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Abstract

Diffusion models show promising generation ca-
pability for a variety of data. Despite their high
generation quality, the inference for diffusion
models is still time-consuming due to the numer-
ous sampling iterations required. To accelerate
the inference, we propose REDI, a simple yet
learning-free Retrieval-based Diffusion sampling
framework. From a precomputed knowledge base,
REDI retrieves a trajectory similar to the partially
generated trajectory at an early stage of genera-
tion, skips a large portion of intermediate steps,
and continues sampling from a later step in the
retrieved trajectory. We theoretically prove that
the generation performance of REDI is guaran-
teed. Our experiments demonstrate that REDI
improves the model inference efficiency by 2x
speedup. Furthermore, REDI is able to generalize
well in zero-shot cross-domain image genreation
such as image stylization. The code and demo for
REDI is available at https://github.com/
zkx06111/ReDiffusion.

1. Introduction

Deep generative models are changing the way people cre-
ate content. Among them, diffusion models have shown
great capability in a variety of applications including im-
age synthesis (Ho et al., [2020} |Dhariwal & Nichol, [2021)),
speech synthesis (Liu et al.| [2021a)), and point cloud genera-
tion (Zhou et al., 2021)). Latent diffusion models (Rombach
et al., [2022) such as Stable Diffusion are able to generate
high-quality images given text prompts. However, the basic
sampler for diffusion models proposed by Ho et al.| (2020)
requires a large number of function estimations (NFEs) dur-
ing inference, making the generation process rather slow.
For example, the basic sampler takes 336 seconds on av-
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Figure 1. Diffusion Inference (upper) and REDI Inference (lower).
REDI reduces the number of function estimations (NFEs) during
inference by skipping several intermediate sampling steps. The
overhead brought by REDI is minimal compared to the cost it
reduced.

erage to run on an NVIDIA 1080Ti, where improving the
efficiency of diffusion model inference is crucial.

Previous studies on improving the efficiency of diffusion
model inference can be categorized into two types, learning-
based ones, and learning-free ones. Learning-based sam-
plers (Salimans & Ho, [2021; Meng et al., [2022; Lam et al.
2022; Watson et al., 2021; Kim & Yel 2022) require ad-
ditional training to reduce the number of sampling steps.
However, their training is expensive, especially for large
diffusion models like Stable Diffusion. In contrast, learning-
free samplers do not require training, and are, therefore,
applicable to more scenarios. In this paper, we focus on
learning-free approaches to speed up inference.

Existing efficient learning-free samplers for diffusion (Liu
et al.;2021bj |Lu et al., [2022aib; |[Zhang & Chen, [2022} |Kar{
ras et al., 2022) all try to find a more accurate numerical
solver for the diffusion ODE (Song et al.,|2021]), but they do
not utilize its sensitivity. The sensitivity of ODEs suggests
that under certain conditions, a small perturbation in the
initial value does not change the solution too much (Khalil,
2002)). This observation motivates the assumption that a pre-
viously generated trajectory - if close enough to the current
trajectory - can serve as an estimate for it.

In this paper, we propose REDI, a learning-free sampling
framework based on trajectory retrieval. illustrates
the original full diffusion inference and the REDI inference.
Given a pre-trained diffusion model, REDI does not modify
its weights or train new modules. Instead, we fix the model
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and build a knowledge base B of trajectories upon a chosen
dataset during the precomputation. During the inference,
REDI first computes the early few steps in the trajectory
as they are, and then retrieves a similar trajectory from 5.
In this way, one later step in the retrieved trajectory can
surrogate the actual one and serve as an initialization point
for the model. By jumping from an early time step to a
later time step V', REDI is able to save a larger portion of
function estimations (NFEs) any numerical solver.

We first prove that REDT’s performance is bounded by
the distance between the query trajectory and the retrieved
neighbor. Then we report results from in-domain experi-
ments to show empirically that with a moderate-sized knowl-
edge base, REDI is able to achieve comparable performance
to recent efficient samplers with a 2x speedup. To demon-
strate that REDI generalizes well in cross-domain adapta-
tion, we propose an extension to REDI that generates vari-
ous stylistic images given the same single-style knowledge
base. The stylized images generated by REDI are well-rated
by human evaluators. Our ablation studies show that under
different settings, the actual results of REDI correlate well
with the theoretical bounds, indicating the bounds are tight
enough to estimate the generation quality.

Our contributions are as follows:

* We propose REDI, a retrieval-based learning-free frame-
work for diffusion models. REDT1 is orthogonal to previous
learning-free samplers and reduces the number of func-
tion estimations (NFEs) by skipping some intermediate
steps in the trajectory.

* We prove a theoretical bound for the generation quality of
REDI that correlates well with the actual performance.

* We show empirically that REDT can improve the inference
efficiency with precomputation and perform well in zero-
shot domain adaptation.

2. Related Work

Retrieval-Based Diffusion Models Previous studies on
retrieval-based diffusion (Blattmann et al., 2022} |[Sheynin
et al., 2022) have different emphases including rare entity
generation (Chen et al., |2022), out-of-domain adaptation,
semantic manipulation, and parameter efficiency. However,
they all need to train a new model instead of building upon
a trained model, which requires much computing power
and time. They retrieve images and/or text using pre-built
similarity measures like CLIP embedding cosine similar-
ity (Radford et al., [2021)). But the pre-built measures they
use are not specially designed for diffusion models and have
no proven performance guarantee.

