectified Flow", 2022
Lipman et al, “Flow Matching for Generative Modeling”, 2022
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3.1. Background: Diffusion and Flows

Diffusion models can be formulated from the perspective of
ODE:s [5, 60, 37, 58]. We begin our formulation with the
flow-based paradigm [37, 38, 1], i.e., in the v-space, as a
simpler starting point, and then discuss other spaces.

Consider a data distribution & ~ pga, () and a noise dis-
tribution € ~ pyoise(€) (e.g., € ~ N(0,I)). During training,
a noisy sample z; 1s an mterpolation: z; = a;x + b€,
where a; and b; are pre-defined noise schedules at time ¢ €
[0, 1]. In this paper, we use a linear schedule [37, 38, 1]1:
a; =t and by = 1 — . This gives:

zi=tx+(1—1)e, (1)

which leads to z; ~ pgaa When t=1. We use the logit-
normal distribution over ¢ [15], i.e., logit(t) ~ N (i, 0?).

A flow velocity v 1s defined as the time-derivative of z,
that is, v; = z; = aja + bje. Given Eq. (1), we have:
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The flow-based methods [37, 38, 1] minimize a loss func-
tion defined as:

L =E,.cllve(z:,t) — vl (3)

where vg is a function parameterized by 6. While vy 1s often
the direct output of a network vg = netg(z¢,t)[37, 38, 1],
it can also be a transform of it, as we will elaborate.

Given the function vy, sampling is done by solving an
ordinary differential equation (ODE) for z [37, 38, 1]:

dzy/dt = vg(z,t), 4)

starting from 25 ~ ppoise and ending at £ = 1. In prac-
tice, this ODE can be approximately solved using numerical
solvers. By default, we use a 50-step Heun.
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(a) x-pred (b) e-pred (c) v-pred
xg = netg(z,t) € := netg(z,1) vg = netg(z,t)
(1) z-loss: E|zs — x| To 2o = (ze—(1—t)eg)/t | xs = (1—t)vg+2:
(2) e-loss: Elles — €l|? |€s = (zi—tmg ) /(1 —1) €o € = z,—tve
(3) v-loss: E|lve —v|*|ve = (ma—2¢)/(1 — 1) vg = (z1—€s)/t vg

Table 1. All possible combinations of defining the loss and network prediction in @, v, or € spaces. The direct network outputs are
highlighted in colors. For any off-diagonal entry where the network output space differs from the loss space, a transformation on the
network output is applied.
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Table 2: Unconditional CIFAR10 reverse
process parameterization and training objec-
tive ablation. Blank entries were unstable to
train and generated poor samples with out-of-

range ScCores.

" Objective IS FID
" p prediction (baseline)
L, learned diagonal 3 7.28+£0.10 23.69
L, fixed isotropic X 8.06+0.09 13.22
I — Bl - -
€ prediction (ours)
L, learned diagonal X2 - -
L, fixed isotropic X 7.67+0.13 13.51
|€ — €oll® (Leimple)  9.46+0.11  3.17
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The Core Problem: We Ask Networks to
Predict Off-Manifold Noise

Low-dimensional

image manifold \

x-prediction
(mapping back
to the manifold)

Clean Image
(On-Manifold)

e-prediction
(mapping into the
full noise space)

Zt/

Noise
(Off-Manifold)

The Manifold Hypothesis posits that
natural data, like images, lies on a
low-dimensional manifold within the
high-dimensional pixel space.

A clean image x is on-manifold.

Noise ¢ is inherently high-dimensional
and off-manifold.

Velocity v = x — ¢ is also a noised, off-
manifold quantity.

