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Abstract

Classifier-free guided diffusion models have recently been shown to be highly
effective at high-resolution image generation, and they have been widely used
in large-scale diffusion frameworks including DALL-E 2, GLIDE and Imagen.
However, a downside of classifier-free guided diffusion models is that they are
computationally expensive at inference time since they require evaluating two
diffusion models, a class-conditional model and an unconditional model, hundreds
of times. To deal with this limitation, we propose an approach to distilling classifier-
free guided diffusion models into models that are fast to sample from: Given a
pre-trained classifier-free guided model, we first learn a single model to match
the output of the combined conditional and unconditional models, and then we
progressively distill that model to a diffusion model that requires much fewer
sampling steps. On ImageNet 64x64 and CIFAR-10, our approach is able to
generate images visually comparable to that of the original model using as few as
4 sampling steps, achieving FID/IS scores comparable to that of the original model
while being up to 256 times faster to sample from.

1 Introduction

Denoising diffusion probabilistic models (DDPMs) [16, 1, 18, 19] have achieved state-of-the-art
performance on image generation [7, 11, 10, 9, 14], audio synthesis [6], molecular generation [21],
and likelihood estimation [5]. Classifier-free guidance [2] further improves the sample quality of
diffusion models and has been widely used in large-scale diffusion model frameworks including
GLIDE [8], DALL-E 2 [9], and Imagen [14]. However, one key limitation of classifier-free guidance is
its low sampling efficiency—it requires evaluating two diffusion models hundreds of times to generate
one sample. This limitation has hindered the application of classifier-free guidance models in real-
world settings. Although distillation approaches have been proposed for diffusion models [15, 17],
these approaches are currently not applicable to classifier-free guided diffusion models. To deal
with this issue, we propose a two-step distillation approach to improve the sampling efficiency of
classifier-free guided models. In the first step, we introduce a single student model to match the
combined output of the two diffusion models of the teacher. In the second step, we progressively
distill the model learned from the first step to a fewer-step model use the approach introduced in [15].
Using our approach, a single distilled model is able to handle a wide range of different guidance
strengths, allowing for the trade-off between sample quality and diversity efficiently. To sample from
our model, we consider existing deterministic sampler in the literature [17, 15] and further propose
a stochastic sampling process. Our experiments on ImageNet 64x64 and CIFAR-10 show that the
proposed distilled model can generate samples visually comparable to that of the teacher using only 4
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steps and is able to achieve comparable FID/IS scores as the teacher model using as few as 8 to 16
steps on a wide range of guidance strengths (see Fig. 1). Additional experiments on ImageNet 64x64
also demonstrate the potential of the proposed framework in style-transfer applications [20].

Figure 1: Class-conditional samples from our two-step (deterministic) approach on ImageNet 64x64.
By varying the guidance weight, our distilled model is able to trade-off between sample diversity
and quality, while achieving visually pleasant results using as fesnasampling step.

2 Background on diffusion models

Given samples from a data distributiopgat(X), noise scheduling functions and ¢, we train a
diffusion modelR , with parameter , via minimizing the weighted mean squared error

=arg min Et U[0;1];X  pdatdX);Zt q(ztjx)[! ( t)jjk (Zt) X]]%], (1)
where ; = log[ 2= ?]is a signal-to-noise ratict], q(z;jx) = N (z;; x; Z1) and! ( {)isa
pre-speci ed weighting function [5].

Once the diffusion mode? is trained, one can use discrete-time DDIM sampléf fo sample from

the model. Speci cally, the DDIM sampler starts with N (0;1) and updates as follows

Zt tk (Zt); s=
t

with N the total number of sampling steps. The nal sample will then be generated Ris{ag).

Zs= R (z)+ s t 1=N 2

Classi er-free guidance Classi er-free guidance] is an effective approach shown to signi cantly
improve the sample quality of class-conditioned diffusion models, and has been widely used in
large-scale diffusion models including GLIDE][ DALL E 2 [9] and Imagen14]. Speci cally, it
introduces a guidance weight paramete?2 R ° to trade-off between sample quality and diversity.

