DC-Solver: Improving Predictor-Corrector
Diffusion Sampler via Dynamic Compensation

*

Wenliang Zhao®, Haolin Wang®| Jie Zhou®, and Jiwen Lu

! Department of Automation, Tsinghua University, China
2 Beijing National Research Center for Information Science and Technology, China
zhaowl20@mails.tsinghua.edu.cn, wanghowlin@gmail.com,
{jzhou,lujiwen}@tsinghua.edu.cn

Abstract. Diffusion probabilistic models (DPMs) have shown remark-
able performance in visual synthesis but are computationally expensive
due to the need for multiple evaluations during the sampling. Recent
predictor-corrector diffusion samplers have significantly reduced the re-
quired number of function evaluations (NFE), but inherently suffer from
a misalignment issue caused by the extra corrector step, especially with
a large classifier-free guidance scale (CFG). In this paper, we introduce a
new fast DPM sampler called DC-Solver, which leverages dynamic com-
pensation (DC) to mitigate the misalignment of the predictor-corrector
samplers. The dynamic compensation is controlled by compensation ra-
tios that are adaptive to the sampling steps and can be optimized on only
10 datapoints by pushing the sampling trajectory toward a ground truth
trajectory. We further propose a cascade polynomial regression (CPR)
which can instantly predict the compensation ratios on unseen sampling
configurations. Additionally, we find that the proposed dynamic compen-
sation can also serve as a plug-and-play module to boost the performance
of predictor-only samplers. Extensive experiments on both unconditional
sampling and conditional sampling demonstrate that our DC-Solver can
consistently improve the sampling quality over previous methods on dif-
ferent DPMs with a wide range of resolutions up to 1024x1024. No-
tably, we achieve 10.38 FID (NFE=5) on unconditional FFHQ and 0.394
MSE (NFE=5, CFG=7.5) on Stable-Diffusion-2.1. Code is available at
https://github.com/wl-zhao/DC-Solver.
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1 Introduction

Diffusion probabilistic models (DPMs) [8,[28}33,[36] have emerged as the new
state-of-the-art generative models, demonstrating remarkable quality in vari-
ous visual synthesis tasks [3H7L[10L16}21H24L[26H29[32L[38//42]. Recent advances in
large-scale pre-training of DPMs on image-text pairs also allow the generation of
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Fig.1: The main idea of DC-Solver. (a) Searching. We propose dynamic com-
pensation (DC) to mitigate the misalignment issue in the predictor-corrector diffusion
sampler. The compensation is controlled by the ratios {p;} which are adaptive to the
sampling step and can be optimized by pushing the sampling trajectory toward the
ground truth trajectory on only 10 datapoints. (b) Sampling. The compensation ra-
tios can be either efficiently searched as in (a) or instantly predicted by the cascade
polynomial regression (CPR) given the desired NFE and CFG.

high-fidelity images given the text prompts . However, sampling from DPMs
requires gradually performing denoising from Gaussian noises, leading to multi-
ple evaluations of the denoising network €y, which is computationally expensive
and time-consuming. Therefore, it is of great interest to design fast samplers
of DPMs to improve the sampling quality with few numbers of
function evaluations (NFE).

Recent efforts on accelerating the sampling of DPMs can be roughly di-

vided into training-based methods and training-free meth-
ods 45]. The latter families of approaches are generally preferred

in applications because they can be applied to any pre-trained DPMs without
the need for fine-tuning or distilling the denoising network. Modern training-free
DPM samplers mainly focus on solving the diffusion ODE instead
of SDE , since the stochasticity would deteriorate the sampling qual-
ity with few NFE. Specifically, adopt the exponential integrator to
significantly reduce the approximation error of the sampling process. More re-
cently, Zhao et al. proposed a predictor-corrector framework called UniPC,
which can enhance the sampling quality without extra model evaluations. How-
ever, the extra corrector step will cause a misalignment between the intermediate
corrected result &f, and the reused model output €y (&, ,t;). The influence of the
misalignment has been witnessed in an analysis of UniPC , and it has been
proven that re-computing the €y(Zf,,?;) to ensure the alignment is indeed ben-
eficial. However, naively re-computing €y(Z{,,t;) would bring extra evaluations
of the €y and double the total computational costs.