Learning-Free Diffusion Samplers Most learning-free
diffusion samplers are based on the stochastic/ordinary dif-
ferential equation (SDE/ODE) formulation of the denoising

process proposed by Song et al.|(2021). This formulation
allows the use of better numerical solvers for larger step
sizes and fewer model iterations. Under the SDE framework,
previous works alter the numerical solver (Song et al., 2021)),
the initialization point (Chung et al., 2022)), the step-size
(Jolicoeur-Martineau et al.,[2021), and the order of the solver
(Karras et al.| 2022). The SDE can also be reformulated
as an ordinary differential equation which is deterministic
and therefore easier to accelerate. Many works (Liu et al.}
2021bj [Lu et al., [2022aib; Zhang & Chen, 2022} |[Karras
et al., 2022) hence built upon the ODE formulation and pro-
pose better ODE solvers for the problem. Although existing
studies have extensively explored how a better numerical
solver can be used to accelerate diffusion inference. They
have not taken the sensitivity of ODEs into consideration.

3. Background
3.1. Diffusion Models

Assuming data follow an unknown true distribution p(x),
diffusion models (Sohl-Dickstein et al. 2015; Ho et al.|
2020; Song et al., 2021} |[Kingma et al.,[2021)) define a gen-
eration process. For any p(x), diffusion models learn a
denoising process by iteratively adding noise to original
data (denoted as x() from time step O until time step 7". The
forward process adds noise to x( such that at time step ¢,
the distribution of x; conditioned on x is

q(zi|xo) = N (Ot(t)l’o,O’Q(t)I) , D

where «a(t),o(t) are real-valued positive functions with
bounded derivatives. The signal-to-noise ratio (SNR) is de-
fined as v = a?(t)/o?%(t). By making the SNR decreasing,
the marginal distribution of &7 approximates a zero-mean
Gaussian, i.e.

q(xr) =~ N (0,5°1). )

The noise-adding forward process transforms a data sample
from the original distribution to the zero-mean Gaussian
q(xr), while the backward process randomly samples from
g(xr) and denoises the sample with a neural network pa-
rameterized conditional distribution ¢(xs|x;) where s < ¢
until it reaches time step 0.

3.2. The Differential Equation Formulation

Kingma et al.| (2021) proves that the forward process is
equivalent (in distribution) to the following stochastic differ-
ential equation (SDE) in terms of the conditional distribution
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where w is the standard Wiener process.

Song et al.| (2021) shows that the forward SDE has an equiv-
alent reverse SDE starting from time 7" with the marginal
distribution ¢(xT),

da: = [f(t)x: — gQ(t)Valc log g+ (x+)]dt + g(t)dws, (6)
where w; is the reverse Wiener process and ¢ goes from 0
toT.

In practice, V4 log gi(x:) ~ €/o(t) is estimated using a
noise-predictor function €y (¢, t), where € is the Gaussian
noise added to x to obtain x, i.e.,

x = a(t)xo +o(t)e, €~ N(0,I). 7

To learn €y, the following objective function is minimized
(Ho et al.} 2020; Song et al., 2021},

T
L(o) = / () Eq(mo)Ea(or no) [ll€0 (@ t) — 2] dt, (®)

where w(t) is a weighting function, and the integral is esti-
mated using random samples.

Song et al.| (2021)) proves that the following ordinary differ-
ential equation (ODE) is equivalent to

d 1

= Oz ROV osae| . ©
When V log g;(x;) is replaced by its estimation, we obtain
the neural network parameterized ODE,

day
dt

_ {f(t)mt -Z 2(2) ee(mt,t)] . (10)

The inference process of diffusion models can be formu-
lated as solving given a random sample from
the Gaussian distribution ¢(27). For each iteration in solv-
ing the equation, the noise-predictor function €g(x;,t) is
estimated with the trained neural network 6. Therefore,
the inference time consumption can be approximated by
the number of function estimations (NFEs), i.e., how many
times €g(x¢, t) is estimated.

4. The REDI Method

Given a starting sample x 7, a guidance signal y, ReDi ac-
celerates diffusion inference by skipping some intermediate
samples in the sample trajectory to reduce NFEs.

4.1. The Sample Trajectory

Definition 4.1. Given a starting sample xr, the sample
trajectory of a diffusion model is a sequence of intermediate
samples generated in the iterative process from & to x.
For a particular time step size §, the sample trajectory is the
sequence {7, Tr_s5, LT—25,- -, Ls, Lo}, Where T is the
initial time step.

The sample trajectory describes the intermediate steps to
generate the final data sample (e.g. an image), so the infer-
ence time linearly correlates with its length, i.e., the number
of estimations used. While previous numerical solvers work
towards enlarging the step size J, REDI aims at skipping
some intermediate steps to reduce the length of the trajectory.
REDI is able to do so because the first few steps determine
only the layout of the image which can be shared by many,
and the following steps determine the details (Meng et al.,
2021; W et al., [2022).