To generate a sample, classi er-free guidance evaluates both a conditional diffusionfpodeid a

jointly trained unconditional diffusion mod#&l at each update step, usiRf = (1 + w)R.. wR

as the model prediction in Eq. (2). As each sampling update requires evaluating two diffusion models,
sampling with classi er-free guidance is often expensive [2].

Progressive distillation Our approach is based @nogressive distillatio15], an effective method

for improving the sampling speed of diffusion models by repeated distillation. Until now, this
method could not be directly applied to distillation of guided models or to samplers other than the
deterministic DDIM sampler [17]. In this paper we resolve these shortcomings.

3 Distilling a classi er-free guided diffusion model

In the following, we discuss our approach for distilling a classi er-free guided diffusion maglel [
Given a trained guided modBR.. ;% ] (teacher), our approach can be decomposed into two steps.



Step one In the rst step, we introduce a continuous-time student méde(z;; w), with learnable
parameter ;, to match the output of the teacher at any time-$t20; 1]. Given a range of guidance
strengthgwmin; Wmax] We are interested in, we optimize the student model using the following
objective

1 =ArgMIN Ew Uwpownedit U0 paadx)ize az) | (OKR ((zow)  RY(z)K3 5 (3)
1

where 2% (z;) = (1 + w)R¢ (z;) wR (z;). Toincorporate the guidance weight we introduce
aw-conditioned model, when is fed as an input to the student model. To better capture the feature,
we apply Fourier embedding t8, which is then incorporated into the diffusion model backbone in a
way similar to how the time-step was incorporated i 15]. As initialization plays a key role in the
performance, we initialize the student model with the same parameters as the conditional model of
the teacher, except for the newly introduced parameters relateetmditioning. We provide the
detailed algorithm for Step-one training in Appendix C.

Step two In the second step, we consider a discrete time-step scenario and progressively distill
the learned model from the rst sted , (z;; w) into an fewer-step student model, (z;; w) with
learnable parameter,, by halving the number of sampling steps each time. Lettindenote the
number of sampling steps, given U [Wnin; Wmad andt 2 f 1;:::; N g, we train the student model

to match the output of two-step DDIM sampling of the teacher (i.e., frefhtot 0:5=N and from

t 0:5=Ntot 1=N) in one step, following the approach dff]. After distilling the 2N steps

in the teacher model tN steps in the student model, we can useNhstep student model as the

new teacher model, repeat the same procedure, and distill the teacher modél#®estep student
model. At each step, we initialize the student model with the parameters of the teacher. More details
are provided in Appendix C.

N -step deterministic and stochastic samplingOnce the modet , is trained, given a speci ed
W 2 [Wmin; Wmax], We can perform sampling via the DDIM update rule in Eq. (2). We note that given
the distilled modeR ,, this sampling procedure deterministiagiven the initializatiorey’ .

In fact, we can also perforiN -stepstochasticsampling: We apply one deterministic sampling step
with two-times the original step-length (i.e., the same &&=2-step deterministic sampler) and

then perform one stochastic step backward (i.e., perturb with noise) using the original step-length, a
process inspired by [4]. Wity N (0;1), we use the following update rule whér 1=N

z RY (z¢)

= R L@ == s N () (@)
ZW kW(ZW)

2= @) TR A == A g N (@D ()

S

whereh=1t 3=N,k=t 2=N,s=t 1=N and gjb =(1 e= »v) 2 Whent=1=N,we

use deterministic update Eq. (2) to obtaf from z}, . We note that compared to theterministic
sampler, performingtochasticsampling requires evaluating the model at slightly different time-steps,
and would require small modi cations to the training algorithm for the edge cases. We provide more
details in Appendix C.

Other distillation approaches A direct application of progressive distillatiofi] to guided models

is to follow the structure of the teacher model and directly distill the student model into one jointly-
trained conditional and unconditional model. We explore this option and observe that this approach
does not work well. We provide more details and analysis in Appendix C.8.

4 Experiment

In this section, we evaluate the performance of our distillation approach. We observe that our
approach is able to achieve competitive FID/IS scores while using as few as 4 steps. We provide extra
experimental details in Appendix C and extra samples in Appendix D.

