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Abstract

Significant advances have been made in the sampling ef-
ficiency of diffusion and flow matching models, driven by
Consistency Distillation (CD), which trains a student model
to mimic the output of a teacher model at a later timestep.
However, we found that the knowledge discrepancy be-
tween student and teacher varies significantly across differ-
ent timesteps, leading to suboptimal performance in CD. To
address this issue, we propose the Curriculum Consistency
Model (CCM), which stabilizes and balances the knowledge
discrepancy across timesteps. Specifically, we regard the
distillation process at each timestep as a curriculum and
introduce a metric based on the Peak Signal-to-Noise Ra-
tio (PSNR) to quantify the knowledge discrepancy of this
curriculum, then ensure that the curriculum maintains con-
sistent knowledge discrepancy across different timesteps by
having the teacher model iterate more steps when the noise
intensity is low. Our method achieves competitive single-
step sampling Fréchet Inception Distance (FID) scores of
1.64 on CIFAR-10 and 2.18 on ImageNet 64x64. More-
over, we have extended our method to large-scale text-to-
image models and confirmed that it generalizes well to
both diffusion models (Stable Diffusion XL) and flow match-
ing models (Stable Diffusion 3). The generated samples
demonstrate improved image-text alignment and semantic
structure since CCM enlarges the distillation step at large
timesteps and reduces the accumulated error.

1. Introduction

Diffusion Models (DM) and Flow Matching (FM) are two
leading methods for generative image synthesis. DM
[91,[35],[37] generates samples by iteratively reversing a
diffusion process, i.e., Stochastic Differential Equation
(SDE), whereas FM [19],[39] constructs explicit probabil-

ity paths, known as Probability Flow Ordinary Differential
Equations (PF-ODE), between noise and data, incorporat-
ing the reversed diffusion process as a special case. Despite
the ability to produce high-quality images of DM and FM,
their performances in sampling efficiency are not satisfac-
tory and often require a lot of function evaluations. With the
introduction of Consistency Models (CM) [38], the Number
of Function Evaluations (NFEs) required for sampling has
been significantly reduced by enforcing self-consistency. In
common, as shown in Figure 1, CM encourages the student
model at timestep ¢ (where ¢ € [0,1)) to mimic the output
of the teacher model at timestep u (where u € (t, 1]). Latent
consistency models (LCM) [26] employ self-consistency in
the latent space, significantly reducing computational costs
and extending CM to high-resolution text-to-image synthe-
ses, thereby promoting the widespread application of CM.
We found a critical problem in CM that differences be-
tween student and teacher outputs are highly unstable across
different timesteps, resulting in inefficient training. Specif-
ically, we regard the distillation process that student learn
from teacher as a curriculum and use knowledge discrep-
ancy to evaluate the curriculum difficulty. Easy curriculum
leads to unsatisfactory generation of details (¢ — 1) and
high-level features such as semantic and structural features
(t — 0). We visualize the issue in Figure 2, where we quan-
tify the knowledge discrepancy based on the Peak Signal-to-
Noise Ratio (PSNR) between the student and teacher out-
puts at different timesteps. The results indicate that the
knowledge discrepancy of curriculums decreases gradually
as t progresses from smaller values (corresponding to near-
pure noise) to larger values (closer to the final image). How-
ever, most studies [38], [26] suffer from the instability of
knowledge discrepancy, as they sample uniformly along the
timesteps and use a fixed distillation step | = w — ¢ for the
CM. As a result, the student model struggles to learn ef-
fectively from easy curriculums, which affects the semantic
structure and details in the diffusion process. Recent works,
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Figure 1. Comparison between Consistency Models (CM) and Curriculum Consistency Model (CCM). CM encourages the student model
at timestep ¢ to learn from the teacher model at timestep u, but the knowledge discrepancy (curriculum difficulty) at a larger timestep is
small. CCM maintains curriculum consistency by dynamically adjusting the teacher model to a more challenging timestep through multi-

step iteration.

iCT [36] and ECM [6], have also tackled similar instabil-

ities in CMs. However, their focus is on addressing error

accumulation, known as the ”Curse of Consistency” [6].

iCT progressively reduces the distillation step following a

power-law schedule during training, while ECM refines this

reduction process to achieve a smoother transition from dif-

fusion models to consistency models. As shown in Figure 3,

decreasing the distillation step reduces knowledge discrep-

ancy, which makes the training inefficiency more obvious.