In the following section, we describe the REDT algorithm
with this definition.

Algorithm 1 REDI Knowledge Base Construction

input A dataset D = {(z?, 3}, where ) is some guid-
ance signal and @ is a data sample;
A pretrained diffusion model @ that computes €g (¢, t,y), the
noise estimation of x; at time step ¢;
Two constant time steps k£ and v, where k& > v;
A numerical sampler S, x:—1 = S(x, t, 0).
output A knowledge base B = {(key(i), val“))}fy:l
fori <— 1to N do
@r ~ pler|a")
/I Note that the signal-to-noise ratio is close to 0 at time step 1"
due to the noise ratio of diffusion models. Therefore sampling
@7 from p(zr|z?) is almost the same as from p(x7).
/1 More discussions about the initial sample in Appendix[A.3]
for j < T downto 1 do

Tj_1 < Se (a:j,j, y(”)
end for // Calculating the trajectories of the ith sample
key™ « @) // An early of the trajectory as the key
val®® < x, // An intermediate sample as the value

end for ] )
return {(key?, val @)}V,

4.2. The REDI Inference framework

Given a trained diffusion model, REDI does not require any
change to the parameters. It only needs access to the sample
trajectory of generated images. We show the inference
procedure of REDI in Instead of generating all
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A trajectory in the knowledge base, generated with "a cat holding a cup"

2. Find the nearest key to the query

1. Create partial trajectory as query
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'

3. Continue to generate
from the value of the key

A trajectory generated by ReDi with "a dog holding a cup"

Figure 2. The inference procedure of REDI. The upper part is a complete trajectory generated by Stable Diffusion to build the knowledge
base. The lower part is a trajectory generated by REDI with some intermediate steps skipped.

T/¢6 intermediate samples in the trajectory, REDI skips
some of them to reduce number of function estimations
(NFEs) and improve efficiency. This is done by generating
the first few samples ., using them as a query to retrieve
a similar trajectory /. ,, and then starting from !, of the
trajectory retrieved. This way, the NFEs spent to go from
time step k to time step v would be unnecessary.

As shown in|[Figure 7] the retrieval of the similar trajectory
x’ depends on a precomputed knowledge base B. We for-
mally describe the construction of 5 in[Algorithm 1] REDI
first computes the sample trajectories for the data samples in
a dataset D. For every sample trajectory {5} n=7/s,....1,05
a sample early in generation xj is chosen as the key, while
a later sample x,, is chosen as the value. The time consump-
tion for computing one key-value pair is similar to that of
one generation of the model. The total time consumption is
proportional to |D|. With a moderate-sized D, not only can
we achieve comparable performance with much less time,
we can also perform zero-shot domain adaptation.

The inference process of REDI is formally described in
Given a guidance signal y (in our case, a text
prompt), we want to generate a data sample (in our case,
an image) « from it. We first generate the first few steps
x 7. ) to query the knowledge base B with ;. We find the
top-H keys that are closest to ¢ in terms of the distance
measure d. Then we find out the set of weights w* that
make the linear combination of the top-H keys approximate
q the best. With w*, we linearly combine the value and use

Algorithm 2 REDI Inference

input 0.k, v, S are the same as defined in[Algorithm I}
B is the knowledge base computed by [Algorithm 1}
The guidance signal y;
The number of nearest neighbors H we want to retrieve;
A distance measure d(-, -) between a query and a key.
output A data sample x conditioned on the guidance signal y.
1 ~ plr)
fori < T tok+ 1do
xi—1 + So(wi, i,y)
end for
q < x, // Computing the first few samples as the query
Find the top-H neighbors j1, jo, . . ., ju from B that are nearest
to q (measured by d)
w* < arg min,, d (q, Zflzl wikey(ji))
iy S wival?
for i < v downto 1 do
Ti1 < So(24,4,y)
end for
return o

that combination as the initialization point for the remaining
steps of the sampling process.

4.3. Extending REDI for Zero-Shot Domain Adaptation

One limitation of the REDI framework described in [subsec]
is its generalizability. When the guidance signal y
contains out-of-domain information that does not exist in
B, it is difficult to retrieve a similar trajectory from 5 and
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run REDI. Therefore, We propose an extension to REDI
in order to generalize it to out-of-domain guidance. For an
out-of-domain guidance signal y, we break it into 2 parts -
the domain-agnostic ™, and the domain-specific y°"'. We
use y™™ to generate the partial trajectory as the retrieval key.
After retrieval, we start from the retrieved value with both
y™ and y°" as guidance signal.

For example, under the image synthesis setting, when 55
contains style-free images that are generated without any
style specifier in the prompt, it is difficult for REDI to
synthesize images from a stylistic prompt y because finding
a stylistic trajectory from a style-free knowledge base is
hard. However, with the proposed extension, REDI is able
to synthesize stylistic images.

When a stylistic guidance signal y is given, the part of y
describing the content of the image is the domain-agnostic
y™, and the part of y specifying the style of the image is
the domain-specific y°*. Although it is difficult to find a
trajectory similar to one generated by y = (y™,y°"), it
is feasible to retrieve a trajectory similar to one generated
by ™. Therefore, we first use the content description to
generate the retrieval key and then use the whole prompt for
the following sampling steps to make the image stylistic.