Distillation for classi er-free guided models We focus on ImageNet 64x643] and CIFAR-10
in this experiment. We explore different ranges for the guidance weight and observe that all ranges
work comparably and therefore us@min ; Wmax ] = [0; 4] for the experiments. We train the step-one



model using SNR loss, and the step-two model using SNR loss with truncafipimhe baselines

we consider include DDPM ancestral sampliiggnd DDIM [17]. To better understand how the
guidance weightv should be incorporated, we also include models trained using a singlevxed

as a baseline. We use the same pre-trained teacher model for all the methods for fair comparisons.
Following [1, 2], we use a U-Net12] architecture for the baselines, and the same U-Net backbone
with the introducedv-embedding for our two-step student models (see Section 3). We report the
performance for all approaches on ImageNet 64x64 in Fig. 2 and Table 1. We provide the results
on CIFAR-10 and extended results on ImageNet 64x64 in Table 2 (see Appendix C.6). We provide
samples for both datasets in Appendix D.

w =0 w=0:3 w=1 w=4
Method FID @) 150 FID #) 1S FID (& 1S5 FID ) IS
Ours 1-step (D/S) 227472691 2551/2355 14.857/18.48 37.09/33.30 7.5478.92 75.19767.80 1I®BB2/157.467148.97
Ours 4-step (D/S) 4141391 46.64/48.92 2.17/2.24 69.64/73.73 7.95/851 128.98/135.36 26.45/27.33 207.45/216.56
Ours 8-step (D/S) 2.79/2.44 50.72/55.032.05/2.31 76.01/83.00 9.33/10.56 136.47/147.39 26.62/27.84 202149.89
Ours 16-step (D/S) 244210 5253/57.81 2.20/2.56 79.4787.50 9.99/11.63 139.11153.17 26.53/27.69 204.13/218.70
Singlew 1-step 19.61 24.00 11.70 36.95 6.64 74.41 19.857 170.69
Singlew 4-step 4.79 38.77 2.34 62.08 8.23 118.52 27.75 219.64
Singlew 8-step 3.39 42.13 2.32 68.76 9.69 125.20 27.67 218.08
Singlew 16-step 2.97 43.63 2.56 70.97 10.34 127.70 27.40 216.52
DDIM 16x2-step 7.68 37.60 5.33 60.83 9.53 112.75 21.56 195.17
DDIM 32x2-step 5.03 40.93 7.47 9.33 9.26 126.22 23.03 213.23
DDIM 64x2-step 3.74 43.16 5.52 9.51 9.53 133.17 23.64 217.88
Teacher (DDIM 1024x2-step) 292 4481 2.36 74.83 9.84 139.50 23.94 224.74

Table 1: ImageNet 64x64 distillation resultg € 0 refers to non-guided models). For our method,

D andS stand for deterministic and stochastic sampler respectively. We observe that training the
model conditioned on a guidance interval [0; 4] performs comparably with training a model on a
xed w (see Singlew). Our approach signi cantly outperforms DDIM when using fewer steps, and

is able to match the teacher performance using as few as 8 to 16 steps.

Figure 2: ImageNet 64x64 sample quality evaluated by FID and IS scores. Our distilled model
signi cantly outperform the DDPM and DDIM baselines, and is able to match the performance of
the teacher using as few as 8 to 16 steps. By vamyingsingledistilled model is able to capture the
trade-off between sample diversity and quality.

Progressive distillation for encoding In this experiment, we explore distilling the encoding process

for the teacher model and perform experiments on style-transfer in a setting simité}.t8peci -

cally, to perform style-transfer between two domatandB , we encode the image from domain-

using a diffusion model trained on domatn-and then decode with a diffusion model trained on
domainB . As the encoding process can be understood as reversing the DDIM sampling process, we
perform distillation for both the encoder and decoder with classi er-free guidance, and compare with
a DDIM encoder and decoder in Fig. 10. We also explore how modifying the guidance stnength
can impact the performance in Fig. 11 and Fig. 12. We provide more details in Appendix C.
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Appendix

A Related Work

Our approach is related to existing works on improving the sampling speed of diffusion models.
For instance, denoising diffusion implicit model (DDINIT]), probability ow sampler [L9], fast

SDE integratorsd] have been proposed to improve the sampling speed of diffusion maddgls [

1]. Progressive distillation1p] is perhaps the most relevant work. Speci cally, it proposes to
progressively distill a pre-trained diffusion model into a fewer-step student model with the same
model architecture. However, none of the above approaches have been applied to distilling classi er-
free guided models. At the same time, these approadhed§, 15] only consider deterministic
sampling schemes to improve the sampling speed. In this work, we propose an approach to distill
classi er-free guided diffusion models and further develop an effective stochastic sampling approach
to sample from the distilled models.