To address these issues, we propose an adaptive train-
ing method that stabilizes and balances the knowledge dis-
crepancy under varying noise intensities, as shown in Fig-
ure 1. We first measure the Knowledge Discrepancy of the
Curriculum (KDC) based on PSNR at the current timestep.
Then our approach dynamically adjusts the learning targets
to construct a hard curriculum with reasonable knowledge
discrepancy. To ensure high-quality teacher outputs, we ef-
ficiently adopt a multi-step iterative generation strategy.

In summary, we propose the Curriculum Consistency
Model (CCM) to perform the consistency distillation for the
diffusion models and flow matching models. Our main con-
tributions are as follows:

* We identify the instability in knowledge discrepancy dur-
ing consistency distillation, which significantly impacts
text-to-image alignment and the generation of semantic
structures in the diffusion process.

* We assess curriculum difficulty based on PSNR and de-
sign a more effective adaptive noise schedule to maintain
curriculum consistency across different training samples.

e Our method achieves high-quality few-step generation.
Specifically, we obtain one-step sampling Fréchet Incep-

tion Distance (FID) scores of 1.64 on CIFAR-10 and 2.18
on ImageNet 64x64.

* CCM generalizes well and has been extended to both
large-scale diffusion models (Stable Diffusion XL [28])
and flow matching models (Stable Diffusion 3 [5]) for
high-resolution image generation. Our results show that
the introduction of curriculum consistency leads to lower
FID, higher CLIP scores, and significantly improved
image-text alignment and semantic structure in the gen-
erated images.

2. Related Works

Diffusion Models (DM). Diffusion models have become
a leading approach in high-fidelity image generation [32],
[10]. This type of model relies on Stochastic Differential
Equations (SDEs) to find trajectories from noise to data.
Recent work focuses on improving sample quality [9], op-
timizing density estimation [37], and accelerating the sam-
pling process [38], [27]. Some studies explore the underly-
ing mechanisms and design space of DMs [13], while others
scale up DMs for text-conditioned image synthesis [28] or
improve sampling efficiency through methods in the latent
space[35].

Flow Matching (FM). Flow matching models learn a
vector field that generates an Ordinary Differential Equation
(ODE) for a desired trajectory from noise to data, without
requiring computationally intensive simulations [19]. This
flexibility has led to various efforts to improve trajectory
properties, particularly straightness, which enables efficient
simulation with fewer steps. Methods like rectified flow
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[22], [21], multi-sample FM [29], and minibatch OT-CFM
[39] aim to straighten trajectories, but the computation costs
and sample efficiency are still unsatisfied.

Consistency Models (CM). Consistency models [38]
represent a new family of generative models that ensures
all points along the ODE trajectory converge to the same
solution, often surpassing diffusion models in performance
and significantly improving the sample efficiency. Consis-
tency Trajectory Model (CTM) [15] introduces trajectory
consistency and further allows unlimited traversal along the
PF-ODE between arbitrary starting and ending points dur-
ing the diffusion process, offering a flexible framework.
Latent diffusion models (LCM) [26] employ consistency
distillation in the latent space and extend the models to
high-resolution text-to-image synthesis. Phased Consis-
tency Model (PCM) [40] identifies key limitations in LCM
and addresses them by phasing the ODE trajectory and en-
forcing the self-consistency property on each sub-trajectory.
iCT [36] improves the training of CM by removing the
EMA of the teacher, adopting Pseudo-Huber loss, adjust-
ing the discretization and noise schedule, etc. Inspired by
iCT, ECM [6] studies discretization interval deeply and pro-
poses adaptive scaling discretization interval and continu-
ous time scheduling schemes. Methods like LCM and PCM
employ consistency in different contexts, but don’t address
the knowledge discrepancy problem identified in this work.
iCT and ECM focus on reducing distillation steps to address
error accumulation, whereas CCM uniquely approaches the
problem by maintaining consistent knowledge discrepancy
across timesteps.

