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Background

* Discriminative vs. Generative

= Discriminative model
-HO[H X7t =M= W 20| = Y7t LIEtE =HR=E
- X2| 0| =2 & F+E5}F= decision boundaryE St &
2|0l HE7F A0 OF 57| I Z0f K| =t "0 &2
= Generative model
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Background

* Discriminative vs. Generative
- Generative model= AP 2HE (Posteriori Probability)= HMC 2 =51,

Discriminative model% ﬂ x—-II o= EE
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/v andp(y) — indirectly
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directly
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Background

» (Generative Model

= Data distribution ‘ ’;F,
=
- Dataset : Asian face (mostly black hair) Paaca ()} a person with black hair

AEAARRR g
The probability
AARRRRAR  «un
: very high
ARRREAR
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- Generative model2| =& 2 G| 0| H distribution=> 3*%&% A
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Background

» (Generative Model

- 0|2 ol x7t = =l X (distribution)ES & 7}(estimate)ot= 22
- B EHO| outputO| distributiong 28 A= H0|AHLE =TI H|O|E{7} L2 & E
- Model= O| &3l A 0] % test data®| likelihood @f= A AtSIHLE AH22 data ‘Hd 7ts
Sh&5 ot dataQ| distribution= (2= MEZ2 dataE PHSO|U= 2 H)

- Generative model2| ‘d&= =0 Tl O|O|E{ x2| likelihood p(x) af= E0OfLE &
O =5t=X], ‘4-°d = HIO|E x2| qualityZ/F H0OtL} S=2tX| =2 THEE

« Generative Model H| !

- Auto-regressive models - GANs
- VAEs - Normalizing Flows
- Energy Based Models - Diffusion
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Background

« Generative Model H| 1!

» VAEs
_TOlE{o] SEEE 5152 95} encoderS S0 T H|O|Ef 2 HHOF AL 42
Ot=10, YO|9| z 42 decoderOf| @0 O|F =& L= LYot HO|H Hd 7ts

» GANSs

- Discriminator@} GeneratorS Al £ adversarial Ot Al St 5 A| 74 A H|O|EH & M M= 2 E

- Normalizing Flows

- Simple®t = 3% p(z)0f| | S &S H|O|H & p(x)E 7= invertible mapping &5 O|
distribution= estimateSt—= 2 &2

« Diffusion

Ofo

of

- OO H x| A T noiseE 75l A noise dataZ TH= 11, noise data®| A G|O|E| xE S0t =
M2 a9l distributions estimateSf= & &

v dd RdZ Sl 7HESt BEEE EESIHWHE A= 2EE HE
v F0{7l 23 [ 0|E 25 H latent variable(z)E Y11, 0| £ HESI= H2HS oG
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Background

 What 1s diffusion

- Diffusion is the net movement of anything generally from a region of higher concentration
to a region of lower concentration [Wikipedia]

V%‘x
e e =
Dye I oo T
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High
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Diffusion

- Diffusion model= Thermodynamicsoﬂkl OIO|C|O| & &2t & ==[110[A M= & 2=

- The data distribution undergoes Gaussian diffusion, which gradually transforms it into Gaussian
noise — undergoes a Gaussian diffusion process, and is transformed back into the data distribution
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Background

» Diffusion Model

- 0| %l |0 H x0i| gaussian noiseE= =& 375} (diffusion process), noise dataOi| Af
noise= M| 7St O| & CtA| 5 RSt= =& PDF (reverse process) & 2o

- Diffusion process : OO E{(x,) + '==O0|= — ZHE = 0| =X(x,)
- 01T | O] & xOf| time stepOFC noiseE 715t A2 E, X, 0l A noiseE 715 H A
X2 7t Zt stepOf| A noiseE 7t

:'= Size of gaussian noise, f;, is pre-defined, and noise gets bigger over the time-step

q(Xe | Xe—1) = N(X¢; Hx, ;> th_l) = N(X¢ 51— Bt Xe—1, Be)

q(x¢|X¢—1)
O @ @ @

isotropic gaussian
distribution
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Background

 Diffusion Model
- Diffusion process= At Of| 2| ot noise A 7((B)0l| IS R H A1 25 HO|

- Reverse process : T & = 0] =(x,) + denoising — Ol| O] E{(x,)
-ShGE OO 2] I & = ¥ (denoising)= Sl ®I2iQ| HIO|E x2 &
- B EZ S5l reverse diffusion processE& H 2 0t= distributiona &
)

s 2Pt AL R gaussian FE 2| Bt (u,) 2t 24T,

pe(Xo.r) = p(X7) [i=1qXe—1 1 Xe),  po (X1 | X¢) = N(Xp—q ; .Ue (Xt 1), Zo(Xe, t))