B Conclusion

In this paper, we propose a distillation approach for guided diffusion modedsfl further propose

a stochastic sampler to sample from the distilled model. Empirically, our approach is able to achieve
visually decent samples using as few as one step and obtain a comparable FID/IS score as the teacher
using only 8 to 16 steps, reducing the sampling steps by up to 256 times.

C Extra details on experiments

C.1 Teacher model

The model architecture we use is a U-Net model similar to the ones us&ll ifflje model is
parameterized to predigtas discussed in [15]. We use the same training setting as [2].

C.2 Step-one distillation

The model architecture we use is a U-Net model similar to the ones usgfd iW¢ use the same
number of channels and attention as used?jnfgr both ImageNet 64x64 and CIFAR-10. As
mentioned in Section 3, we also make the model takas input. Speci cally, we apply Fourier
embedding tav before combining with the model backbone. The way we incorpavétethe same
as how time-step is incorporated to the model as use#,ihg. We parameterize the model to
predictv as discussed inp]. We train the distilled model using Algorithm 1. We train the model
using SNR lossH, 15]. For ImageNet 64x64, we use learning ra&e 4, with EMA decay0:9999

for CIFAR-10, we use learning rafiee 3, with EMA decay0:9999 We initialize the student model
with parameters from the teacher model except for the parameters relateghtbedding.

Algorithm 1 Step-one distillation

Require: Trained classi er-free guidance teacher mogkel ;R ]
Require: Data seD
Require: Loss weight function ()

while not convergedio

x D . Sample data
t  U[0;1] . Sample time
W U[Wnin; Wmax] . Sample guidance
N (0;1) . Sample noise
Zt = X+ ¢ . Add noise to data
¢ =log[ 2= 2] . log-SNR
RW(z) =1+ W)Re (zt) WR (zv) . Compute target
L,="!( k" (zt) & ,(z¢;wW)k3 . Loss
1 1 r L, . Optimization
end while




C.3 Step-two distillation for deterministic sampler

We use the same model architectures as the ones used in Step-one (see Appendix C.2). We train the
distilled model using Algorithm 2. We rst use the student model from Step-one as the teacher model.
We start froml1024DDIM sampling steps and progressively distill the student model from Step-one

to a one step model. We train the student model for 50,000 parameter updates, except for sampling
step equals to one or two where we train the model for 100,000 parameter updates, before the number
of sampling step is halved and the student model becomes the new teacher model. At each sampling
step, we initialize the student model with the parameters from the teacher model. We train the model
using SNR truncation los$[15]. For each step, we linearly anneal the learning rate ftem 4 to

0 during each parameter update. We do not use EMA decay for training. Our training setting follows
the setting in [15] closely.

Algorithm 2 Step-two distillation for deterministic sampler

Require: Trained teacher mod&l (z;;w)
Require: Data seD
Require: Loss weight function ()
Require: Student sampling stepé
for K iterationsdo
2 . Init student from teacher
while not convergedio

x D

t=1i=N; i Cat[1;2;:::;N]

W U[Wmin; Wmax] . Sample guidance
N (0;1)

Zy = X+ ¢

# 2 steps of DDIM with teacher

0

—

t 05=N, t%%=t 1=N

z{o = R (Ze;w) + %O(Zt tR (z;w))
Zibo = toR (Z{o;w)+ 2z R (Z{h W)
W = Zio (o= )z . Teachenr target
100 ({00= t) t
¢ = log[ ’[2: t2] 5
L,=1¢( t)kx""L R, (zt; wW)ks
2 2 r,L,
end while
2 . Student becomes next teacher
N N=2 . Halve number of sampling steps
end for

C.4 Step-two distillation for stochastic sampling

We train the distilled model using Algorithm 3. We use the same model architecture and training

setting as Step-two distillation described in Appendix C.3 for both ImageNet 64x64 and CIFAR-10:

The main difference here is that our distillation target corresponds to taking a sampling step that is
twice as large as for the deterministic sampler. We provide visualization for samples with varying

guidance strengths in Fig. 3.