5. Theoretical Analysis

We analyze in this section whether REDI is guaranteed to
work. Our theorem is based on two assumptions.

Assumption 5.1. The noise predictor model €g(x+,t) is
Ly-Lipschitz.

This assumption is used in |Lu et al.| (2022a) to prove the
convergence of DPM-solver. [Salmona et al.| (2022)) also
argues that diffusion models are more capable of fitting
multimodal distributions than other generative models like
VAEs and GANs because of its small Lipschitz constant.
The fact that € is an estimate of the Gaussian noise added to
the original image suggests that a small perturbation in x;
does not change the noise estimation very much.

Assumption 5.2. The distance between the query and the
nearest retrieved key is bounded, i.e. d(q, key) < e.

This assumes that the nearest neighbor that REDI retrieves
is “near enough”, which we show empirically in

Given these assumptions, we can prove a theorem saying
the distance between the retrieved value and the true sample
generated retrieved value is an estimate near enough to the
actual x,,.

Theorem 5.3. If d(xy,key) < e, then d(z,,val) <
eO(k—v)g.

Here, x;, is the generated early sample used to retrieve from
the knowledge base. key is the k-th sample from a trajectory

stored in the knowledge base. val is the v-th sample from
the same trajectory as key. «, is the true v-th sample if
we generate the full trajectory using the original diffusion
sampler starting from xj.

dx .
Proof:  We first define h(x,t) = d—tt and prove it’s
Lipschitz continuous. This is equivalent to proving is

bounded:

oh| g2(t) Oe g2 (t) | | Oe
o=l -£9.2¢] <11+ |23 i
2
<10l +| L0 2o (12)

Note that|Equation 12|follows from the Lipschitz continuity

ofe. |f(t)|+ gig)) Ly is bounded by the bounds of f and

g, which is determined by the range of t.

d
Since % is L-Lipschitz, the sensitivity of ODE (Khalil}
2002) suggests that for any two solutions x and y to[Equa]
satisfies

lzy —yu| < e )‘mk_yk‘-
We summarize the proof of ODE sensitivity in Appendix[A.]
to provide a more thorough perspective to our proof. With
the theorem is proven because key and val are y, and

yi, from a solution to according to
]

This theorem can be interpreted as that if the retrieved tra-
jectory is near enough, the retrieved x!, would be a good-
enough surrogate for the actual xy. Note that multiple
factors affect the proven bound, namely the Lipschitz con-
stant L, the distance to the retrieved trajectory d, and the
choice of key and value steps k and v.

6. Experiments

This section presents experiments for REDT applied in both
the inference acceleration setting and the stylization setting.
We conduct these experiments to investigate the following
research questions:

* Is REDI capable of keeping the generation quality while
speeding up the inference process?

* Is the sample trajectory a better key for retrieval-based
generation than text-image representations?

* Is REDI able to generate data from a new domain without
re-constructing the knowledge base?
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Table 1. The FID scores | of REDI when it’s applied to PNDM.
With 20 NFEs, REDI is able to achieve better quality than the
40-step PNDM, making the inference process 2x faster. The NFE
of the 20-step REDI is comparable to a 1000-step DDIM sampler.

NFEs
SAMPLER 20 30 40 1000
DDIM - - - 0.255
PNDM 0.274 0.268 0.262 -
+REDI, H=1 0.265 0.264 0.262 -
+REDI, H=2 0.255 0.247 0.252 -

We conduct our experiments on Stable Diffusion V1.5E|, an
implementation of latent diffusion models
with 1000M parameters. Our inference code is based
on Huggingface Diffuserﬂ To show that REDI is orthog-
onal to the choice of numerical solver, we conduct exper-
iments with two widely used numerical solvers - pseudo

numerical methods (PNDM) and multi-
step DPM solvers (Lu et al.|[2022ab)). To obtain the top-H
neighbors, we use ScaNN (Guo et al.| [2020), which adds a

neglectable overhead to the generation process for retrieving
the nearest neighbors.

6.1. REDI is efficient in precompute and inference

Figure 3. The image samples generated by Stable Diffusion and
REDI with the same set of prompts.

To show REDI’s ability to sample from trained diffusion
models efficiently, we use REDI to sample from Stable
Diffusion, with two different numerical solvers, PNDM
and DPM-Solver. We build the knowledge base B upon
MS-COCO training set (with 82k image-
caption pairs) and evaluate the generation quality on 4k
random samples from the MS-COCO validation set. We use
the Fréchet inception distance (FID) (Heusel et al.},[2017) of
the generated images and the real images. In practice, we
choose L?-norm as our distance measure d and calculate
the optimal combination of neighbors using least square

"https://github.com/CompVis/stable-diffusion
Zhttps://github.com/huggingface/diffusers

Table 2. The FID scores of REDI when it’s applied to DPM-Solver.