In this paper, we propose a new fast sampler for DPMs called DC-Solver,
which leverages dynamic compensation (DC) to mitigate the misalignment issue
in the predictor-corrector framework. Specifically, we adopt the Lagrange inter-
polation of previous model outputs at a new timestep, which is controlled by a
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(a) DPM-Solver++ (b) DEIS (c) UniPC [45

(d) DC-Solver (Ours)
(MSE 0.443) (MSE 0.436) (MSE 0.434) (MSE 0.394)

Fig. 2: Qualitative comparisons on Stable-Diffusion-2.1. Images above are sam-
pled from SD2.1 (768 x768) using the text prompt “ A photo of a serene coastal cliff with
waves crashing against the rocks below" with a classifier-free guidance scale of 7.5 and
only 5 number of function evaluations (NFE). We provide the generated images from
4 random initial noises for each method. We show that DC-Solver is able to generate
high-resolution and photo-realistic images with more details. Best viewed in color.

learned compensation ratio p}. The compensation ratios are optimized by mini-
mizing the />-distance between the intermediate sampling results and a ground
truth trajectory, which can be achieved in less than 5min on only 10 datapoints.
By examining the learned compensation ratios on different numbers of function
evaluations (NFE) and classifier-free guidance scale (CFG), we further propose
a cascade polynomial regression (CPR) that can instantly predict the desired
compensation ratios on unseen NFE/CFG. Equipped with CPR, our DC-Solver
allows users to freely adjust the configurations of CFG/NFE and substantially
accelerates the sampling process. We also illustrate our method in Figure [I}

We perform extensive experiments on both unconditional sampling and con-
ditional sampling tasks, where we show that DC-Solver consistently outperforms
previous methods by large margins in 5~10 NFE. In the experiments on the
state-of-the-art Stable-Diffusion (SD), we find DC-Solver can obtain the
best sampling quality on different CFG (1.5~7.5), NFE (5~10) and pre-trained
models (SD1.4, SD1.5, SD2.1, SDXL). Notably, DC-Solver achieves 0.394 MSE
on SD2.1 with a guidance scale of 7.5 and only 5 NFE. By performing the cas-
cade polynomial regression to the compensation ratios searched on only a few
configurations, our DC-Solver can generalize to unseen NFE/CFG and surpass
previous methods. Besides, we find the proposed dynamic compensation can also
serve as a plug-and-play component to boost the performance of predictor-only
solvers like . We provide some qualitative comparisons between our DC-
Solver and previous methods in Figure [2] where it can be clearly observed that
DC-Solver can generate high-resolution and photo-realistic images with more
details in only 5 NFE.

2 Related Work

Diffusion probabilistic models. Diffusion probabilistic models (DPMs), orig-
inally proposed in [8]33|/36], have demonstrated impressive ability in high-fidelity
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visual synthesis. The basic idea of DPMs is to train a denoising network €y to
learn the reverse of a Markovian diffusion process [8] through score-matching |36].
To reduce the computational costs in high-resolution image generation and add
more controllability, Rombach et al. 28] propose to learn a DPM on latent
space and adopt the cross-attention [37] to inject conditioning inputs. Based
on the latent diffusion models [28], a series of more powerful DPMs called
Stable-Diffusion [28] are released, which are trained on a large-scale text-image
dataset LAION-5B [31] and soon become famous for the high-resolution text-to-
image generation. In practical usage, classifier-free guidance 9] (CFG) is usually
adopted to encourage the adherence between the text prompt and the generated
image. Despite the impressive synthesis quality of DPMs, they suffer from heavy
computational costs during the inference due to the need for multiple evaluations
of the denoising network. In this paper, we focus on designing a fast sampler that
can accelerate the sampling process of a wide range of DPMs and is suitable to
different CFQG, thus promoting the application of DPMs.

Fast DPM samplers. Developing fast samplers for DPMs has gained increas-
ing attraction since the prevailing of Stable Diffusion |28]. Modern fast samplers
of DPMs usually work by discretizing the diffusion ODE or SDE. Among those,
ODE-based methods [19}20}/34,/45] are shown to be more effective in few-step
sampling due to the absence of stochasticity. The widely used DDIM [34] can be
viewed as a l-order approximation of the diffusion ODE. DPM-Solver [19] and
DEIS [43] adopt exponential integrator to develop high-order solvers and sig-
nificantly reduce the sampling error. DPM-Solver++ [20] investigates the data-
prediction parameterization and multistep high-order solver which are proven
to be useful in practice, especially for conditional sampling. UniPC [45] bor-
rows the merits of the predictor-corrector paradigm [11] in numeral analysis and
finds the corrector can substantially improve the sampling quality in the few-
step sampling. However, UniPC [45] suffers from a misalignment issue caused
by the extra corrector step, which is observed also and mentioned in their orig-
inal paper. In this work, we aim to mitigate the misalignment through a newly
proposed approach called dynamic compensation.