C.5 Baseline samples

We provide extra samples for the DDIM baseline in Fig. 4 and Fig. 5.



Figure 3: Class-conditional samples from our two-step (stochastic) approach on ImageNet 64x64. By
varying the guidance weight, our distilled model is able to trade-off between sample diversity and
quality, while achieving visually pleasant results using as fearsesampling step.

Figure 4: ImageNet 64x64 class-conditional generation using DDIM (baseline) 8 sampling steps. We
observe clear artifacts when= 0.

Figure 5: ImageNet 64x64 class-conditional generation using DDIM (baseline) 16 sampling steps.

C.6 Extra distillation results

We provide the FID and IS results for our method and the baselines on ImageNet 64x64 and CIFAR-
10 in Fig. 6, Fig. 8 and Table 2. We also visualize the FID and IS trade-off curves for both datasets in
Fig. 7 and Fig. 9, where we select guidance stremgth f 0; 0:3; 1; 2; 4g for ImageNet 64x64 and

w = f0;0:1;0:2; 0:3; 0:5; 0:7; 1; 2; 49 for CIFAR-10.



Algorithm 3 Step-two distillation for stochastic sampler

Require: Trained teacher modél (z;;w)
Require: Data seD
Require: Loss weight function ()
Require: Student sampling steps

for K iterationsdo

2 . Init student from teacher
while not convergedio

x D

t=1i=N; i Cat[1;2;:::;N]

W U[Wmin; Wmax] . Sample guidance
N(0;1)

Zy = X+ ¢

if t> 1=N then
# 2 steps of DDIM with teacher
t°=t 1=N, t%=t 2=N
zlh = R (z;W)+ 22 (2 R (ze; W)
Zio= R (zZ{6;w)+ %}(z}"{) R (z{6; w))

ZtWDO ( £ 00= t)Zt

¥W = B St . TeachenRr target
100 ( (00= t) t
else . Edge case
# 1 step of DDIM with teacher
%=t 1=N

zih = R (z; W)+ %O(Zt R (ze; W)

z{o (0= 1)zt

¥W = 2 . TeachenR target
i o (0= 1) ¢
end if
¢ =log[ f={]
L,="1( k" R ,(z;wW)k3
2 2 L,
end while
2 . Student becomes next teacher
N N=2 . Halve number of sampling steps
end for

