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Diffusion Probabilistic Model
Diffusion Probabilistic Model
Diffusion Probabilistic Models (DPMs)

DPMs learn the reverse diffusion process by considering a Gaussian conditional
distribution, i.e., they assume

Py (zt-1]2t) =N (pw (24, 1) , Bw (@1, 1))
for some computational models i, and Y,

+ Do DPMs really use ¥+, ?! You said we only learn the mean!
- Not really in practice!

Most practical DPMs only learn the mean value

Py (thfllxt) =N (/«‘w (mta t) 70t2)

for some predefined o
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Visualizing a DPM: Additive Gaussian Noise

The reverse process is dual of the forward diffusion: we can see
_ 2
Py (J:t—lll't) =N (/"W (:Bta t) ’Ut)
as a standard Gaussian process with additive noise
Ti—1 = fw (T, t) + 04

This is very easy to implement by a denoising network!

| o9

" *m " (D— 21~ N (s, 07)

denoiser
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Generation by DPMs

+ How do DPMs generate a new data sample?
- Just move on the reverse process back in time
We can sample Gaussian noise and move reversely in time

Pw,l Pw,2 w,t Pw,T
To = X < -« Ty ] < Ly < -+ «— I

Sample_DPM(tiw :Denoiser)

1: Sample latent z7 ~ N©

2: fort=T,...,1do

3:  Pass z; and t forward to find p1; = fiw (x¢,1)
4:  Samplee ~ N°

5: Denoise as x1—1 = it + o€

6: end for

7: return Sample x(
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DPM Training: Naive Training

+ How do we train DPMs?!
- We should only train the denoiser

Following ELBO maximization: we compute empirical risk as

~

R (W) = [ECEONPdata {R (W‘xo)}
R I
= ExONPdata {Z _2||MW (‘:Cht) - 77t“2}
=171

And, just to recall: 7, is the posterior mean computed as

o1 (1 — A/ 1— oy
s = o 1( _ Oét)x(H_ Oét( _at 1)$t
1—o 1—
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DPM Training: Naive Training

We could define w, = 1/ af and write the risk function compactly as

T
R (W) = Bao~Pyara {Z willppw (2, 8) = 77t!|2}

t=1

We can then write a training loop to minimize this empirical risk

+ What is the order of T'?!
- Tis rather large, e.g., T = 1000!

@® This sounds like a huge forward and backward pass at every sample!!
- Totally agree! But, there is a way around it
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DPM Training: Time Sampling
There is no harm to scale 12 (w) by a constant!

T
N 1 -
B(w) = - Eugr {Z%Huw (0,1) - nt||2}

t=1
2
ZONPdata{ Zth/“LW :Et7 nt” }

Now, assuming that t ~ Uy is uniformly distributed on {1, ..., T}, we could say

A~

R(W) = [E zo~Piata {Et"MT {thMW Tty 77t|| }}
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DPM Loss Computation by Time Sampling

Similar to averaging over data we can estimate time expectation by sampling:
let the loss function for a single data and time sample be

R (w|zo,t) = wilpow (20, 1) — ]|

We could say that

Evnttr {wtllw (@6, 8) = mel*} ~ Evnsiy {williw (22,t) — ]|}

where for computing right-hand-side, we sample t uniformly from {1,...,T}

The empirical risk is then estimated as

R(w) = Eupu {wrllpow (e, t) — me]|?}
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DPM Loss Computation: Pseudo Code
It might be easier to think of it algorithmically

Risk_Computation_DPM(w :Denoiser,B:data_batch)

1: for each sample j in B do

Sample ¢’ uniformly from {1,... T} _

Sample e ~ N and compute x; = /@ x) + /T — age
Compute n); from x, and z7,

Pass x,; and t’ forward to find 1,5 = pw (245,17)
Compute sample loss as jo = wyi i — 14 |12
Backpropagate to compute Vsz

8: end for

9: Estimate empirical risk as R = mean (Rj1,...Rix)

10: Estimate batch gradient as VR = Opt_avg {R},... R}
11: return Rand VR

Nouhon
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Training DPMs: Efficient Approach