3. Method

3.1. Preliminaries

Consistency models [38] aim to simplify multiple function
evaluations by directly learning an Ordinary Differential
Equation (ODE) that maps any point x on the ODE trajec-
tory to the same output at the endpoint. Specifically, sup-
pose that 0 means noise and 1 means image, the objective
of consistency distillation is to align the neural mapping
fo with the true mapping f by ensuring f,(xs,¢,1) ~
fx,t,1),V¢ € [0,1). We can train f, by comparing it
with the numerical solution of the pre-trained ODE solver.

f@(wtat7 1) ~ SOlver(wtatv 17 ¢) ~ f(-fl:t,t, 1) (1)

where ¢ means a perfect teacher model. To simplify the
training process, local consistency [15] is often performed
and formulated in Eq. 2, which compares the student’s pre-
diction with the result obtained by solving the ODE over the
interval (t,u) using the teacher model, followed by map-
ping to timestep 1:

fo(xe,t,1) = fo—(Solver(xy, t, u; @), u, 1) 2)

where u is randomly sampled from (¢,1), and 6~ de-
notes the exponential moving average (EMA) of the param-
eters, 8~ < stopgrad(pf~ + (1 — p)d). Local consis-
tency ensures that the student model effectively distills in-
formation from the teacher model over the interval (¢, ).
After training, the generation process begins by sampling
xo ~ N(0,I), and then directly obtaining @, through
f 0 (moa 0, 1)

Consistency Distillation in Diffusion Models. In dif-
fusion models, the inverse of the diffusion process can be
represented by a deterministic ODE which is given by[37] :

de = [—%,ng[, - %ﬂUSQ(IBO—,U‘)] do 3)
where o € [e, T] means noise-to-signal ratio and € is a
small positive value to ensure numerical stability, 3 is vari-
ance and sy is score function. Note that the noise-to-signal
ratio can be transfered into timestep through o = %, SO
the neural mapping f, in diffusion models can be described
by o: fo(xs,0,€) =~ ..
A practical solution is to enforce consistency between
two adjacent points (timesteps) on the ODE trajectory.
By discretizing the interval [e,T] into N steps, o; =

: P
(el/p + =L (TP — el/f’)) [13], we can approximate

&4 (0y,) using Euler’s method, and the resulting loss func-
tion is:

£85(60,6736) = Buasis 11 [A0n)d (£5(@, 115 0n41,6),

fG* (ﬁztﬁ,anﬂ On, 6))
4)

where A\(0,,) = 1 and d(-, -) is a distance metrics.

Consistency Distillation in Flow Matching. Continu-
ous Normalizing Flow (CNF) v, () transforms a probabil-
ity density from p, to p; [2], which is a time-dependent
diffeomorphic map induced by vector field u:(z), can be
derived using the ODE:

dip, () = wi(,(2))dt,  ho(®o) =0 (5)
Conditional Flow Matching (CFM) [19] is a simplified
simulation-free framework for training CNFs by regress-
ing onto a target vector field u;(x). A specific choice
of the ODE trajectory is the optimal transport displace-
ment interpolant and the corresponding trajectory points
x: = Y, (xole1) = (1 — t)xo + tx1. Then we can im-
plement consistency distillation based on Eq. 2. Specific
consistency distillation in flow matching has not been ex-
tensively studied, which has also been deeply explored in
this paper.
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Figure 2. Knowledge Discrep-
ancy Investigation: Analysis
of the KDC over (¢,u) across
different timesteps on various
datasets for both flow matching
models and diffusion models.
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Figure 3. The relationship of
KDC with different distillation
steps {. In iCT [36] and ECM
[6], reducing ! during training
iterations leads to smaller KDC,
resulting in inefficient learning.

3.2. Problem Analysis

In generative models based on denoising, the varying lev-
els of noise in the input can lead to different signal-to-noise
ratios (SNR) during the denoising process, as discussed in
[7, 13]. Consequently, at different training timesteps, the
difficulty that generative models learn varies, which in turn
affects the model’s convergence rate and the quality of the
generated results. The core of the knowledge discrepancy
lies in the magnitude of the difference between the model’s
predicted results and the ground truth. Inspired by this
phenomenon, we conducted an in-depth examination of the
knowledge discrepancy during the consistency model learn-
ing process by comparing the outputs of the student model
with those of the teacher model.