10



ImageNet 64x64 CIFAR-10

Guidancew Model FID @& IS () FID () IS (")
w=0:0 Ours 1-step (D/S) 227472691 25.51/23.55 8.34/10.65 8.63/8.42
Ours 2-step (D/S) 9.75/10.67 36.69/37.12 4.48/4.81 9.23/9.30
Ours 4-step (D/S) 4.14/3.91 46.64/48.92 3.18/3.28 9.50/9.60
Ours 8-step (D/S) 2.7912.44 50.72/55.03 2.86/3.11 9.68/9.74
Ours 16-step (D/S) 2441210 52.53/57.81 2.78/3.12 9.67/9.76
Singlew 1-step 19.61 24.00 6.64 8.88
Singlew 4-step 4.79 38.77 3.14 9.47
Singlew 8-step 3.39 42.13 2.86 9.67
Singlew 16-step 2.97 43.63 2.75 9.65
DDIM 16-step 7.68 37.60 10.11 8.81
DDIM 32-step 5.03 40.93 6.67 9.17
DDIM 64-step 3.74 43.16 4.64 9.32
Target (DDIM 1024-step) 2.92 4481 2.73 9.66
w=0:3 Ours 1-step (D/S) 14.85/18.48 37.09/33.30 7.34/9.38 8.90/8.67
Ours 2-step (D/S) 5.052/5.81 54.44 | 54.37 4.23/4.74 9.45/9.45
Ours 4-step (D/S) 2.17/2.24 69.64/73.73 3.58/3.95 9.73/9.77
Ours 8-step (D/S) 2.05/2.31 76.01/83.00 3.54/3.96 9.87/9.90
Ours 16-step (D/S) 2.20/2.56 79.47 /1 87.50 3.57/4.17 9.89/9.97
Singlew 1-step 11.70 36.95 5.98 9.13
Singlew 4-step 2.34 62.08 3.58 9.75
Singlew 8-step 2.32 68.76 3.57 9.85
Singlew 16-step 2.56 70.97 3.61 9.88
DDIM 16-step 5.33 60.83 10.83 8.96
DDIM 32-step 3.45 68.03 7.47 9.33
DDIM 64-step 2.80 72.55 5.52 9.51
Target (DDIM 1024-step) 2.36 74.83 3.65 9.83
w=1:0 Ours 1-step (D/S) 7.5478.92 75.19/67.80 8.62/10.27 9.2178.97
Ours 2-step (D/S) 5.77/5.83  109.97/108.38  6.88/7.52 9.64/9.55
Ours 4-step (D/S) 7.95/851 128.98/135.36 7.39/7.64 9.86/9.87
Ours 8-step (D/S) 9.33/10.56 136.47/147.39 7.81/7.85 9.9/10.05
Ours 16-step (D/S) 9.99/11.63 139.11/153.17 7.97/8.34 10.00/10.05
Singlew 1-step 6.64 74.41 8.18 9.32
Singlew 4-step 8.23 118.52 7.66 9.88
Singlew 8-step 9.69 125.20 8.09 9.89
Singlew 16-step 10.34 127.70 8.30 9.95
DDIM 16-step 9.53 112.75 14.81 8.98
DDIM 32-step 9.26 126.22 11.44 9.36
DDIM 64-step 9.53 133.17 9.79 9.64
Target (DDIM 1024-step) 9.84 139.50 7.80 9.96
w=2:0 Ours 1-step (D/S) 10.71/10.55 118.55/108.37 13.237/14.33 9.23/9.02
Ours 2-step (D/S) 14.08/14.18 160.04/161.43 12.58/12.57 9.51/9.48
Ours 4-step (D/S) 17.61/18.23 178.29/184.45 13.83/13.24 9.70/9.77
Ours 8-step (D/S) 18.80/20.25 181.53/193.49 14.41/13.67 9.77/9.87
Ours 16-step (D/S) 19.25/21.11 183.17/197.71 14.80/14.28 9.79/9.84
Singlew 1-step 11.12 120.74 13.31 9.23
Singlew 4-step 18.14 172.74 14.04 9.70
Singlew 8-step 19.24 176.74 14.67 9.77
Singlew 16-step 19.81 177.69 15.04 9.79
DDIM 16-step 15.92 157.67 20.25 8.97
DDIM 32-step 16.85 175.72 17.27 9.29
DDIM 64-step 17.53 182.11 15.66 9.48
Target (DDIM 1024-step) 17.97 190.56 13.60 9.81
w=4:0 Ours 1-step (D/S) 18.72/17.85 157.46/148.97 23.20/23.79 8.88/8.70

Ours 2-step (D/S) 23.74124.34 196.05/200.11 23.41/22.75 9.16/9.11
ours 4-step (D/S) 26.45/27.33 207.45/216.56 25.11/23.62 9.23/9.33
Ours 8-step (D/S) 26.62/27.84 203.47/219.89 25.94/23.98 9.26/9.55
Ours 16-step (D/S) 26.53/27.69 204.13/218.70 26.01/24.40 9.33/9.50

Singlew 1-step 19.857 170.69 23.17 8.93
Singlew 4-step 27.75 219.64 24.45 9.32
Singlew 8-step 27.67 218.08 24.83 9.38
Singlew 16-step 27.40 216.52 25.11 9.37
DDIM 16-step 21.56 195.17 27.99 8.71
DDIM 32-step 23.03 213.23 25.07 9.07
DDIM 64-step 23.64 217.88 23.41 9.17
Target (DDIM 1024-step) 23.94 224.74 21.28 9.54

Table 2: Distillation results on ImageNet 64x64 and CIFAR-A0F 0 refers to non-guided models).
For our methodD andS stand for deterministic and stochastic sampler respectively. We observe
that training the model conditioned on an guidance intewwal [0; 4] performs comparably with
training a model on a xedv (see Singlew). Our approach signi cantly outperforms DDIM when
using fewer steps, and is able to match the teacher performance using as few as 8 to 16 steps.