We can use this trick to build an efficient training loop

Training_DPM(pw :Denoiser,D:dataset)

[EN

: Initiate pw with some weights

2: for multiple epochs do

3 Sample a batch B from D

4:  Compute batch gradient as f%, VR~ Risk_Computation_DPM (i, B)
5 Update the weights as w «— w — VR

6: end for

7: return piw

and we could use the trained model to generate a new data sample

Tnew <— Sample_DPM (i)
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DPM and DDPM

DPM Training Loop: Visualization

t~LlT

denoiser

+ =V o ~ Paata
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N L CLLLl Ocnisine OPM
Posterior Mean: Denoising Interpretation

Let’s take a look at posterior mean that we use for training

= 1 (1 — at)a?o n \/OTt(l — @t—l)

11— 1—

X

We also recall that

Ty = ouTo + V1 — quep

So, we can expand the term as

Va1 (11—« Vor (1 — a1 - —
N = tll(d t)x0+ tl( a i )(\/atmo—l—\/l—atgt)
—Qy —

VT Y e Ty (et BT C T

— = €t
1-— (673 v 1-— (673
. >
~~ —_—
at bt
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Posterior Mean: Denoising Interpretation
We can use the fact that
t
oy = Hai v Q= Q10
=1

to simplify the coefficients: for a; we have

:

01

ap = [1—0[,5-1-0675 (1—6&15,1)]

l—Oét

F

Qi1
1 _

( )

I
SI
L&
I
gl

3
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Posterior Mean: Denoising Interpretation

Similarly for b; we can write

by = Vi (1 —agq)
VI—a
_ 1 ozt(l—dt_l)
BV
_ 1 o —a+1—1
~ Ve V-
B 1 1—a—(1— )
“Vm
1
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N L CLLLl Ocnisine OPM
Posterior Mean: Denoising Interpretation

Putting them together: we can write 1, ias

M = apxo + bey

O 1 1-—
- (VImw - o) s
Ao o V1—ay
1 1—oy
= _Oét \/ tTo + \/ Oétt?t T—a,

CUt

1 1-— Ot .
= — |2y — —F———=—¢; | = denociser of z;

Ve \" T Vi—a

1 is indeed a denoising of x; ~~~> Bingo! This is why we called 1., denoiser

—F—Et
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Connection to Direct Denoiser

We could also denoise simply by reversing the forward diffusion

T =T+ V1 — g

! Attention

&, is noise sample added in step t of forward diffusion
L, It is different from e; which builds the direct link
L, They are though correlated!

We can directly denoise by reversing this equation as

Tr—1 = \/% (CL‘t—V 11— atét)
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DPM and DDPM Denoising DPM

Connection to Direct Denoiser

Indeed, we could think of 7; as same reverse diffusion when

we use an estimator of £; computed from ; as

~ 1 —ay
Et = —CE&t
1—O[t

Using this estimator, we can estimate the reverse diffusion as

Tt—1 =
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Key Observation: Sample Loss
Now, let us look at the training again: we compute sample loss as
R (Wlzo, 1) = willpw (e, ) —me1?

and we know that

1 ( 1 — Ot )
M =Tt—1 = Tr— —¢&¢
A/ O \/1 — ¢

Interesting Observation

When we train DPM, we have <, since we use it for sample x; from x

This observation leads to introduction of denoising DPMs
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DDPM: Specific Choice of DPM

Denoising DPM (DDPM)

In DDPMs, we set the model to estimate direct noise at time t and let

(e ) = \/% (g:t - %gw (xt,t)>

t

J

Ty Ew (x4, 1) &t

NQise learner
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Sample Loss of DDPM
Using DDPM: the sample loss becomes

R (wlzo,t) = willpw (¢, ) — me]|?

(1—y)?

tat (1 — O_[t)
—_

Wt

=w lew (e, 1) — )?