Pe Xt— 1|Xt
. xt|xt 1)

v B EI0| 0| Fot /= 2AH0] diffusion processOll A H 2B 2t t A 2| B(noise) 7| EFS
I /220 Q AP X| = & objective functions T
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Background

» Diffusion Model

= [LosSs

- Diffusion model2| =& 2 H|O|E{2| i 0f=0[|12, O|= FO{ &l 0| O| & x2] likelihoodE &
A LSt Ao = ErE

e Z A2 Jog likelihood of x& & A 4tSH= ZA0| 11, O] FHACEZRH Joss = 7t

diffusion processol reverse processol
noise xti' =X noise X2 o 2 7‘74—,— gau55|an = Evals gau55|an 2
r

LosSgif fusion = DKL(CI(Z | xo) || Py (Z)) + Z zDKL(‘I(xt 1 | xe, xo) || Po(xe—1 |xt)) q[long(xo | x1)]

Y Y Y
5 gaussian distribution 7t Denoising Process Latent variable x; 0| Al &l&
KL divergence |23} KL divergence %23} xE T8l =& 29|

parameter x| &z}

>

- Reverse process (Pg (x_ | x;))= Diffusion process (q(x;_1 | x¢, X)) = approximate ot = &t
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).
[2] Andrew Brock et al. “Large scale gan training for high fidelity natural image synthesis.” arXiv:1809.11096 (2018).

Diffusion Models Beat GANs|1]

 (Simple) architectural improvement
- Architecture can give a substantial boost to sample quality on much larger and more
diverse datasets at a higher resolution
- Increase in the number of attention heads (multi head attention)
- Use of attention at 32x32, 16x16, and 8x8 resolutions (multi resolution) rather than only at 16x16

- Use of the BigGAN [2] residual block for upsampling and downsampling the activations

LSUN  ImageNet 64 ImageNet 128 ImageNet 256 ImageNet 512

Diffusion steps 1000 1000 1000 1000 1000
Noise Schedule linear cosine linear linear linear
Model size 552M 296M 422M 554M 559M
Channels 256 192 256 256 256
Depth 2 3 2 2 2
Channels multiple 1,1,2244 12,34 1,1,2,3,4 1,1,.2244 05.1,1.2244
Heads 4

Heads Channels 64 64 64 64
Attention resolution 32,16,8 32,168 32,16,8 32,16,8 32,16,8
BigGAN up/downsample v v v v v
Dropout 0.1 0.1 0.0 0.0 0.0
Batch size 256 2048 256 256 256
Iterations varies® 540K 4360K 1980K 1940K
Learning Rate le-4 3e-4 le-4 le-4 le-4

Table 11: Hyperparameters for diffusion models. *We used 200K iterations for LSUN cat, 250K for
LSUN horse, and 500K for LSUN bedroom.
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).
|

Diffusion Models Beat GANs|1]

 (Simple) architectural improvement

- Adaptive Group Normalization (AdaGN)
- Feature map== & 70 2| group2 2 F 11, 11 2t0| A normalization= Sf= &4

- LN and IN have limited success in visual recognition, for which GN presents better results

AdaGN(h,y) = ys GroupNorm(h) + y,
hO| GN A& = scale and shift S F= &4

time step & class embedding= residual blockO||
20l 2 =MN d5(FID)2 H5tRAS

[Facebook Al Research, 2018] h : the intermediate activations of the residual block following
the first convolution
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).

Diffusion Models Beat GANs|1]

 Classifier guidance

- GANSs hold the state-of-the-art on most image generation tasks as measured by sample
quality metrics such as FID, Inception Score and Precision

- The gap between diffusion models and GANs

- GANSs are able to trade off diversity for fidelity, producing high quality samples but not covering the
whole distribution

;' GANOJ|A{ truncation trick(the latent vector is sampled from a truncated normal distribution)=
M M naturally leads to a decrease in diversity but an increase in fidelity

v Truncation trick : AKX 2 ot& HO|HLe| 232 & 1 2SIH, density’t 2 F =22 42
%Z. 5, 8d47|7 Mt 2 2t52 StA| ot 222 2X[5H] {510 A= 2o

&2 EHO| & &K
o =

[ o —
2312 40| OfHl BH50| 2 El Y ET 0 input A|0f8HE 2

17 5

No truncation Left truncation at 0 Left and right truncation
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).

Diffusion Models Beat GANs|1]

 Classifier guidance
- O|0|X| Hd ZEMAE E7 classg HH=E 5 guide oHCHE 2| =
- O] 2 O 2 diversity @} fidelity trade-off& &0l -d =l O|0|X| 5 &4 7t
- Classifier py(y | x;)& = 0|= O|D[X] x, 0| SF55H4,
- 0[O Ciet v, log Py (y | x,)= O| &3l A diffusion sampling processH| & 2|2| class label
yOi| CHSt guideE =

!