NFEs
SAMPLER 10 12 15 17
DPM-SOLVER  0.268 0.265 0.263 0.258
+REDI, H=1 0.265 0.259 0.256 0.255
+REDI, H=2 0.261 0.257 0.253 0.252
estimation.

Note that although the training of Stable Diffusion costs
as much as 17 GPU years on NVIDIA A100 GPUs, con-
structing 3 with PNDM only requires 1 GPU day, which is
much more efficient compared to learning-based methods

like progressive distillation 2022).

For PNDM, we generate 50-sample trajectories to build the
knowledge base. We choose the key step £ to be 40, making
the first 10 samples in the trajectory the key, and alternate
the value step v from 30 to 10. Different combinations of
key and value steps determine how many NFEs are reduced.
For DPM-solver, we choose the length of the trajectory to
be 20 and conduct experiments on k = 5,v = 8/10/13/15.
To compare the performance of REDI with the existing
numerical solvers. We use them to generate images with the
same NFE budget and compare their FIDs with REDI.

We show the results of our experiments in and
Some samples generated by ReDi are listed in
For both PNDM and DPM-Solver, we report the
FID scores of the sampler without RED1, REDI with top-1
retrieval, and REDI with top-2 retrieval. The results indicate
that with the same number of NFEs, REDT is able to generate
images with a better FID. They also indicate that when RED1
is combined with numerical solvers, we can achieve better
performance with only 40% to 50% of the NFEs. In terms of
clock time, 50-step PNDM takes 2.94 seconds, while the 30-
step REDI takes 1.75 seconds to generate one sample. The
precomputation time for building the vector retrieval index
and retrieving top-h neighbors, when amortized by 4000
inferences, is 0.0077 seconds, which only takes 0.4% of the
inference time. Therefore, REDI is capable of keeping the
generation quality while improving inference efficiency.

We further validate the effectiveness of REDI with more
ablation studies and baselines in Appendix [A.6]

6.2. Early samples from trajectories are better retrieval
keys than text-image representations

One major difference between REDI and previous retrieval-
based samplers is the keys we use. Instead of using text-
image representations like CLIP embeddings, we use an
early step from the sample trajectory as the key. Theo-
retically, this is the optimal solution, because we are di-
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Table 3. The L2 distance and FID scores of using FID and trajec-
tory as the retrieval key.

NFE KEY L2NorM | FID |

40 CLIP 9.03 0.2709
TRAJECTORY 7.95 0.2626

30 CLIP 8.53 0.2784
TRAJECTORY 7.28 0.2643

rectly minimalizing the bound from[5.3p.3] by minimalizing
|zr — yi|. In this section, we show empirically that sample
trajectory is indeed the better retrieval key.

We compare CLIP embeddings and trajectories by using
them alternatively as the key. To use CLIP embeddings
as key, we build a knowledge base similar to the one we
use in with them, where the keys are CLIP
embeddings and the values are later samples in the sample
trajectory. We run the same inference process except with a
different knowledge base.

To evaluate the performance of retrieval keys, we use two
criteria - the distance between the actual value and the re-
trieved value d(x,, &, ), and the FID scores of the generated
images. We report the results in Under all NFE
settings, the trajectories serve a better purpose as the key
for REDI than CLIP embeddings. This corresponds well to

6.3. REDI can perform zero-shot domain adaptation
without a domain-specific knowledge base

We use the extended REDI framework from [subsection 4.3]
to generate domain-specific images. In particular, we con-
duct experiments on image stylization
with the style-free knowledge base 3 from|[6.1]

To generate an image with a specific style, we do not build
a knowledge base from stylistic images. Instead, we use the
content description y°°"™ to generate the partial trajectory
as key. After retrieval, we change the prompt from yconent
to the combination of <™ and %', where y*V'® is the
style description in the prompt.

In our experiments, we transfer the validation set of MS
COCO to three different styles. The content description
yeonent directly comes from the image captions, while the
style description 3*¥'® is appended as a suffix to the prompt.
The style descriptions for the three styles are “a Chinese
painting”, “by Claude Monet”, and “by Vincent van Gogh”.

Unlike other experiments, in this experiment, we choose
K =47 and V = 40. Because from the preliminary exper-
iments, we find that the style of the image is determined
much earlier than its detailed content. For 100 randomly
sampled captions from MS COCO validation, we generate

the corresponding images in all three styles. To evaluate
REDTI’s performance, we compare them with images gener-
ated by the original Stable Diffusion with PNDM solver.

We asked human evaluators from Amazon MTurk to eval-
uate the generated images. They are paid more than the
local minimum wage. Every generated image is rated in
three aspects, text faithfulness, style consistency, and layout
similarity. Every aspect is rated on a scale of 1 to 5 where 5
stands for the highest level. Textual faithfulness represents
how faithful the image is depicting the content description.
Style consistency represents how consistent the image is to
the specified style. Layout similarity represents how sim-
ilar the layout of the stylistic image is to the layout of the
style-free image.

No Style Chinese Claude Vincent
Specified Painting Monet van Gogh
2 REA < 3 5 2
ReDi
Stable |
Diffusion =¥

Figure 5. The image samples generated by Stable Diffusion and
REDI1 with the prompt “an astronaut riding a horse” in different
styles. Without extra precomputation, REDI is able to control the
style and keep the same layout, while speeding up the inference.