In this article, we regard the distillation information over
the interval (¢,u) as a curriculum and propose a metric
based on the Peak Signal-to-Noise Ratio (PSNR) to ac-
cess knowledge discrepancy of the curriculum, as PSNR is
widely used to measure the difference between a denoised
image and its original counterpart. Specifically, according
to Eq. 2, given the outputs of the student model, &yt =
fo(xs,t,1), and those of the teacher model, Xiarget =
fo- (Solver(xs, t,u; ), u, 1), Knowledge Discrepancy of
the Curriculum (KDC) over the interval (¢, ) is defined as
KDC}' and calculated using the following formula:

KDC? =100 — PSNR(xesttharget) = 100—
(2n —1)2 )

MSE(f(x:,t,1), fog- (Solver(ay, t, u; @), u, 1)
(6)

101ogy(

n represents the bit depth of the image. A large KDC
means large difference between Ty and Tyarget, and vice
versa.

We conducted measurements on both diffusion mod-
els (SD 1.5 [32], SDXL [28]) and flow matching mod-
els (SD3 [5], OTCFEM [39]) and select 3 classic datasets

(CIFAR-10, ImageNet, and CC3M) covering both low and
high resolutions (32x32, 64x64, and 1024x1024) to ensure
reliability and robustness. The mean and variance of KDC
between the student and teacher model outputs on ¢ are
shown in Figure 2. KDC shows similar trends and close val-
ues across different datasets and models, demonstrating that
it is a stable and intuitive indicator for measuring knowl-
edge discrepancy during consistency distillation. We ob-
serve that the KDC value consistently decreases as ¢ pro-
gresses from O to 1, indicating a gradual reduction in the
knowledge discrepancy of curriculums. This aligns with our
intuition: when ¢ is near 0, the KDC is typically around 60,
as the input is heavily mixed with noise, leading to a large
knowledge discrepancy. At this stage, the model is prone to
confusion, causing instability and slow convergence. Con-
versely, when ¢ approaches 1, the KDC is usually less than
40, indicating that the knowledge discrepancy is too small,
resulting in reduced learning efficiency. We argue that this
instability and inefficiency hinder the overall learning pro-
cess of the CM.

We further explored the effect of distillation step | =
u — t in CM, and the results are presented in Figure 3. It
can be observed that KDC decreases as [ decreases. Con-
sequently, in iCT [36] and ECM [6], where [ reduces over
training iterations, the progressively smaller differences be-
tween student and teacher model outputs are more prone
to cause inefficient learning. Especially, inefficient learn-
ing due to small differences becomes even more significant
in consistency distillation, as a pre-trained teacher model is
easier to follow than ground truth.

Can we mitigate this imbalance in knowledge discrep-
ancy to enhance the effectiveness of CM learning? In this
paper, we attempt to present a feasible solution by propos-
ing an adaptive method named the Curriculum Consistency
Model (CCM) which will be elaborated in the following
section.

3.3. Curriculum Consistency Model

Our goal is to design an algorithm that ensures a stable and
balanced knowledge discrepancy for the model at different
timesteps (i.e., under different noise intensities) and various
training iterations. To achieve this, we should see further
when clear, thus, we propose the Curriculum Consistency
Model (CCM). CCM incorporates three key designs, which
are 1. A reliable metric Knowledge Discrepancy of the Cur-
riculum (KDC) for measuring the difference between stu-
dent and teacher over the interval (¢, ), 2. Dynamic ad-
justment of learning objectives based on the KDC, and 3.
Multi-step iterative generation to ensure the quality of learn-
ing objectives.

Measuring the knowledge discrepancy. We propose
KDC based on PSNR to measure the knowledge discrep-
ancy in Eq. 6. We have analyzed and shown the stability
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and generalizability of KDC across different datasets, dif-
ferent timesteps, and different training iterations in Section
3.

Dynamic adjustment of learning objectives. To main-
tain the consistency of knowledge discrepancy across differ-
ent timesteps and training iterations, we change the learning
objective Tiarget O m{;?git. At each timestep, we cycle be-
tween estimating the knowledge discrepancy and modifying
u until the knowledge discrepancy exceeds a certain fixed
value. At different values of ¢ and during various training
iterations, we may obtain different values of u, showing the
adaptive nature of CCM. Dynamic adjustment becomes ef-
fective at larger timesteps during the early stages of training,
and extends across all timesteps in the later stages as the
model progresses. Limited knowledge discrepancy results
in a larger distillation step [ = u — ¢ and allows the stu-
dent to step further, avoiding cumulative errors from many
small-step distillations and achieving improved image de-
tails, image-text alignment, and semantic structure.