11



Figure 6: ImageNet 64x64 sample quality evaluated by FID and IS scores. Our distilled model
signi cantly outperform the DDPM and DDIM baselines, and is able to match the performance of
the teacher using as few as 8 steps. By varyingur distilled model is able to capture the trade-off
between sample diversity and quality.

12



Figure 7: FID and IS score trade-off on ImageNet 64x64. We plot the results using guidance strength
w = f0;0:3; 1; 2; 49. For thel-step plot, the curves of DDIM and DDPM are too far away to be
visualized.
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Figure 8: CIFAR-10 sample quality evaluated by FID and IS scores. Our distilled model signi cantly
outperform the DDPM and DDIM baselines, and is able to match the performance of the teacher
using as few as 8 steps. By varying our distilled model is able to capture the trade-off between

sample diversity and quality.
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Figure 9: FID and IS score trade-off on CIFAR-10. We plot the results using guidance strength
w = f0;0:1;0:2; 0:3; 0:5; 0:7; 1; 2; 4g. For thel-step and2-step plots, the curves of DDIM and
DDPM are too far away to be visualized. For thatep plot, the curve of DDIM is too far away to

be visualized.
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C.7 Style transfer

We focus on ImageNet 64x64 for this experiment. As discussetlingne can perform style-transfer
between domain A and B by encoding (performing reverse DDIM) an image using a diffusion model
train on domain A and then decoding using DDIM with a diffusion model trained on domain B. We
train the model using Algorithm 4. We use the sameonditioned model architecture and training
setting as discussed in Appendix C.3.

Figure 10: Style transfer comparison on ImageNet 64x64. For our approach, we use a distilled
encoder and decoder. For the baseline, we encode and decode using DDIM. We Osand16
sampling steps for both the encoder and decoder. We observe that our method achieves more realistic
outputs.

Figure 11: Style transfer on ImageNet 64x@fange to bell pepper ). We use a distilled 16-step
encoder and decoder. We x the encoder guidance strength@ahd vary the decoder guidance
strength fronD to 4. As we increas&v, we notice a trade-off between sample diversity and sharpness.

Figure 12: Style transfer on ImageNet 64x@4ange to acorn squash). We use a distilled 16-step
encoder and decoder. We x the encoder guidance strength@ahd vary the decoder guidance
strength fronD to 4. As we increase the guidance strengthwe notice a trade-off between sample
diversity and sharpness.
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Algorithm 4 Encoder distillation

Require: Trained teacher modél (z;;w)
Require: Data seD
Require: Loss weight function ()
Require: Student sampling steps

for K iterationsdo

2
while not convergedio

x D
t=1i=N; i Cat[0;1;:::;N 1]
W U[Wnin; Wimax]
N (0;1)
Zy = X+ ¢
# 2 steps of reversed DDIM with teacher
t°= t+0:5=N, t%=t+1=N
z{i = R (zZxW)+ S(ze R (zW)

Zibo = ok (Z{o;w)+ (2l R (z{hw))
Z¥v00 (100= 1)zt
100 ({00= ) ¢
¢ =log[ 7= 7] )
L,="1(keY R ,(z;w)ks
2 r 2L

xW =

2

2
end while

2
N N=2
end for

. Init student from teacher

. Sample guidance

. Teachenr target

. Student becomes next teacher

. Halve number of sampling steps
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C.8 Naive progressive distillation

A natural approach to apply progressive distillatid®][to a guided model is to use a student
model that follows the same structure as the teacher—that is with a jointly trained conditional and
unconditional diffusion component. Denote the pre-trained teacher rifadel® ] and the student
model[%.. ;% ], we provide the training algorithm in Algorithm 5. To sample from the trained
model, we can use DDIM deterministic sampl&r] or the proposed stochastic sampler (see Eq. (4)).