We report the results of the human evaluation of the 3 dif-
ferent styles in In terms of text faithfulness and
style, REDT’s evaluation is comparable to Stable Diffusion.
In terms of layout similarity, the images generated by RED1
have significantly more similar layouts. This indicates that
by retrieving the early sample in the trajectory, REDI is
able to keep the layout unchanged while transferring the
style. This finding is also demonstrated by the qualitative

examples in

Furthermore, for stylistic prompts that can not be explic-
itly decomposed into ™™ and 3*¥'®, we propose to use
prompt engineering techniques from the natural language
processing community by asking a large language model to
conduct the decomposition for us. We include an example
of such method in Appendix [A.7]

7. The Tightness of the Theoretical Bound

In this section, we conduct experiments of ReDi on PNDM
to show that the proven bound is tight enough to be an
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Scores by Aspects - Chinese Painting

Scores by Aspects - Claude Monet

Scores by Aspects - Vincent van Gogh
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Figure 4. Textual faithfulness, style consistency, and layout similarity scores for Stable Diffusion and ReDi, in 3 different styles. In terms
of layout similarity, ReDi is significantly better than Stable Diffusion, indicating that ReDi is able to control the style without changing

the layout.
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Figure 6. The FID scores of ReDi applied to two numerical solvers for diffusion models, PNDM and DPM-Solver.

estimator of the actual performance. The bound proven in

[Theorem 5.3]is affected by the following factors:

* The distance to the retrieved neighbor |z, — &j| which
depends on the size of the knowledge base |B| and the
number of nearest neighbors H used.

» The difference between the key step and the query step
k — v, which depends on & and v.

* The Lipschitz constant L which depends on & and v.

Therefore, we conduct ablation studies on the knowledge
base size, the choice of k£ and v, and the number of neigh-
bors H to check if the performance ReDi correlates well
with the theoretical bound. In all ablation experiments,
we use PNDM as the numerical sampler and evaluate the
performance using FID scores on samples generated from
MSCOCO validation. Our findings indicate that the perfor-
mance of ReDi correlates well with the theoretical bound.
Therefore the proven bound can be a good estimator for
model performance.

Knowledge base size We control the size of the knowl-
edge base by randomly sampling from the complete knowl-
edge base described in[subsection 6.1} We experiment with
knowledge bases of sizes 20K, 30K, 40K and 50K. As

shown in[Figure 64 as the knowledge base size gets smaller,

the performance of REDT drops. This finding is consistent
with the theoretical bound since the bound is proportional
to |z — x|

Key and query steps There are two questions to be stud-
ied about how key and query steps influence the performance
of ReDi - the difference between them & — v, and the choice
of k. The bound from [Theorem 5.3]is proportional to the
exponential of k — v. Therefore, we control the difference
between the key and the query steps by fixing the key step
k = 40, and alternating v to be 35, 30,25. As shown in
as X — V gets bigger, the performance of ReDi
drops. This finding is consistent with the theoretical bound
since the bound is proportional to e*~*. The bound is also
proportional to e”. Even if the difference between k and v
is fixed, the choice of k alone can affect L and the perfor-
mance. We keep k£ —v = 15 and alternate k to be 40, 30, 20.
As shown in[Figure 6¢] as k gets smaller, the performance of
ReDi drops. This finding is consistent with the theoretical
bound since the bound of Stable Diffusion explodes when

t — 0 (Liu et al, R021B).

Number of neighbors retrieved Increasing the number
of neighbors can make the approximation of the query more
accurate. Therefore, we control the number of neighbors
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in every ablation experiment to evaluate how H affects
the performance. As shown in the performance
of ReDi rises as the number of neighbors increases. This
correlates well with the theoretical bound. We also find the
difference between two H's converges as H gets to 3.

8. Discussion

Generalizability with respect to guidance scale The
knowledge base for REDI is built with the guidance scale of
7.5. We investigate whether RED1 works for other guidance
scales. The results and generated sample images are listed
in Appendix [A.2] The results show that REDI is still able
to function and produce similar-quality results when the
guidance weight is not the same as the one used in the
knowledge base.

Complicated and compositional prompts Due to the re-
trieval nature of RED], it is possible that when prompted
with complicated and compositional prompts, there may not
be a trajectory in B that’s close enough to the prompt. To
qualitatively evaluate REDI’s performance on complicated
prompts, we pick the 4 longest prompts in the test set and
compare the generated images of REDI and PNDM. The
samples are shown in Appendix[A.3] From the image sam-
ples with the longest prompts, we observe that ReDi does
not show an inferior ability of compositionality compared
with Stable Diffusion. Sometimes it shows better composi-
tionality than Stable Diffusion. However, to enable better
compositionality, it’s better to have a larger knowledge base.

Impact on sample diversity When the knowledge base is
small, it’s possible that the diversity of the generated sam-
ples can be limited to a smaller space around the data points
in the knowledge base. We investigate how REDT affects
the sample diversity by computing the Inception Score (Sal{
imans et al.,[2016) for the generated images and the ground
truth images in Appendix [A.4] The results indicate that
REDI is capable of generating diverse images.

