A. Model Specs

Config #Layers Hiddendim #Heads

B/2 12 768 12
L/2 24 1024 16
XL/2 28 1152 16

B. Hyper-parameters

VAE SD-VAE-{8d4-ft-ema
VAE donwsample 8
latent channel 4
optimizer AdamW [3]
base learning rate le-4
weight decay 0.0
batch size 256
learning rate schedule constant
augmentation center crop
diffusion sampler Euler-ODE
diffusion steps 250
evaluation suite ADM [2]

C. Pixel Space Class-to-Image Experiments.

We conduct pixel C2I on ImageNet 64 x 64 to assess the
generalization capability. Following standard practice, we
use a patch size of 4, our DDT-XL/4 achieved 2.11 FID.

D. Pixel Space Text-to-Image Experiments.

We conduct pixel space T2I without VAE on a publicly col-
lected dataset of 20M images (SAM, CC12M, and Jour-
neyDB). Using a large patch size of 16 for efficiency, our
PixDDT-XXL/16 (1.2B Params) trained on 256x256 size
achieves an overall score 54.7 on the GenEval Bench-
mark—improving to 65.7 with prompt rewriting(higher ef-
ficiency and better than recent PixelFlow).

E. Linear flow and Diffusion
Given the SDE forward and reverse process:
da, = f(t)z,dt + g(t)dw (1)
day = [f(t)a, — g(t)* Ve log p(a@)]dt + g(t)dw  (2)
A corresponding deterministic process exists with trajecto-
ries sharing the same marginal probability densities of re-
verse SDE.

de, = [f(0@ — 59(t) Ve, logp(@)ldt ()

Given ; = oy gqtq + o€. The traditional diffusion model

learns:
€

Ve logpl@) = =5 )

The flow-matching framework actually learns the follow-
ing:

v = QT + o€ 5

=r—c (6)

Here we will demonstrate in flow-matching, the v; pre-
diction is actually as same as the reverse ode:

ax + o€ @)
1
=f(t)z: — §g(t)2th log p(x+) (®)
Let us start by expanding the reverse ode first.
1
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To prove Eq. (8), we needs to demonstrate that:
a(t) = feal(t) (12)
+(1) = fio(t) + L5 13
U()—fta()+§%~ (13)

Here, let us derive the relation between f; and a(t), ¢u(t).
We donate Zg4:q(t) = @(t)Tdatq is the remain component
of 4414 I Ty, it is easy to find that:

dwdata(t) - ftxdata(t)dt (14)
d<a(t)xdata) = fta(t)xdatadt (15)
da(t) = fra(t)dt (16)

So, Eq. (12) is right.

Based on the above equation, we will demonstrate the
relation of g¢, f; with o(t). Note that Gaussian noise has
nice additive properties.

aer +bex € N(0, v/ a? + b?) (17)

Let us start with the gaussian noise component €(¢) calcu-

lation, reaching at ¢, every noise addition at s € [0, t] while

been decayed by a factor of 38)) . Thus, the mixed Gaussian

noise will have a std variance o (t) of:

o(t) = \/ ( / (02 021a5) (1)

a(s)

o) = ol ([ (5200 (9



After obtaining the relation of f;, g; and a(t), o(t), we de-
rive ¢(t) and &(t) with above conditions:
¢
() = frespl [ 1. o)
0
a(t) = feolt) (2D

As for 6(t), it is quit complex but not hard:

o(t) = &t ' gt ds t %ag(tt)
(0 = a0y (| (509 N e
(22)
©) = (o[ 12 )2]ds) + a(t) ——2 g“
/0 a(s) fo a(ts
(23)
5t) = falen | ([ (2 ?lds) + 2%
/0 a(S) \/ fO (x( )
(24)
o(t) = fro(t) + %% (25)

So, Eq. (13) is right.