Therefore, training a network to predict
x is a manifold learning task. Training it
to predict € or v forces it to operate in
the full, high-dimensional space.

https://www.youtube.com/watch?v=u5yKZzTTEHoO
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Figure 1. The Manifold Assumption [4] hypothesizes that nat-
ural images lie on a low-dimensional manifold within the high-
dimensional pixel space. While a clean image @ can be modeled as
on-manifold, the noise € or flow velocity v (e.g., v = & — €) is In-
herently off-manifold. Training a neural network to predict a clean
image (i.e., x-prediction) is fundamentally different from training
it to predict noise or a noised quantity (i.e., €/v-prediction).
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A Toy Experiment Shows
g/v-Prediction Fails as
Dimensionality Grows

e Setup: A 2D spiral data manifold is randomly
projected into a high-dimensional D-space. A
simple 5-layer MLP (256 hidden units) is
trained to generate the data, without knowing
the projection.

¢ Observation:

o Atlow dimension (D=2), all prediction
methods work.

o As dimension increases to D=512, the
network is under-complete. x-prediction
still successfully recovers the 2D manifold
structure.

o g-prediction and v-prediction fail
catastrophically, as the network lacks the
capacity to model high-dimensional noise.
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Figure 3. The “Just image Transformer” (JiT) architecture:
simply a plain ViT [13] on patches of pixels for -prediction.
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D=16

&/v-prediction fails
catastrophically when
the network is under-
/| complete.

D=512

x-pred e-pred v-pred
x-loss 10.14 379.21 107.55
e-loss 10.45 394.58 126.88
v-loss 8.62 372.38 96.53

(a) ImageNet 256 x 256, JiT-B/16

x-pred e-pred v-pred
x-loss 5.76 6.20 6.12
e-loss 3.56 4.02 3.76
v-loss 3.55 3.63 3.46

(b) ImageNet 64 x 64, JiT-B/4

Table 2. Results of all combinations of loss space and network
space (see Tab. 1), evaluated by FID-50K on ImageNet: (a) JiT-
B/16 at 256 resolution, 768-d per patch; (b) JiIT-B/4 at 64 resolu-
tion, 48-d per patch. We annotate catastrophic failures in red and
reasonable results by green. Settings: 200 epochs, with CFG [22].
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t-shift (p) x-pred e-pred v-pred
(lower noise) 0.0 14.44 464.25 120.03
-0.4 9.79 372.91 109.93
-0.8 8.62 372.36 96.53
(higher noise) —1.2 8.99 355.25 106.85

Table 3. Noise-level shift (JiT-B/16, ImageNet 256256, FID-
50K). We shift the noise level by adjusting 4 in the logit-normal
t-sampler [15]. An appropriate noise level is useful, but is not
sufficient for addressing the catastrophic failure in e-/v-prediction.

Settings (the same as Tab. 2): 200 epochs, with CFG.
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Figure 4. Bottleneck linear embedding. Results are for JiT-B/16
on ImageNet 256 x256. A raw patch is 768-dim (16 x 16 x3) and
is embedded by two sequential linear layers with an intermediate
bottleneck dimension d’ (d’ < 768). Here, bottleneck embedding
is generally beneficial, and our x-prediction model can work de-
cently even with aggressive bottlenecks as small as 32 or 16. Set-
tings (the same as Tab. 3): 200 epochs, with CFG.
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Algorithm 1 Training step

# net(z, t): JiT network
# x: training batch

t = sample_t ()

e = randn.like (x)
z=t » x4+ (1 ~-1t) e
v=(x-12)/ (1 -1t)

Xx_pred = net(z, t)

v_pred = (x_pred - z) / (1 - t)
loss = 12_loss(v - v_pred)

Algorithm 2 Sampling step (Euler)

# z: current samples at t

Xx_pred = net (z, t)
v_pred = (x_pred - z) / (1 - t)

z_next z + (t_next - t) x v_pred

Figure 5. Qualitative Results. Selected examples on ImageNet
512x512 using JiT-H/32. More uncurated results are in appendix.