Beyond the image modality We have only utilized
REDI under the text-to-image setting. However, it may
be extended to other modalities. We argue that the exten-
sion is possible because DPM-solver, which has the same
Lipschitz assumption as ours, is used in other domains. Our
theoretical analysis (Theorem 5.3) is based on the Lipschitz
assumption (Assumption 5.1), which is also the theoretical
basis for the performance of the DPM-Solver (Lu et al.,
2022a). Variations of DPM-Solver have demonstrated effec-
tiveness in diverse domains, including audio, video (Ruan
et al., |2023)), and molecular graph (Huang et al.). There-
fore, we contend that REDI may also be applicable in these
cases.

9. Conclusion

This paper proposes REDI, a learning-free diffusion infer-
ence framework via trajectory retrieval. Unlike previous
learning-free samplers that extensively explore more effi-
cient numerical solvers, we focus on utilizing the sensitivity
of the diffusion ODE, which leads to our choice of using
partial trajectories as query and key for retrieval. We prove
a bound for REDI with the Lipschitz continuity of the dif-
fusion model. The experiments on Stable Diffusion em-
pirically verify REDT’s capability to generate comparable
images with improved efficiency. The zero-shot domain
adaptation experiments shed light on further usage of ReDi
and call for a better understanding of diffusion inference
trajectories. We look forward to future studies built upon
ReDi and the properties of the diffusion ODE. To make the
best out of the limited knowledge base, it is also desirable
to study ReDi in a compositionality setting so that the com-
bination of different trajectories can be more controllable.
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A. Appendix
A.1. Proof of ODE Sensitivity

Theorem A.1. (Gronwall-Bellman inequality (Gronwall, |1919; |Bellman| |1943))) Suppose X : [a,b] — R be continuous and
w : [a,b] — R be continuous and non-negative. Let a continuous function y : [a,b] — R and for t € [a, ] it satisfies

y@SMﬂ+/u@M®®

then for t on the same interval
t
y(t) < A(t) + / A(s)p(s)els AT g
0
Theorem A.2. (Sensitivity of ODE (Khalil, 2002))
Let f(t, ) be piecewise continuous in t and L-Lipschitz in x on [to, T| x R", and let y : R — R™ is the solution of
y=fty), ylo)=yvo

and z : R — R"™ is the solution of
= f(t,z) +g(t,2), =z(to) =20

with respect to y(t), z(t) € R™ for all t € [to, T|. Suppose there exists p > 0 such that |g(t,x)| < p for all (t,x) €
[to, T] x R™ and further suppose |yo — zo| = ~y. Then for any t € [to, T},

[ y(t) = 2(t) |< yeh70) 4 E(ebtm) — 1),
Proof: First we can write the solutions of y and 7 by

yw:m+/fmmmm,

to

dﬂ12m+/(ﬂ&dﬁb+gwﬁ@ﬁﬁ-

to

Subtracting the above two solutions yields

[ y(t)=2(t) [<] yo—20 | +/t | 9(s,2(s)) | d5+/t | f(s,y(s))=f(s,2(s) | ds < 7+u(t—to)+/ L|y(s)=z(s) | ds.

to

By letting \(t) = v + p(t — to) and pu(s) = L, then applying the[A.|to the function |y(t) — z(t)| gives,

|y(t) — 2z(t) |< v+ p(t —to) + / Ly + (s — to))eL(tfs) ds.

to

Finally, integrating the last term on the right hand gives,

t
| y(t) — 2(t) |< v+ p(t — to) — v — pul(t — to) +yel =) 4 / pet=) ds

to
L(t—to) o M/ L(t—to)
= e + T (e 1),
which finishes the proof.

In our setting, the g(t, z) is simply equal to 0, so we have the following inequality

| y(t) — 2(t) |< e ro),

12
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A.2. REDT’s Performance with Different Guidance Signals

We list the FID scores of REDI with different guidance scales in[Table 4] We also show generate samples using different
scales in

Table 4. The FID scores |, of REDI with different guidance scales. Note that the knowledge base is built with a guidance scale of 7.5. the
performance of ReDi experiences a slight drop when the guidance weight differs from the one used in the knowledge base.

GUIDANCE 5.5 6.5 7.5 8.5 9.5
FID 0.271 0.269 0.264 0.268 0.267

Weight
55

6.5

75

85

9.5

Figure 7. REDI-generated images with different guidance scales.
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A.3. Samples with Complicated Prompts Generated by REDI

We show the image samples generated by REDI and PNDM from the longest prompts in[Figure 8] ReDi does not show an
inferior ability of compositionality compared with Stable Diffusion. Sometimes it shows better compositionality than Stable
Diffusion. For example, In row 3, Stable Diffusion incorrectly generated a mask covering the rider’s face when it should be
covering the horse’s face. In row 4, Stable Diffusion failed to generate the catcher and umpire in the background, whereas
ReDi successfully did. These findings demonstrate the potential of ReDi to handle complex prompts.