F. Proof of Spectrum Autoregressive

Lemma 1. For a linear flow-matching noise scheduler
{ay =t,00 = 1 —t}, let us denote K freq as the maximum
frequency of the clean data x 4414, R(X)|fmaz] as the spec-
tral power of faz in . We suppose the power monopoly
decreases along with the frequency. The maximum retained
[frequency satisfies:

2
t
R(mt)[fmaw (t)] > <1—t) Cli’ld fmaw(t) < Kfreq-
(26)
Given the noise scheduler{c;, 0:}, the clean data @gy,
and Gaussian noise €. Denote Ky.., as the maximum

frequency of the clean data x4,¢, The noisy latent x, at
timestep t has been defined as:

Ty = 4T data + O1€ 27)

The spectrum magnitude ¢;of z; on DCT basics u; follows:

= E [u] 2>

c; = E. [ (atmdata + O'fe)F

Recall that the spectrum magnitude of Gaussian noise €
is uniformly distributed.

Proof.
¢ = E[u] (i@ gata + 01€))° (28)
c; = af [urwdam] + a2\ (29)
ci = i R(zy)[fi] + o7 A (30)

Note that € is a standard Gaussian noise, so A = 1. If

R(z)[fi] smaller that o2, the frequency at ¢; will be
canceled. Recall that the power monopoly decreases along
with the frequency. Thus, the spectral power of f,,, 4. needs

tosatisty:  a?R(2y)[finas] > 07 31)
R(x)[fmax] > Zt; (32)

R(xy)[fnax] > <1t_t>2 (33)

O

Lemma 2. The spectrum magnitude R(f) of a specific fre-
quency f on general nature signals follows:

R(f)y=c-f" (34)

where, c is a positive numbers and 8 =~ 2 in 2-dimension

data.

Then, we can obtain the max remaining frequency
changes along with timesteps ¢.

1-1¢

2
c- fmax(t)_ﬂ > (t) (35)

1. _1 t
P> (15) 60
It is clear that when approach to clean data(¢ to 1.0), the
residual frequency df’%g(t) increase.

G. Linear multisteps method

We conduct targeted experiment on SiT-XL/2 with
Adams—Bashforth like linear multistep solver; To clarify,
we did not employ this powerful solver for our DDT mod-
els in all tables across the main paper.

The reverse ode of the diffusion models tackles the fol-
lowing integral:

tit1
T =x; + / vg(ay, t)dt (37)
ti

The classic Euler method employs vg(x;, t;) as an estimate
of vg(xs, t) throughout the interval [¢;, ;1]

Tip1 =T+ (tip1 — ti)ve(xi, t;). (38)



The most classic multi-step solver Adams—Bashforth
method (deemed as Adams for brevity) incorporates the La-
grange polynomial to improve the estimation accuracy with
previous predictions.

% %
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Note that ft (e kzj T )dt of the Lagrange poly-
nomial can be pre- 1ntegrated 1nt0 a constant coefficient, re-
sulting in only naive summation being required for ODE
solving.

H. Classifier free guidance.

As classifier-free guidance significantly impacts the perfor-
mance of diffusion models. Traditional classifier-free guid-
ance improves performance at the cost of decreased diver-
sity. Interval guidance is recently been adopted by REPA[4]
and Causalfusion[1], It applies classifier-free guidance only
to the high-frequency generation phase to preserve the di-
versity. We sweep different classifier-free guidance strength
with selected intervals. Our DDT-XL/2 achieves the best
performance with interval [0.3, 1] with a classifer-free guid-
ance of 2. Recall that we donate ¢ = 0 as the pure noise
timestep while REPA[4] use ¢ = 1, thus this exactly corre-
spond to the [0, 0.7] interval in REPA[4]
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Classifer-free guidance with intervals

Interval: [0, 1]
Interval: [0.2, 1]
Interval: [0.3, 1]
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Figure 1. FID10K of DDT-XL/2 with different Classifer free
guidance strength and guidance intervals. We sweep different
classifier-free guidance strength with selected intervals. Our DDT-
XL/2 achieves the best performance with interval [0.3, 1] with a
classifer-free guidance of 2.
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