JiT-B/16 JiT-L/16
Baseline (SwiGLU, RMSNorm) 7.48 (6.32) -

+ RoPE, gk-norm 6.69 (5.44) -
+ in-context class tokens 5.49(4.37) 3.39(2.79)

Table 4. “Just Advanced” Transformers with general-purpose
designs. All are JiT/16 for ImageNet 256 x 256, with bottleneck
patch embedding (128-d, Fig. 4), evaluated by FID-50K. Settings:
200 epochs, with CFG (and with CFG interval [33] in brackets).

resolution | model Ilen patch dim hiddens|params GﬂopsIFlD
256x256 | JiIT-B/16 |256 768 768 131 25 |4.37
512x512 | JiT-B/32 |256 3072 768 133 26 |4.64
10241024 | JiT-B/64 |256 12288 768 141 30 |4.82

Table 5. ImageNet 1024 x 1024 with JiT-B/64. All entries have
roughly the same number of parameters and compute. Settings: if
not specified here, the same as Tab. 4 (all are with CFG interval).

256x256| 200-cp  600-ep 512x512| 200 600-ep
JiT-B/16 3.66 IT-B/32 4.02
JT-L/16 2.36 JNT-L/32 2.53
HT-H/16 ) 1.86 NTH32| 1.94
JT-G/16 : 1.82 NTGB32| 178

Table 6. Scalability on ImageNet 256256 and 512 x 512, eval-

pre-training
ImgNet 256 x 256 token perc. self-sup.| params Gflops/FID|| IST
Latent-space Diffusion
DiT-XL/2 [46] SD-VAE VGG - 675+49M 119 | 2.27 |278.2
SiT-XL/2 [40] SD-VAE VGG - 675+49M 119 | 2.06 |277.5
REPA [74], SIT-XL/2 |SD-VAE VGG DINOv2 [ 675+49M 119 | 1.42 [305.7
LightningDiT-XL/2 [73] |VA-VAE VGG DINOv2 | 675+449M 119 | 1.35|295.3
DDT-XL/2 [71] SD-VAE VGG DINOv2 | 675+49M 119 | 1.26 |310.6
RAE [78], DiTPH-XL/2| RAE VGG DINOv2 | 839+415M 146 | 1.13 |262.6
Pixel-space (non-diffusion)
JetFormer [65] - - - 2.8B - 664 -
FractalMAR-H [36] - - - 848M - 6.15 |348.9
Pixel-space Diffusion
ADM-G [12] - - - 559M 1120 | 7.72 |172.7
RIN [28] - - - 320M 334 | 3.95|216.0
SiD [25], UVIiT/2 . - - 2B 555 | 2.44 [256.3
VDM++, UViT/2 - - - 2B 555 |2.12 |1267.7
SiD2 [26], UViT/2 - - - N/A 137 | 1.73| -
S$iD2 [26], UVIiT/1 - B, - N/A 653 | 138 -
PixelFlow [6], XL/4 - - - 677M 2909 | 1.98 |282.1
PixNerd [70], XL/16 - - DINOv2| T700M 134 | 2.15| 297
JiT-B/16 - - - 131IM 25 |3.66 [275.1
JiT-L/16 - - - 459M 88 | 2.36 |298.5
JiT-H/16 - - - 953M 182 | 1.86 (303.4
JiT-G/16 - - - 2B 383 | 1.82 |292.6

Table 7. Reference results on ImageNet 256 x256. FID [21] and
IS [53] of 50K samples are evaluated. The “pre-training” columns
list the external models required to obtain the results (note that the
perceptual loss [77] uses a pre-trained VGG classifier [56]). The
parameters include the generator and tokenizer decoder (used at
inference-time), but exclude other pre-trained components. The
Giga-flops are measured for a single forward pass (not counting
the tokenizer) and are roughly proportional to the computational
cost of an iteration during both training and inference (for the
multi-scale method [6], we measure the finest level).



Table 10. Comparisons with pre-conditioners (FID-50K, Ima-
geNet 256, JiT-B/16). The settings are the same as Tab. 2 (a).

FID-50K | JiT-B/16 | JiT-L/16
437 2.79
4.14 2.50

v-loss only
w/ cls loss

Table 11. Exploration: additional classification loss. We do
not use this loss in any other experiments. Settings: ImageNet
256 %256, 200-ep, with CFG interval.