Multi-step iterative generation. Since the teacher
model ¢ will remain the same in the training process,
the pivotal issue for generating the learning objective at
timestep ¢t: Tyarget = fg- (Solver(w,, t,u; @), u, 1) is to de-
termine x,, = Solver(xy, t, u; ¢). There are various meth-
ods to compute x,, and a straightforward approach is to esti-
mate x,, directly from a; through one-step iteration without
regard for the magnitude of the distillation step [ = u — t.
However, CCM may select a u that is significantly greater
than ¢ to ensure a stable knowledge discrepancy, which
could lead to the teacher model making inaccurate predic-
tions due to a large timestep size s. Consequently, this may
result in the student model learning targets that are vague
or inaccurate. Therefore, we propose a multi-step iterative
generation method where the teacher model will iterate one
small timestep size s forward each time until the estimated
knowledge discrepancy meets the requirements, which are
currently unknown. As shown in Figure 4, in contrast to
iCT [36], CCM will increase the [ as training progresses.
Unlike the multi-step sampling in Scott [20], where a large
distillation step is subdivided and the relative positions of u
and ¢ remain fixed to reduce cumulative error, CCM deter-
mines u by iterating forward from ¢. CCM allows the rela-
tive positions of v and ¢ to vary dynamically across different
timesteps and training iterations, ensuring the consistency
of KDC. For clarity, we have written the CCM algorithm’s
procedure in pseudocode and presented it in Algol.

3.4. Unified Distillation Loss of CCM

CCM focuses on addressing general issues in CM, thus
making it applicable to a variety of common denoising-
based generative models, including diffusion models and
flow matching models. Suppose the ODE is defined on the
time interval [0, 1) with O and 1 corresponding to noise and

Algorithm 1 KDC-Adjusted Target Computation

1: Input: noisy input x;, timestep size s, threshold Tkpc,
teacher model ¢, target model f,-, student model f,

2: Output: KDC-Adjusted target a:g?gcct

3: Sample t ~ 1(0,1)

4: Calculate egy = fo(xt,t,1)

5: repeat

6:  Update u < min(t + s,1)

7. Calculate x,, = Solver(xy, t, u; @)

8:  Compute wg?g%t = fo-(xu,u,1)

9:  Compute KDC}' = 100 — PSNR (st wﬁ?g%t)
10:  Update t <— u, Ty < x,,

—_

»until Tkpe < ]E{])thl oru==1
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Figure 4. Distillation step vs. training iterations in CCM and iCT.

ground truth respectively, we can express the consistency
distillation loss of CCM in a general form:

Locm(8;¢) ==

Eic0,)Eue(t,1)Ba: Eay o, [A(Fo (4, 1, 1), Tiomger (1, 1))].
(7

where ¢ and u are two timesteps of different noise in-
tensities, d(-,-) is a distance metric which can be L1,
L2 or LPIPS. The difference between Lccom and stan-
dard consistency distillation loss is that the learning target
wg]r)g%t (u, 1) is obtained through a multi-step iteration ac-
cording to Algo 1.

CCM with diffusion models. In diffusion models, it is
customary to describe the denoising process using noise-
to-signal ratio o € [e,T], which can be transformed to
timestep in Eq. 7 through ¢ = #_1 The interval [e, T
will be discretized firstly and standard consistency distilla-
tion loss can be calculated based on o, and adjacent 0,11
as shown in Eq 4. CCM tends to calculate loss based on o,
and 0,4, where m is the number of iteration steps accord-
ing to Algo 1.

CCM with flow matching models. In flow matching
models, a direct approach is to transform the noise-to-signal
ratio o into discrete timesteps ¢ for consistency distilla-
tion, where ¢ becomes discrete within the range 0 < ¢t =
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%ﬂ < 1. We adopt an approach starting from vanilla flow

matching, where ¢ is chosen uniformly within [0, 1) [19].
This approach leverages ¢ as a continuous variable, allow-
ing consistency distillation to span a broader range of the
ODE trajectory compared to discretized methods in diffu-
sion models. Moreover, distillation at ¢ = 0 aligns with
inference since generation begins from pure noise. Re-
cent work in [24] also explores continuous-time consistency
models. However, the selection of u remains an open ques-
tion. CCM offers a straightforward method to determine
through adaptive iteration using a base timestep size s. In
the following sections, we discuss the choice of s, u, and
extra computational cost due to multi-step iterations.