3 Method

3.1 Preliminaries: Fast Sampling of DPMs

We start by briefly reviewing the basic ideas of diffusion probabilistic models
(DPMs) and how to efficiently sample from them. DPMs aim to model the
data distribution go(xg) by learning the reverse of a forward diffusion process.
Given the noise schedule {ay, 0, }7_, the diffusion process gradually adds noise
to a clean data point xy and the equivalent transition can be computed by
x; = ayxo + o€, € € N(0,1), and the resulting distribution gy (xr) is approx-
imately Gaussian. During training, a network ey is learned to perform score
matching [2] by estimating the € given the current x;, timestep ¢ and the condi-
tion c. Specifically, the training objective is to minimize:

Eaq.e. [w(t)]€s(zs,t,c) — €3] . (1)
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The above simple objective makes it more stable to train DPMs on large-scale
image-text pairs and enables the generation of high-fidelity visual content. How-
ever, sampling from DPMs is computationally expensive due to the need for
multiple evaluations of the denoising network €g (e.g., 200 steps for DDIM [34]).

Modern fast samplers for DPMs [19}20}/43| significantly reduce the required
number of function evaluations (NFE) by solving the diffusion ODE with a
multistep paradigm, which leverages the model outputs of previous points to
improve convergence. Recently, UniPC [45] proposes to use a corrector to refine
the result at each sampling step, which can further improve the sampling quality.
Denote the sampling timesteps as {¢;}}£, and let @ be the buffer to store previous
model outputs of the denoising network, the update logic of modern samplers of
DPMs from t;_; to t; can be summarized as follows:

Zy, + Predictor(zf, ,Q), (2)

Z§, < Corrector(&,, €9(Z+,,t;), Q) (optional) (3)
uffer ~

Q b<_ ee(wtiati)a (4)

where 7, denote the refined result after the corrector and &y = @, if no cor-
rector is used as in [20L/43].

3.2 Better Alignment via Dynamic Compensation

Although the extra corrector step can improve the theoretical convergence
order, there exists a misalignment between x§, and €9(Zy,,t;), i.e., the €g(&y,,1;)
pushed into the buffer ) is not computed from the corrected 1ntermed1ate re-
sult 7 . It is also witnessed in [45] that replacing the €p(&;,,t;) with €o(Zf,, ;)
(which would bring an extra forward of €y) can further improve the sampling
quality. The effects of the misalignment will be further amplified by the large
guidance scale in the widely used classifier-free guidance [9] (CFG) for condi-
tional sampling:

€g(xy,t,c) = s €g(me, t,¢) + (1 — 8) - €9, t,), (5)

where s > 1 is the guidance scale and s = 7.5 is usually adopted in text-to-image
synthesis on Stable-Diffusion [28].

Dynamic compensation. The aforementioned misalignment issue motivates
us to seek for a better method to approximate €q(Z7 ,t;) after with no extra
NFE. To achieve this, we propose a new method called dynamlc compensation
(DC) that leverages the previous model outputs stored in the buffer @ to ap-
proach the target ey(&f ,t;). Given a ratio p;, let t; = pit; + (1 — pi)ti—1, we
adopt the following estimation based on Lagrange mterpolatlon.

R t—t -
€ri( :ct7 Z H it (&4, _,, tik), (6)

= OO<l<K ik~ tit
Tk
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Algorithm 1 Searching. Algorithm 2 Sampling.

Require: current timestep ¢;, a ground  Require: sampling timesteps {tz}ﬁ 0
truth trajectory i 'Y, the (corrected)  initial noise &5, ~ N(0,I), compen-
intermediate results it; » a buffer @, gation ratios {p;}*5" either searched
learning rate o, number of iterations L. by (8) or directly predicted by ‘

pi = 1.0, Q%% < Q fori=0to M —1do
forl—ltoLdo if i > K then

compute €” ( wt i) via (6) compute € ( a:t i) via (6)

Qi+ [Qcopy ; e/’z (wt N’ti)} Q « Q- &Pt (mti7tz)]