Prompt ReDi PNDM

A room with natural,
unfinished, pale wood ||
walls and built in Y
shelves, also has
curtained sliding
doors that open onto
a patio with a lounge
chair, a big double
bed with a blue
blanket, and various
framed photos and
books.

View down a city
walkway and street,
with pedestrians,
trees, cars on street
and parked on side of
street, a bench, and
some buildings in
distance.

A person on a horse
that has a decorated
hat on its head and
covering its ears, with i
another horse next to
it that has a mask
covering its eyes.

A boy swings the bat,
just hitting the ball,
as the catcher and
umpire are in the
background in this
city league baseball
game.

Figure 8. REDI-generated images with the longest prompts. Red stands for the parts REDI missed. Green stands for the part PNDM
missed. Blue stands for the parts both methods missed.
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A.4. Evaluation of Sample Diversity

As shown in[Table 5] the Inception Scores for REDI are comparable to those of the ground truth images in the MS-COCO
validation set. Based on these results, we argue that REDI is capable of generating diverse images.

Table 5. The Inception Scores 1 of REDI with different NFEs compared to the Inception Score of the ground truth images. The Inception
Score is maximized when the images are evenly distributed and diverse.

NFE 20 30 40
REDI 29.49 30.79 31.23
GROUND TRUTH 30.79 30.79 30.79

A.5. The Initial Sample in Knowledge Base Construction

In Algorithm|[T] the sample x 7 to initialize every trajectory in the knowledge base is sampled from a conditional distribution
p(z7|x®. However, the noise schedule in diffusion models causes the signal-to-noise ratio to approach 0 at time step 7.
This makes sampling from p(z7|x (")) approximately the same as sampling from the unconditional distribution p(27). This
makes it possible for REDI to construct the knowledge base without the ground truth images and with only the prompts.
We investigate this possibility by rebuilding the knowledge base with initial samples from the unconditional distribution.
The results reported in indicate that whether the initial distribution is conditional does not significantly affect the
performance of REDI.

Table 6. The FID Scores | of REDI when the knowledge base is built with the unconditional initial distribution and the conditional one.

NFE 20 30 40
xp ~ p(xT) 0.268 0.263 0.265
xr ~ p(er|ey) 0.265 0.264 0.262

A.6. Validation of Effectiveness

Vanilla skipping from & to v We compare it REDI with a naive substitute - directly approximation of x,, from xj using
any numerical solver, without resorting to retrieval. The average L2 distances to the true value x,, for both the REDI retrieved
&, and the vanilla skipped Z, is reported in[Table 7] It can be noted that REDI retrieved values are much closer to the true
value, indicating the effectiveness of REDI. We also compute the FID for vanilla skipping under the PNDM k = 40, v = 20
setting. The FID of vanilla skipping is 1.58, which is much worse than the 0.267 from REDI.

Table 7. The L2 distances between the true value x,, and the estimated values.

NFE 20 30 40
d(zy, &,) 7.95 18.73 17.95
d(xy, ®,) 4420 24.16 44.20

Similarity with Original Samples We compute the distance between REDI-generated samples and samples generated by
the original sampler and list them in [Table 8] The distance between ReDi and the original samples is very small (with an
average 25% percentage) compared to the distance between the original samples and the ground truth. Therefore we argue
that ReDi does not introduce much error to the original sampling trajectory.

15
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Table 8. The FID between the REDI and original samples, original samples and ground truth.

NFE 20 30 40
FID(REDI, ORIGINAL) 0.0745 0.0655 0.0632
FID(ORIGINAL, GROUND TRUTH) 0.274 0.268 0.272
PERCENTAGE 27.0% 24.4% 24.1%

A.7. Prompt Engineering for Explicit Style-Content Decomposition

We demonstrate how we can automatically decompose an out-of-domain prompt into 3/ and 3° with the prompt “A photo
of a pig wearing an astronaut hat.”.

Unlike prompts with stylistic suffixes, this prompt cannot be easily split into an in-domain prefix and an out-of-domain
suffix. Even with the original diffusion model, the generation quality is not satisfactory, as shown in[Figure 94|

(a) Sample from Stable Diffusion (b) Sample from ReDi

Figure 9. Generation samples from Stable Diffusion and ReDi using the prompt “A photo of a pig wearing an astronaut hat” .

We then asked GPT-4 to re-write the prompt with minimal changes to a more usual one (which is used as 4™) and then
generate the image with ReDi. The response from GPT-4 is shown in[Figure 10| GPT-4 is able to find out what is unusual
about the prompt and re-write it to “a photo of a person wearing an astronaut hat”. With that, REDI can generate much

better samples as shown in [Figure 9b]

Model: GPT-4

I'm trying to generate an image using a text-to-image model. Here is the prompt I'll use:
A photo of a pig wearing an astronaut hat.
Please tell me what's unusual about this prompt.

Please re-write this prompt and replace the unusual parts in the prompt with a usual one.
Please only make minimal changes and keep most of the prompt intact.

The unusual part of the prompt is that it involves a pig wearing an astronaut hat, which is
not a common or realistic scenario.

Here's a revised prompt with minimal changes, replacing the unusual part with a more
usual one:

A photo of a person wearing an astronaut hat.

Figure 10. Response from GPT-4.
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