= @tllew (ze,t) — &)?

which we can easily compute!
Intuitive Interpretation

We train a model to estimate direct noise sample from noisy data
L, We use the model to estimate direct noise in each time step
L, We denoise to reverse the diffusion time step
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DDPM: Risk Computation

We can build a similar loop to compute empirical risk

Risk_Computation_DDPM(ey :Denoiser,B:data_batch)

1: for each sample x) in B do

2:  Sample ¢’ uniformly from {1, .. . T} ‘

Sample & ~ NO and compute z7; = \/a; ) + VI=ae
Pass x,; and t’ forward to find &,; = ew (,5,t")

Compute sample loss as R}, = @,;||é,; — el|®

oA

Backpropagate to compute VRL

7: end for

8: Estimate empirical risk as R = mean (Rj1,...Ri)

9: Estimate gradient as VR = Opt_avg {V R}, ... VR }
10: return Rand VR
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DDPM: Training Loop

Training DDPM(e :Denoiser,[D:dataset)
1: Initiate v with some weights
2: for multiple epochs do
3 Sample a batch B from D
4:  Compute batch gradient as f%, VR« Risk_Computation_DDPM(eyw, B)
5
6
7

Update the weights as w «— w — VR
: end for
: return ey
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DDPM: Generation

Sample_DDPM (e :Denoiser)

1: Sample latent xp ~ N

2: fort=1T,...,1do

3t Passz¢ and t forward to find &, = ew (¢, 1)
4:  Denoise the sample x; as

T 1 (x 1 - o é )

t—1 < —F/— t — T o/——=°Ct
A/t \V 1-— O_tt

5:  Sample’® ~ N° and move reversely as x,_1 = &1 + 0.

6: end for
7: return Sample x¢
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Few Implementational Notes on DDPM

There are a few notes: in practice with DDPMs
e We typically set .o, = 1 forall t
L, This factor does not really make a significant impact
® In basic proposal, it is suggested to set oy = /1 — oy

L, This means that the variance in both directions are the same
L, Attimet = 1, we set o, = 0, i.e., no noise added to last denoising

® The coefficients av; in general should be scheduled

L, Linear scheduling is one classical option where o;; = £t + Kk
L, This might impact considerably on performance
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Sampling Time of DDPM

The training of DDPM seems solid; however,

the sampling can take long

This is because the reverse diffusion is stochastic
L, It needs time to converge
There are two simple remedies

L, Learn more parameters for reverse trajectory, e.g., oy
L, Simple extension of DDPM with learnable variances

L, Make a deterministic sampling mechanism for generation
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DDIM: Sampling with Zero Variance

We can use DDPM to estimate noise sample

ét = Ew (SL‘t, t)
If this was a very accurate estimate, we could have said

N 1 —
rr = N aro + V1 — agep v &g = —= (21 — V1 — @iéy)
Vau
This is though not accurate!
Denoising Diffusion with Implicit Modeling = DDIM

We may use this estimate to directly estimate previous time sample x;_1
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DPM and DDPM DDIM

DDIM: Sampling with Zero Variance
At time t, we get

z — |\ Tt — V 1-— QtEw (l’t,t))
We could then estimate x;_1 as
Ti—1 = /0120 + /1 — p—164—1
= Va_120 + /1 — 16w (241, t — 1)

We cannot compute e, (2;—1,t — 1) since we don’t have z;_1, but
® This describes approximate ordinary differential equation for continuous ¢
® With no randomness we can say e, (;—1,t — 1) ~ ey, (24,1)
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DPM and DDPM DDIM

DDIM: Sampling with Zero Variance
At time t, we get

z — |\ Tt — V 1-— QEw (.’L’t,t))
We could then estimate x;_1 as

Ty = u—1To + /1 — ap_16w (24, 1)

I Attention

DDIM only modifies generation! Training is carried out identical to DDPM!
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DDIM Sampling

Sample_DDIM(ew :Denoiser)

1: Sample latent xp ~ N

2: fort=1T,...,1do

3t Passz¢ and t forward to find &, = ew (¢, 1)
4:  Find an estimate of data sample as

To «— L_ (.’Et — /1 - @tét)

Qi

5:  Denoise as x¢—1 < /Q;—120 + /1 — —1¢
6: end for
7: return Sample xq
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