”YH ¢ Pred(@;,",Q") end if

T Corr(mgH,eg(wt , 1), Q%) &y, ,, + Pred(z;;,Q)

pi = pi — oV, ”mt i1 mGT NHZ Ty, Corr (&, €9(E1,,1:), Q)
end for end for
return: p;, Q" return: x7,,

where K represents the order of the Lagrange interpolation and {€g (&, _,,ti—r)H,
are previous model outputs retrieved from buffer (). The above estimation is then
used to replace the last item in @ to obtain a new buffer:

Qpi — [Q[:fl]aépi (j§17tl)]7 (7>

where Q._1) denotes the elements in Q except the last one. Note that when
pi = 1.0 we have € (xf ,t;) = €g(xy,,t;), which implies that the buffer Q is
not updated. By varying the p;, we can obtain a trajectory of €”(xf ,t¢;) and
our goal is to find an optimal p; which can minimize the local error to push
the sampling trajectory toward the ground truth trajectory. Since the optimal
compensation ratio p is different across the sampling timesteps, we name our
method dynamic compensation.

Searching for the optimal p;. The optimal compensation ratios {p}} can be
viewed as learnable parameters and optimized through backpropagation. Given
a DPM, we first obtain ground truth trajectories {xST} of N initial noises.
During each sampling step, we minimize the following objective:

pi = argpminEHiim(i?,;,Qpi) —ap ] |I3, (8)
where &7, | is computed similar to and , and the expectation is approx-
imated over the N datapoints. The above objective ensures that the local ap-
proximation error on the selected N datapoints is reduced with an optimal com-
pensation ratio p;. We find in our experiments that N = 10 is sufficient in order
to learn the optimal {p?}}, which also works well on any other initial noises.
Besides, we show that both the local and global convergence of DC-Solver are
guaranteed under mild conditions (see Supplementary). When an optimal p} is
searched, we replace the buffer Q with Q”* and move to the next sampling step.
We also list the detailed searching procedure in Algorithm
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Fig. 3: Relationship between compensation ratios and CFG/NFE. We adopt
the widely used Stable-Diffusion-1.5 |28] and search for the optimal compensation ratios
for different CFG and NFE and find that the compensation ratios evolve continuously
with the variations in CFG/NFE.

Sampling with DC-Solver. After obtaining the optimal compensation ratios
{p}}, we can directly apply them in our DC-Solver to sample from the pre-trained
DPM. Similar to the searching stage, we update the buffer with Q”i after each
sampling step to improve the alignment between the intermediate result and the
model output (see Algorithm [2| for details). Note that the dynamic compensa-
tion @ does not introduce any extra NFE, thus the overall computational costs
are almost unchanged.

3.3 Generalization to Unseen NFE & CFG

Although the compensation ratio p; can be obtained via , the optimization
still requires extra time costs (about 1min for NFE=5). Since the p} is specifi-
cally optimized for a diffusion ODE, the optimal choice for p; is different when
NFE or CFG varies. This issue would limit the application of conditional sam-
pling , where the users may try different combinations of NFEs and CFGs.
Therefore, it is vital to design a method to estimate the optimal compensation
ratios without extra time costs of searching. To this end, we propose a technique
called cascade polynomial regression that can instantly compute the desired
compensation ratios given the CFG and NFE.

Cascade polynomial regression. To investigate how to efficiently estimate
the compensation ratios, we start by searching for the optimal compensation
ratios on the widely used Stable-Diffusion-1.5 [28] for different configurations
of CFG and NFE and plot the relationship between the compensation ratios
and CFG/NFE in Figure |3} For each configuration, we perform the search for
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10 runs and report the averaged results as well as the corresponding standard
deviation. Our key observation is that the learned optimal compensation ratios
evolve almost continuously when CFG/NFE changes. Inspired by the shapes of
the curves in Figure (3] we propose a cascade polynomial regression to directly
predict the compensation ratios. Formally, define the p-order polynomial with the
coefficients ¢ € RP! as f(P)(a|¢p) = Zgzo ¢;a’, we predict the compensation
ratios as follows:

¢} = " (NFE|@),0 < j < pa,0 < k < po 9)
o) = 1572 (CFG|¢!™),0 < j < ps (10)
pr = fP)(i|¢®),2 < i < NFE -1 (11)

The above formulation indicates that we model the change of compensation
ratios w.r.t. sampling steps via a polynomial, whose coefficients are determined
by the CFG, NFE, and the ¢(!) € R®stD)x(p2+D)x(1+1) - Ag we will show in
Section ¢V can be obtained by applying the off-the-shelf regression toolbox
(such as curve_fit in scipy) on the pre-computed optimal compensation ratios
of few configurations of NFE/CFG. With cascade polynomial regression, we can
efficiently compute the compensation ratios with neglectable extra costs, making
our DC-Solver more practical in real applications.