3.5. Adversarial Losses

In generative modeling, student models derived from dis-
tillation often produce lower-quality samples compared to
their teacher models, as they rely solely on distillation
losses. To improve the student’s performance and poten-
tially surpass the teacher in quality, we incorporate adver-
sarial training into our framework. Previous work, such
as [4] and [15], has demonstrated that combining recon-
struction and adversarial losses significantly enhances im-
age generation quality.

Our Curriculum Consistency Model (CCM) framework
integrates both KDC-adjusted distillation loss and adversar-
ial losses into a unified training objective:

Laan(8,n) =Eq, (log dy (z1)+
EtE[O,l)Ew1]Ea:t\a:1 [IOg(l - dn(meSt(xh 2 1)]
3)

min max L(0,n) = Lcem(0;0) + AaanLaan(8,m) (9)

where d,, represents the discriminator network and
AgAN is an adaptive weighting. Details are in [15].

4. Experiments

To verify the reliability and generalization of the method,
our experiments cover classical datasets with different reso-
lutions, and studies are carried out on diffusion models and
flow matching models.

4.1. Experimental Details

Datasets. For low-resolution image generation, we train
and evaluate models on CIFAR-10 [16] and ImageNet
64x64 [3] datasets. For high-resolution image generation,
we train LoRA weights [11] on the CC3M [1] dataset and
evaluate on COCO-2014 [18] with 30K split.

Models. We verify the image generation based on both
flow matching and diffusion models, including Optimal
Transport Conditional Flow Matching (OT-CFM) [39], Sta-
ble Diffusion 3 [5], and Stable Diffusion XL [28]. Our code

implementation is based on torchcfm and phased consis-
tency model [40].

Evaluation Metrics. We report the FID [8] and CLIP
Score [30] of the generated images and the validation 30K-
sample splits. We also comprehensively evaluate the com-
positionality of CCM on T2I-CompBench [12].

Our experimental parameters are shown in the Appendix.

4.2. Experimental Results and Analysis

(a) Performance comparisons on CIFAR-10

Model Type Method Params NFE () FID ()
GAN StyleGAN-XL([34]) >100M 1 185
DDPM([9]) - 1000 3.17
DDIM([35]) - 100 4.16
Score SDE([37]) - 2000 2.20
EDM([13]) 56.4M 35 201
2-Rectified Flow([23]) - 1 485
. . DMD([42]) - 1 377
Diffusion Models ECM([6]) 55.7M 1 360
CD([38]) 56.4M 1 355
iCT([36]) 56.4M 1 283
CCM w/o GAN 56.4M 1 279
CD w/ GAN([25]) 56.4M 1 265
CTM([15]) - 1 198
SiD([43]) - 1 192
OT-CFM([39]) 34.09M 100 4.49
PCM([40]) - 8 194
SO, .| CD(retrained) 34.09M 1 105
Flow Matching Models | oy /o GAN 34.00M 1742
CD w/ GAN(retrained) 34.09M 1 4.08
CCM(ours) 34.09M 1 1.64

(b) Performance comparisons on ImageNet 64x64

Model Type Method NFE () FID ()
EDM([13]) 79 2.44
CD([38]) 1 6.20
ECM([6]) 1 4.05
iCT([36]) 1 4.02
Diffusion Models Moment Matching([33]) 1 3.00
CTM([15]) 1 1.92
SiD([43]) 1 1.52
DMD2([41]) 1 1.28
PaGoDA([14]) 1 1.21
Flow Matching Models g(l;_l(\jfll:x[::)t rained) 100 ;ig

(c) Performance comparisons on COC0O2014-30K

Base Model | Method CLIP Score (1) FID ({)
Original 26.18 86.84
LCM([26]) 31.27 25.44
SD3 PCM([40]) 31.06 28.52
CCM w/o GAN  31.32 21.83
CCM(ours) 31.41 21.49
Hyper-SD([31]) 31.30 30.87
PCM([40]) 31.63 21.15
SDXL CCM w/o GAN 31.63 21.08
CCM(ours) 31.73 20.47

Table 1. Performance comparisons on different datasets.