We follow the training setting in Appendix C.3, usavaconditioned model and train the model to
condition on the guidance strendt 4]. We observe that the model distilled with Algorithm 5 is not

able to generate reasonable samples when the number of sampling is small. We provide the generated
samples on CIFAR-10 with DDIM sampler in Fig. 13, and the FID/IS scores in Table 3.

Guidancev  Number of step  FID#) IS (")

w=0:0 1 212.20 3.66
16 42.02 7.95
64 35.37 8.47
128 29.74 8.87
256 20.14 9.50
w=0:3 1 213.07 3.62
16 48.74 7.70
128 34.28 8.57
256 24.54 9.21
w=1:0 1 21488 3.54
16 64.92 7.21
64 48.54 7.62
128 42.56 8.00
256 32.20 8.81
w=2:0 1 217.37 3.48
16 87.19 6.50
64 57.15 7.22
128 50.30 7.53
256 39.76 8.26
w=4:0 1 220.11 3.45
16 115.57 6.16
64 71.45 6.78
128 61.75 7.02
256 49.21 7.69

Table 3: Naive progressive distillation results on CIFAR-10. We observe that the naive distillation
approach is not able to achieve strong performance.

(a) 256-step (b) 64-step (c) 16-step (d) 1-step

Figure 13: A naive application of progressive distillatidrd][to guided distillation models. The
model is trained with guidance strength? [0; 4] on CIFAR-10. The samples are generated with
DDIM (deterministic) sampler at/ = 0. We observe clear artifacts when the number of sampling
step is small.
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Algorithm 5 Two-student progressive distillation

Require: Trained classi er-free guidance teacher mogkel ;2R |

Require: Data seD

Require: Loss weight function ()

Require: Student sampling steps
for K iterationsdo

while not convergedio

x D
t=1i=N; i Cat[1;2;:::;N]
W U[Wmin; Wmay]
N(0;1)
Zy = X+ ¢

R(z) = (1+ W)R¢; (z1) WR (z)
# 2 steps of DDIM with teacher

%=t 05=N, t®¥=t 1=N

b= (’RY(zy) + %O(Zt 2% (zy))

Z\gtoo: ke, (z{6) + %(Z}I\S ke (Z1h))
w — Zepoo (g00= 1)z

Xc = 00 ( (00= ) ¢

2= R (2)+ (2l

R (z{%))

20 ( (00= )zt

. Init student from teacher

. Sample guidance

. Compute target

. Conditional teache target

. Unconditional teachet target

. Student becomes next teacher
. Halve number of sampling steps

xW =
100 ({00= t) ¢
¢ =log[ #= ¥
L =1( ke Re (z;W)k3+ ke R (z;w)k3)
r L
end while
N N=2
end for
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D Extra samples

D.1 CIFAR-10 256-step samples

(@w=0 (byw=1 (cw=2 (dyw =4
Figure 14: Ours (deterministic). Distilled 256 sampling steps.

@w=0 (byw=1 (c)w =2 (dw=4
Figure 15: Ours (stochastic). Distilled 256 sampling steps.

@w=0 (b)w=1 ©w=2 (dw=4

Figure 16: Ours (deterministic). Distilled 256 sampling steps. Class-conditioned samples.

(@w=0 (byw =1 (cw=2 (dw =4

Figure 17: Ours (stochastic). Distilled 256 sampling steps. Class-conditioned samples.

20



D.2 CIFAR-10 4-step samples

(aw=0 (byw=1 (cyw=2 (dyw=4

Figure 18: Ours (deterministic). Distilled 4 sampling steps.

(@w=0 (byw=1 c)w=2 (dyw=4
Figure 19: Ours (stochastic). Distilled 4 sampling steps.

(@w=0 (byw =1 (cw=2 (d)w =4

Figure 20: Ours (deterministic). Distilled 4 sampling steps. Class-conditioned samples.

(@w=0 (byw =1 (cw=2 (dw =4

Figure 21: Ours (stochastic). Distilled 4 sampling steps. Class-conditioned samples.
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