3.4 Discussion

Recently, a concurrent work DPM-Solver-v3 [|46] proposes to learn several co-
efficients called empirical model statistics (EMS) of the pre-trained model to
obtain a better parameterization during sampling. Our DC-Solver has several
distinctive advantages: 1) DPM-Solver-v3 requires extensive computational re-
sources to optimize and save the EMS parameters (e.g., 1024 datapoints, 11h
on 8 GPUs, 125MB disk space), while our DC-Solver only needs a scalar com-
pensation ratio p; for each step and can be searched more efficiently in both
time and memory (10 datapoints, <5min on a single GPU). 2) The EMS is
specific to different CFG, and adjusting CFG requires another training of EMS
to obtain good results. Our DC-Sovler adopts cascade polynomial regression to
predict the desired compensation ratios on unseen CFG/NFE instantly. 3) Our
proposed dynamic compensation is a more general technique that can boost the
performance of both predictor-only and predictor-corrector samplers.

4 Experiments

4.1 Implementation Details

Our DC-Solver follows the predictor-corrector paradigm by applying the dy-
namic compensation to UniPC [45]. We set K = 2 in @ and skip the com-
pensation when ¢ < K, which is equivalent to pg = p; = 1.0. During the
searching stage, we set the number of datapoints NV = 10. We use a 999-step
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FFHQ LSUN-Church LSUN-Bedroom
18-
. DPM-Solver++ DPM-Solver++ 18 DPM-Solver++
—— DEIS 67 —— DEIS 16- —— DEIS
- —— UniPC 14- —— UnipC - —— UniPC
—— DC-Solver —— DC-Solver —— DC-Solver

Fig. 4: Unconditional sampling results. We compare our DC-Solver with previ-
ous methods on FFHQ [13], LSUN-Church |41, and LSUN-Bedroom [41|. The FID]
on different numbers of function evaluations (NFE) is used to measure the sampling
quality. We show that DC-Solver significantly outperforms other methods, especially
with few NFE.

DDIM [34] to generate the ground truth trajectory T in the conditional sam-
pling while we found a 200-step DDIM is enough for unconditional sampling. We
use AdamW |[18] to optimize the compensation ratios for only L = 40 iterations,
which can be finished in 5min on a single NVIDIA RTX 3090 GPU. We use
p1 = p2 = 2 and p3 = 4 for the cascade polynomial regression.

4.2 Main Results

We perform extensive experiments on both unconditional and conditional sam-
pling on different datasets to evaluate our DC-Solver. Following common prac-
tice [20,45], we use FID| of the generated images in unconditional sampling
and MSE| between the generated latents and the ground truth latents on 10K
prompts in conditional sampling. Our experiments demonstrate that our DC-
Solver achieves better sampling quality than previous methods including DPM-
Solver++ [20], DEIS [43] and UniPC [45] both qualitatively and quantitatively.
Unconditional sampling. We start by comparing the unconditional sampling
quality of different methods. We adopt the widely used latent-diffusion mod-
els [28] pre-trained on FFHQ [13|, LSUN-Bedroom [41], and LSUN-Church [41].
We use the 3-order version for all the methods and report the FID| on 5~10
NFE, as shown in Figure[d We find our DC-Solver consistently outperforms pre-
vious methods on different datasets. With the dynamic compensation, DC-Solver
improves over UniPC significantly, especially with fewer NFE. Compared with
UniPC, DC-Solver reduces the FID by 8.28, 4,51, 4.75 on FFHQ, LSUN-Church,
and LSUN-Bedroom respectively when NFE=5.

Conditional sampling. We conduct experiments on Stable-Diffusion-1.5 |28] to
compare the conditional sampling performance of different methods. Following
common practice [20,/45], we report the mean squared error (MSE) between
the generated latents and the ground truth latents (obtained by a 999-step
DDIM [34]) on 10K samples. The input prompts for the diffusion models are
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CFG =15 CFG =45 CFG =75

DPM-Solver++
—— DEIS
—— UniPC 0.75-
—— DC-Solver

DPM-Solver++
—— DEIS
—— UniPC
—— DC-Solver

DPM-Solver++
—— DEIS
—— UniPC 0.45+
—— DC-Solver

Fig. 5: Conditional sampling results. We compare the sampling quality of different
methods using the Stable-Diffusion-1.5 with classifier-free guidance (CFG) varying from
1.5 to 7.5. The sampling quality is measured by the mean squared error (MSE]) between
the generated latents and the ground truth latents obtained by a 999-step DDIM. We
randomly select 10K captions from MS-COCO2014 as the text prompts. We observe
that DC-Solver consistently achieves better sampling quality on different NFE/CFG.