According to Table 1, we conduct a performance anal-
ysis of CCM compared to existing approaches. On the
CIFAR-10 dataset, CCM achieves an impressive uncon-
ditional FID of 1.64 with only one function evaluation
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(NFE=1), indicating that CCM not only surpasses these
methods in sampling efficiency but also achieves superior
image quality. For flow matching models, CCM w/o
GAN outperforms CD, CCM significantly supasses CD
w/ GAN and even exceeds GAN. For diffusion models,
CCM w/o GAN outperforms CD, ECM and iCT. There-
fore, vanilla CCM is also effective. Due to limitations
in the teacher model and model capacity, flow matching
models underperform diffusion models. On the ImageNet
64x64 dataset, CCM also performed strongly: CCM’s FID
(NFE=1) reaches 2.18 on conditional generation, which
is also competitive with the mainstream generated mod-
els. Although the performance of a student model heavily
depends on its teacher, CCM (2.18) demonstrates a more
substantial improvement over its teacher model, OT-CFM
(5.36), than CTM (1.92) does over its teacher model, EDM
(2.44). We have also included some non-CM-based state-
of-the-art distillation methods (Moment Matching, SiD,
DMD2 and PaGoDA) for a more complete comparison. The
samples generated by CCM (NFE=1) are shown in Figure
5 and are comparable in quality to those generated by OT-
CFM (NFE=100), indicating that CCM shows excellent ac-
celeration with at least 50x faster in inference.

OT-CFM

OT-CFM
(NFE=100)

CIFAR-10

ImageNet 64x64

Figure 5. Samples generated by OT-CFM and CCM on CIFAR-10
and ImageNet 64x64.

When scaled to large-scale methods and high resolution,
CCM can still maintain advantages. According to Table
1(c), CCM has achieved lower FID and higher CLIP scores
on both diffusion models and flow matching models. On
T2I-Compbench [12], CCM-4Step outperforms both LCM
and PCM across all six metrics, achieving results compa-
rable to SD3-28Step. Additionally, CCM based on SDXL
performs well in color, texture, non-spatial, and complex
attributes. We compare the samples generated by differ-
ent methods and find that CCM performs better image-text
alignment (Figure. 6) and semantic structure (Figure. 7).
Further, we conduct a user study and Figure 8 affirms the
good performance of CCM. These results demonstrate the
strong generalization capabilities of CCM.

Anoverhead View o white flag with a
A coffee mug of apickup truck

floating in the sky. ~ With boxes in its

A ceiling fan with

red circle nextto
a solid blue flag.

five brown blades.

Figure 6. Semantic comparison of images generated by LCM (up)
and CCM (down). CCM shows better image-text alignment and
generates images that better fit the text.

A glass of orange
juice to the right of
a plate with
buttered toast on it.

A drawing of a A grand piano next A giraffe points its
stork playinga  to the net of a tennis  head towards the
violin. court. sky.

Figure 7. Structure comparison of images generated by LCM (up)
and CCM (down). Both models correctly understand the text, but
the structures generated by CCM are more reasonable.

4.3. Ablation Studies

We perform thorough ablation studies to evaluate the im-
pact of different modules in the method. All ablation exper-
iments are based on CIFAR-10 without adversarial losses
and are performed over 100K iterations.

Static vs. Dynamic. We first compared different tar-
get selection strategies to study the effect of the distillation
step | = u — t, numbers of iterative steps n, and timestep
sizes s. The three key variables have the following rela-
tion [ = Z?:l s;. Strategies fall into two categories: static
strategies that [, s, n are fixed and dynamic strategies that at
least one variable in [, s, n varies with ¢. From Table 3, we
can observe that CCM surpasses all other strategies. More-
over, when n increases from 1 to 3 with fixed s = 0.03,
the model’s performance improves. Similarly, increasing
the distillation step I = u — ¢ also exhibits a similar phe-
nomenon, but a larger value of [ with fewer iterative steps
n can be detrimental(! = 0.1,n = 1). Furthermore, we ex-
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Base Model Method Attribute Binding Object Relationship Complex (1)
Color (1) Shape (1) Texture (1) Spatial (1) Non-Spatial (1)