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (p1(2;), Xg(2¢)), classi-
fier ps(y|z,), and gradient scale s.

Input: class label y, gradient scale s
a7 + sample from N'(0,I) #HFEZO|M noiseS MEY
for all t from 7 to 1 do

X — pg(ze), Xo(zy) # u =& 7HX| = normal dlstrlbutlon =g
xy_y <+ sample from N'(p + sEV,, logpg(y|z:), X)  # uZ classifier2 probability=
end for maximizeot= Y2 Z shift

return »g
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).

Diffusion Models Beat GANs|1]

 Classifier guidance

- Scaling classifier gradient

1
s - Vxlogp(ylx) =V, log— p(y|x)°®

- Using a larger gradient scale focuses more on the modes of the classifier, which is potentially
desirable for producing higher fidelity (but less diverse) samples
¢ s> 1, classifier2| distributionO| & sharpoli X| = 21E 11, classifier/| T ZoHX|HA{
guldanceE O Z5fX= =21E &

Figure 3: Samples from an unconditional diffusion model with classifier guidance to condition
on the class "Pembroke Welsh corgi”. Using classifier scale 1.0 (left; FID: 33.0) does not produce
convincing samples in this class, whereas classifier scale 10.0 (right; FID: 12.0) produces much more

class-consistent images.
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).

Diffusion Models Beat GANs|1]

* Results

= Models can obtain the best FID on each task, and the best sFID on all but one task

= For higher resolution ImageNet, we observe that classifier guidance allows our models to
substantially outperform the best GANs

Model FID sFID Prec Rec Model FID sFID Prec Rec
LSUN Bedrooms 256 x 256 ImageNet 128 x 128

DCTransformer’ [42] 6.40 6.66 0.44 0.56 BigGAN-deep [5] 6.02 7.18 0.86 0.35
DDPM [25] 489 9.07 0.60 045 LOGANT [68] 3.36

IDDPM [43] 424 821 0.62 046 ADM 591 509 0.70 0.65
StyleGAN [27] 235 6.62 059 048 ADM-G (25 steps) 598 7.04 0.78 0.51
ADM (dropout) 1.90 559 0.66 0.51 ADM-G 297 509 0.78 0.59
LLSUN Horses 256 <256 ImageNet 256 <256

StyleGAN2 [28] 3.84 9.46 0.63 0-2? DCTransformer’ [42] 36.51 824 036 0.67
ADM 295 594 069 055 VQ-VAE-2'* [51] 3111 17.38 0.36 0.57
ADM (dropout) 257 6.81 071 0.55 IDDPM? [43] 1226 542 0.70 0.62

N (et Am g A= SR37# [53] 11.30

LSO Ele TG K00 BigGAN-deep [5] 695 736 0.87 028
DDPM [23] 17.1 124 0.53 048 ADM 1094 6.02 0.69 0.63
StyleGAN2 [28] 7.25 6.33 058 043 ADM-G (25 steps) 544 532 081 049
ADM (dropout) 5.57 6.69 0.63 0.52 ADM-G 459 525 082 0.52
ImageNet 64 <64 ImageNet 512512

BigGAN-deep* [5] 406 396 0.79 048 BigGAN-deep [3] 843 8.13 0.88 0.29
IDDPM [43] 292 379 074 0.62 ADM 23.24 10.19 0.73 0.60
ADM 2.61 377 0.73 0.63 ADM-G (25 steps) 841 9.67 083 047

K )
5.“ 6- CH & Precision : relative to fidelity, Recall : relative to diversity VDS

” ADM (dropout) 2.07 429 0.74 0.63 ADM-G 772 657 0.87 042
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[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NIPS 34 (2021).

Diffusion Models Beat GANs|1]

* Results

- The samples are of similar perceptual quality, the diffusion model contains more modes than
the GAN

Figure 6: Samples from BigGAN-deep with truncation 1.0 (FID 6.95, left) vs samples from our
diffusion model with guidance (FID 4.59, middle) and samples from the training set (right).
” ﬁ'té-t“&_.n_ g ( ) P g set (right) VDS
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Diffusion Models Beat GANs|1]

* Conclusion

= Contribution
- Diffusion models can obtain better sample quality than state-of-the-art GANs
- Classifier guidance technique allows to achieve high sample quality on class-conditional tasks

.= The scale of the classifier gradients can be adjusted to trade off diversity for fidelity

- Limitation
- Still slower than GANs at sampling time due to the use of multiple denoising steps

;' Distill the sampling process into a single step model (faster than single-step likelihood-based
models)

- Proposed classifier guidance technique is currently limited to labeled datasets

;= No effective strategy for trading off diversity for fidelity on unlabeled datasets
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