randomly sampled from MS-COCO2014 validation dataset [14]. Apart from the
default guidance scale CFG for Stable-Diffusion-1.5, we also conducted exper-
iments with CFG=1.5/4.5. The results in Figure [5| demonstrate that our DC-
Solver achieves the lowest MSE on all of the three guidance scales. Notably,
we find that the performance enhancement over UniPC achieved by DC-Solver
surpasses the differences observed among those three previous methods.

4.3 Ablation study

We conduct ablation studies on the design of our method and the hyper-parameters
on FFHQ [13]. The comparisons of the sampling quality measured by FID| of
different configurations are summarized in Table

Compensation methods. Firstly, we evaluate the effectiveness of the pro-
posed dynamic compensation in Table [Ta] We start from the baseline method
UniPC [45] and apply different compensation methods. As discussed in Sec-
tion the baseline with no compensation is equivalent to p; = 1.0,Vi. We
then conduct experiments by setting p; to other constants, ¢.e., p; = 0.9 or
p; = 1.1, which also corresponds to performing interpolation or extrapolation
in @ Since the compensation ratio is constant across the sampling steps, we call
these “static compensation”. We find that adjusting the p; can indeed influence
the performance significantly, and the static compensation with p; = 1.1 out-
performs the baseline method. As shown in the last row, our proposed dynamic
compensation further improves the sampling quality by large margins.
Number of datapoints. We investigate how the number of datapoints would
affect the performance of our DC-Solver. We compare the sampling quality when
using 5,10,20,30 datapoints and list the results in Table[Ib] We also provide the
memory costs during the searching stage. We demonstrate that N = 10 is enough
to obtain satisfactory results while further increasing the number of datapoints
will not bring significant improvement.
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Table 1: Ablation studies. We perform ablation studies on the design of our method
and the hyper-parameters. Sampling quality is measured by FID] on FFHQ [13]. The
configurations with the best trade-offs are selected and highlighted in gray.

(a) Compensation method. (b) Number of datapoints.

Compensation Method NFE #Datapoints Memory NFE
5 6 8 10 (GB) 5 6 8 10
Baseline |45 18.66 11.89 8.21 6.99 5 9.15 1239 9.79 7.05 6.84
Static (p; = 0.9) 26.43 16.50 9.84 7.84 10 12.10 10.38 839 7.14 6.82
Static (p; = 1.1) 13.99 10.21 7.86 6.90 20 18.61 10.37 831 7.01 6.63
Dynamic (p; = pf) 10.38 839 7.14 6.82 30 22.44 10.93 8.40 6.95 6.70

(c) Order of dynamic compensation. (d) Number of optimization iterations.

DC Order K NFE #lterations Time NFE
5 6 8 10 ©) 5 6 8 10
1 1270 944 7.07 6.55 20 11.4 11.34 869 6.96 6.55
2 10.38 839 7.14 6.82 40 22.2 10.38 839 7.14 6.82
3 11.63 889 6.98 6.72 60 33.4 10.63 838 7.00 6.65

Order of dynamic compensation. According to @, the order K controls
how the € (&f,,t;) varies with p;. The results in Table [Ic|indicate that K = 2
can produce the best sampling quality, indicating that performing Lagrange
interpolation on a parabola-like trajectory is the optimal choice.

Number of optimization iterations. We now examine how many iterations
are required to learn the dynamic compensation ratios. In Table we report
the FID of different optimization iterations as well as the time costs for each
sampling step. We find the optimization converges after about 40 iterations. In
this case, the actual time cost for each NFE is around (NFE — 2) x 22.2s since
we do not need to learn for the first two steps (pg = p1 = 1.0). Note that the
time costs in the searching stage will not affect the inference speed since we can
directly predict the compensation ratios using the CPR described in Section (3.3

4.4 More Analyses

In this section, we will provide in-depth analyses of DC-Solver, including some
favorable properties and more quantitative/qualitative results.