Original 0.813 0.590 0.759 0.343 0.311 0.479
LCM ([26]) 0.705 0.482 0.587 0.225 0.309 0.346

SD3 PCM ([40]) 0.702 0.480 0.599 0.212 0.305 0.346
CCM(ours) 0.733 0.493 0.633 0.245 0.310 0.358
Original 0.587 0.468 0.529 0.213 0.311 0.323
LCM ([26]) 0.604 0.407 0.497 0.172 0.310 0.337

SDXL PCM ([40]) 0.606 0.420 0.497 0.202 0.311 0.332
Lightning ([17]) 0.581 0.437 0.499 0.221 0.311 0.325
CCM(ours) 0.614 0.427 0.511 0.207 0.312 0.338

Table 2. Quantitative Results on T2I-CompBench. CCM provides consistent improvements in all categories for both SD3 and SDXL.

Blue means the reference results from the original models (28 steps for SD3 and 40 steps for SDXL). Other models use 4 inference steps.

CD

m 2 — Typ=70
20 — Tgpc=60

$30 18 — Tipc=65

b3

5 16

3 © Pl3.4n

2

£

e
S
=

=

LCM PCM CCM 3

Model Training Iteration (x107)

Figure 8. User study. Subjects

were shown generated images
and asked for preference.

Figure 9. Comparisons of dif-
ferent Tkpc.

perimented with varying the timestep size s in accordance
with the changes in ¢. Increasing [ proportionally as ¢ in-
creases is not a good choice since it is almost impossible
to learn when both ¢ and timestep size s are very small,
which also reminds us to balance knowledge discrepancy
and model ability. A special case of the opposite is learning
ground truth directly, i.e., | = s = 1 — ¢, which also lags
behind CCM. Last, I-CCM, which uses an opposite strat-
egy to CCM, not only performs worse than CCM but is also
inferior to some static methods.

Strategy 1 n s FID ()
0.01 1 0.01 14.06
0.03 1 0.03 11.38

Static 0.1 1 0.1 16.2
0.06 2 003 10.15
0.09 3 003 9.89
0.1t 1 0.1t  27.19

Dynamic I-CCM - 0.03 12.66
1—t 1 1-t 10.67
CCM - 0.03 9.32

Table 3. Comparison between static and dynamic strategies. For
CCM, Tkpc = 60. I-CCM adopts the opposite strategy of CCM.

Method s FID (})

Single-step - 46.82
0.01  9.96

Multi-steps 0.03  9.32
0.05 9.78

Table 4. Comparisons among strategies of determining ®target.

Strategies of determining x.,..;. We tested various
methods for determining @ a,get, including single-step iter-
ation and multiple-steps with different timestep sizes s in
Table 4. The effect of directly generating x,, from x; is
poor compared to the effect of multi-step generation. This
may be because the quality of the directly generated x,, is
relatively low, which affects the effectiveness of CM learn-
ing. We also found that after using CCM, the model is no
longer sensitive to timestep sizes, with s = 0.03 slightly
outperforming other choices.

The choice of Txpc. Different Tkpc determine the
dynamically selected number of iterative steps during the
training process, which is a hyperparameter in the methods
presented in this paper. We conducted experiments with dif-
ferent values of Tkpc, as shown in Figure 9. It can be ob-
served that within the range of 60-70, the FID results are
better than CD, indicating that our method is not very sen-
sitive to Tkpc. Moreover, although CCM will lead to an
increase in the time of a single iteration, the convergence
rate is accelerated at the same time. Based on the same FID,
CCM achieves 1.3x faster convergence than the vanilla CD
and achieves a lower FID, bringing significant benefits.

5. Conclusion

In this article, we introduce the knowledge discrepancy to
measure the difficulty in the CM learning process, and have
discovered that the distribution of difficulty is highly im-
balanced under different noise intensities. To alleviate this
issue, we propose Curriculum Consistency Model (CCM),
an efficient method for training models based on ODEs.
We design an adaptive noise schedule to maintain the con-
sistency of curriculum difficulty and verify the rationality
and validity of the design. Our method achieves compara-
ble single-step sampling FID results on CIFAR-10 (1.64)
and ImageNet64x64 (2.18). More importantly, our ap-
proach works on diffusion models and flow matching mod-
els as well and we have successfully extended the proposed
method to large-scale models, such as SDXL and SD3.
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