Comparisons with different pre-trained DPMs. In our main results Sec-
tion we have evaluated the effectiveness of DC-Solver on conditional sam-
pling using Stable-Diffusion-1.5. We now provide comparisons on more different
pre-trained DPMs in Table [2] where we report the MSE between the generated
latents to the ground truth similar to Figure ] Specifically, we consider three
versions of Stable-Diffusion (SD): 1) SD1.4 is the previous version of SD1.5,
which is widely used in [20,45] to evaluate the conditional sampling quality; 2)
SD2.1 is trained using another parameterization called v-prediction [30] and can
generate 768X 768 images; 3) SDXL is the latest Stable-Diffusion model that can
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Table 2: Comparisons with different DPMs. We compare the sampling quality
between DC-Solver and previous methods using different pre-trained Stable-Diffusion
(SD) models including SD1.4, SD2.1, and SDXL, which can generate images of various
resolutions from 512x512 to 1024x1024. We compare the MSE| with 5~10 NFE with
the default classifier-free guidance scale of each model. We show that our DC-Solver
consistently outperforms previous methods by large margins.

Method NFE

5 6 7 8 9 10
SD1.4, e-prediction, CFG="7.5, 512x 512
DPM-Solver-++ [20] 0.803 0.711 0.642 0.590 0.547 0.510
DEIS [43] 0.795 0.706 0.636 0.586 0.544 0.508
UniPC |45 0.813 0.724 0.658 0.607 0.563 0.525
DC-Solver (Ours) 0.760 0.684 0.615 0.565 0.527 0.496
SD2.1, v-prediction, CFG=17.5, 768x 768
DPM-Solver++ [20] 0.443 0.421 0.404 0.390 0.379 0.370
DEIS |43 0.436 0.416 0.400 0.387 0.376 0.368
UniPC [45] 0.434 0.415 0.400 0.390 0.381 0.373
DC-Solver (Ours) 0.394 0.364 0.336 0.309 0.315 0.294
SDXL, e-prediction, CFG=5.0, 1024x 102/,
DPM-Solver++ |20 0.745 0.659 0.601 0.558 0.527 0.502
DEIS [43] 0.778 0.683 0.619 0.571 0.538 0.511
UniPC [45| 0.718 0.645 0.593 0.553 0.524 0.500
DC-Solver (Ours) 0.689 0.626 0.574 0.529 0.510 0.487

generate realistic images of 1024 x1024. Note that we use the default CFG for all
the models (CFG=7.5 for SD1.4 and SD2.1, CFG=5.0 for SDXL). We demon-
strate that DC-Solver consistently outperforms previous methods with 5~10
NFE, indicating that our method has a wide application and can be applied to
any pre-trained DPMs to accelerate the sampling.

Generalization to unseen NFE & CFG. Based on the observation of the
optimal compensation ratios and the proposed cascade polynomial regression
(CPR) in Section our DC-Solver can be applied to unseen NFE and CFG
without extra time costs for the searching stage. This is important because
the users might frequently adjust the NFE and CFG to generate the desired
images. To evaluate the effectiveness of the CPR, we first search the optimal
compensation ratios for CFG € [1.5,4.5,7.5,10.5] and NFE € [10,15,20] (which
covers most of the use cases in real applications). We then use the curve_fit in
the scipy library to obtain the ¢(*) in (9) and predict the compensation ratios p}
on unseen configurations where CFG € [3.0,6.0,9.0] and NFE € [12, 14, 16, 18].
The results of DC-Solver with the predicted compensation ratios on unseen NFE
and CFG on SD2.1 can be found in Table 3| where we also provide the results of
previous methods [20L|43]/45] for comparisons. We observe that DC-Solver with
the compensation ratios predicted by CPR can still achieve lower MSE on all the
unseen configurations. These results indicate that in order to use DC-Solver in
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Table 3: Generalization to unseen NFE & CFG. By performing the cascade
polynomial regression to the compensation ratios searched on CFG € [1.5,4.5,7.5,10.5]
and NFE € [10,15,20], our DC-Solver can generalize to unseen NFE and CFG and
outperform previous methods by large margins. The sampling quality is measured by
the MSE/ between the generated latents and the ground truth on SD2.1 |28].

CFG Method NFE
12 14 16 18

DPM-Solver++ |20] 0.212 0.209 0.198 0.196
30 DEIS [43] 0.215 0.210 0.199 0.198
’ UniPC [45] 0.211 0.208 0.206 0.205
DC-Solver (Ours) 0.103 0.093 0.087  0.083
DPM-Solver++ |20] 0.312 0.304 0.293 0.289
6.0 DEIS |[43] 0.312 0.305 0.293 0.290
' UniPC [45] 0.311 0.304 0.298 0.296
DC-Solver (Ours) 0.215 0.196 0.182 0.169
DPM-Solver++ |20 0.404 0.393 0.385 0.377
9.0 DEIS |[43] 0.402 0.391 0.380 0.374
' UniPC [45] 0.406 0.394 0.386 0.377
DC-Solver (Ours) 0.338 0.314 0.293 0.275

real scenarios, we only need to perform CPR on sparsely selected configurations
of CFG and NFE.

Enhance any solver with dynamic compensation. Although our DC-Solver
was originally designed to mitigate the misalignment issue in the predictor-
corrector frameworks, we will show that the dynamic compensation (DC) can
also boost the performance of predictor-only DPM samplers. Similar to (8)), we
can also search for an optimal p} to minimize ||&,,,, (&, Q") -z L ||3. To verify
this, we conduct experiments on DDIM [34] and DPM-Solver++ |20] by applying
the DC to them and the results are shown in Table 4| The FID| on FFHQ [13]
is reported as the evaluation metric. We show that DC can significantly improve
the sampling quality of the two baseline predictor-only solvers. These results
indicate that our dynamic compensation can serve as a plug-and-play module to
enhance any existing solvers of DPMs.

Visualizations. We now provide some qualitative comparisons between our DC-
Solver and previous methods on SD2.1 with CFG=7.5 and NFE=5, as shown
in Figure 2] The images sampled from 4 random initial noises are displayed. We
find that while other methods tend to produce blurred images with few NFE,
our DC-Solver can generate photo-realistic images with more details.

Inference speed and memory. We compare the inference speed and memory
of DC-Solver with previous methods, as shown in Table [f] For all the methods,
we sample from the Stable-Diffusion-2.1 |28] using a single NVIDIA RTX 3090
GPU with a batch size of 1 and NFE=5/10/15. Our results show that DC-
Solver achieves similar speed and memory to previous methods, indicating that
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Table 4: Applying DC to predictor-only solvers. We compare the FID] on
FFHQ [13] using two methods DDIM [34] and DPM-Solver++ [20] as the baselines.
We show that dynamic compensation (DC) can also significantly boost the performance
of predictor-only solvers.

Method NFE
5 6 7 8 9 10
DDIM |34 57.92 42.67 32.82 26.96 23.25 19.09
-+ DC (Ours) 16.56 15.50 12.51 11.33 9.62 9.21
DPM-Solver++ |20 27.80 16.01 11.16 9.17 8.04 7.40
+ DC (Ours) 11.97 8.64 7.70 7.32 7.10 6.94

Table 5: Comparisons of inference speed and memory. We compare the in-
ference speed and memory cost of different sampling methods with batch size 1 on
SD2.1 |28] using a single NVIDIA RTX 3090 GPU. For inference time, we report the
mean and std of 10 runs for each method and NFE. Our DC-Solver achieves similar
speed to previous methods with the same NFE.

Method Memory Inference Time (s)

(GB) NFE = 5 NFE = 10 NFE = 15
DPM-Solver  + [20 14.21 1.515(£0.003)  2.833(£0.007)  4.168(%0.005)
UniPC [45] 14.37 1.533(£0.004)  2.865(£0.004)  4.203(£0.003)
DC-Solver (Ours) 14.37 1.532(=£0.003)  2.867(£0.005)  4.203(40.004)

DC-Solver can improve the sample quality without introducing noticeable extra
computational costs during the inference.

Limitations. Despite the effectiveness of DC-Solver, it cannot be used with
SDE-based samplers [40] because of the stochasticity. How to apply DC-Solver
to SDE samplers requires future investigation of a stochasticity-aware metric
instead of the ¢>-distance in .

5 Conclusions

In this paper, we have proposed a new fast sampler of DPMs called DC-Solver,
which leverages the dynamic compensation to effectively mitigate the misalign-
ment issue in previous predictor-corrector samplers. We have shown that the
optimal compensation ratios can be either searched efficiently using only 10
datapoints on a single GPU in 5min, or instantly predicted by the proposed cas-
cade polynomial regression on unseen CFG/NFE. Extensive experiments have
demonstrated that DC-Solver significantly outperforms previous methods in
5~10 NFE, and can be applied to different pre-trained DPMs including SDXL.
We have also found that the proposed dynamic compensation can also serve as
a plug-and-play module to boost the performance of predictor-only methods.
We hope our investigation on dynamic compensation can inspire more effective
approaches in the few-step sampling of DPMs.
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