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Abstract. The slow iterative sampling nature remains a major bottle-
neck for the practical deployment of diffusion and flow-based genera-
tive models. While consistency models (CMs) represent a state-of-the-
art distillation-based approach for efficient generation, their large-scale
application is still limited by two key issues: training instability and
inflexible sampling. Existing methods seek to mitigate these problems
through architectural adjustments or regularized objectives, yet over-
look the critical reliance on trajectory selection. In this work, we first
conduct an analysis on these two limitations: training instability orig-
inates from loss divergence induced by unstable self-supervised term,
whereas sampling inflexibility arises from error accumulation. Based on
these insights and analysis, we propose the Dual-End Consistency
Model (DE-CM) that selects vital sub-trajectory clusters to achieve
stable and effective training. DE-CM decomposes the PF-ODE trajec-
tory and selects three critical sub-trajectories as optimization targets.
Specifically, our approach leverages continuous-time CMs objectives to
achieve few-step distillation and utilizes flow matching as a boundary
regularizer to stabilize the training process. Furthermore, we propose a
novel noise-to-noisy (N2N) mapping that can map noise to any point,
thereby alleviating the error accumulation in the first step. Extensive
experimental results show the effectiveness of our method: it achieves a
state-of-the-art FID score of 1.70 in one-step generation on the ImageNet
256 x 256 dataset, outperforming existing CM-based one-step approaches.

1 Introduction

The rapid advancement of diffusion [17,/46,[50%/51] and flow-based [7}26,29]
generative models has revolutionized data generation across image [40}/42}(62],
3D [28,[38,/55], audio |9,27] and video generation [1,/53|, yet their reliance on
slow iterative sampling remains a fundamental bottleneck. While higher-order
solvers [32,|33,47] offer limited acceleration, distillation techniques [44}[59}/60],
particularly consistency models (CMs) [23}/49], have emerged as the most effec-
tive path toward few-step generation. CMs achieve efficient distillation by learn-
ing consistency function that directly maps noise to data along predefined trajec-
tories. However, early discrete-time implementations suffered from discretization
errors that potentially compromised output quality [13,48|, ultimately driving
the development of continuous-time variants [31}{43].
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Fig. 1: Left: Selected samples from DE-CM trained on ImageNet at 256 x 256 reso-
lution with 2 NFE. Right: Images generated by our text-to-image model across 2 to
50 NFE. The prompts used are provided in the Appendix.

Continuous-time CMs, while circumventing discrete error accumulation, do
not address the fundamental limitations (including training instability and in-
flexible sampling) of CMs, thus impeding their wider deployment. Recent main
efforts on stabilization, efficiency, and flexibility fall into three categories: 1) dif-
fusion modeling. Methods like sCM that employ TrigFlow to simplify the
formulation of diffusion models, which unify the flow ODE and CMs. Mean-
Flow , AYF and IMM introduce the flow maps to map noisy
inputs directly to any point along the PF-ODE trajectory. 2) network architec-
ture. Approaches tailor the architecture design to achieve more stable and
efficient training. 3) training objective with regularization. Approaches like IMM,
MeanFlow, SplitMeanFlow [15], sCoT and FACM reformulate the learn-
ing objective with additional constraints or flow modeling. While these efforts
facilitate continuous-time CMs training, they remain fundamentally limited by
treating suboptimal sub-trajectories as their optimization objectives. Methods
like MeanFlow and AYF couple the optimization throughout the whole trajecto-
ries by learning mappings between any two points, as shown in Fig. [2[ (b). These
entangled learning objectives are particularly problematic given that CMs im-
pose consistency as a network behavior property without an explicit boundary
condition from the ground-truth flow characteristics, leading to slower conver-
gence or even training collapse. Furthermore, approaches like sCMs treat vanilla
CMs trajectory alone, potentially increasing instability due to the absence of
the critical path. By explicitly decoupling the instantaneous velocity objective
along the PF-ODE trajectory, FACM achieves improved training stability. This
indicates that the core challenge lies in selecting the appropriate candidate tra-
jectories to achieve both training stability and strong performance.

In this work, we begin with an analysis of two inherent limitations in vanilla
CMs: unstable training and inflexible sampling. Our findings indicate that train-
ing instability arises from loss divergence, which is triggered by unstable self-
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Fig. 2: Left (a): Comparison of FID scores across different models under various NFE
settings, showing the superior performance of our method in both few- step and multi-
step sampling. Right (b): Comparison of learning objectives. CMs Distillation [49]
(s = T), Flow Matching [26] (s = t), MeanFlow [11] / AYF [43| (upper triangle).
DE-CM (triangular boundary).

supervised objectives and the catastrophic forgetting of original instantaneous
velocity features. Furthermore, we attribute inflexible sampling to error accumu-
lation caused by the the CMs sampler |23|. Based on these analysis, we propose
a novel method, Dual-End Consistency Model, to achieve efficient, stable,
and flexible model distillation under critical sub-trajectory clusters selection. We
employ flow maps to incorporate entire transport space and identify the signif-
icant sub-trajectory clusters for optimization. Taking the intermediate time ¢
as the dividing point, we focus on the following three trajectory segments: 1)
Consistency Trajectory. 2) Instantaneous Trajectory. 3) Noise-to-Noisy Trajec-
tory. The comparative illustration of our optimization trajectories is provided
in Fig. [2| (b). Consistency trajectories enable the model to perform inference
over few-step via consistency property, while instantaneous trajectories serve as
a boundary regularization to stabilize the training. By incorporating noise-to-
noisy trajectories, we formulate a training objective that enables our model to
alleviate the error accumulation imposed by the CMs sampler. DE-CM excels in
few-step sampling on C2I and T2I tasks while maintaining performance across
multi-steps, as show in Fig. [I} On ImageNet 256256 [5], DE-CM achieves 1.70
FID using 1-NFE generation, as shown in Fig. [2] (a).

The key contributions are summarized as follows:

— We analyze the potential constraints imposed on CMs and elucidate the
underlying causes of instability and inflexible sampling.

— We propose DE-CM, a novel method for stable and effective training through
the selection of vital trajectories.

— We derive a new objective noise-to-noisy mapping to learn a mapping from
pure noise to arbitrary points.

— Our experiments on C2I and T2I demonstrate the effectiveness of DE-CM,
achieving state-of-the-art performance on the ImagNet dataset with 250
training epoch.
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2 Preliminaries

Diffusion Models and Flow Matching. Given a dataset with underlying
distribution pg.¢, and standard deviation o, diffusion models learn to reverse a
noising process that transforms a clean sample z1 ~ pgqtq into T = azry + 042,
where z ~ N (0, I), and the noise level increases as the timestep ¢ decreases from
T to 0. EDM [22] defines oy = 1,0, = 1 — ¢, and optimizes:

Exy iz [w®) | 7Y (e, t) — 21]3] (1)
where w(t) is the weighting and fp(z4,t) is defined as:
f0 (l’t, t) = Cskip(t)xt + Cout (t)FS (Cin(t)zta Cnoise (t))a (2)

Here, Fy is a neural network, and these terms c(t) are scaling coefficients that
stabilize training.

Flow matching (FM) uses differentiable schedules oy, 0: (e.g, oy = t,0¢ =
1 —t) and minimizes:

Eug,zt [W(t)[|Fy(xe,t) = (dezo + 6¢2)I3] , (3)

where &; and &; denote the derivatives with respect to ¢. Sampling solves the

probability flow ODE (PF-ODE):
da?t
dt

from g ~ N(0,I) at t=0tot = 1.

= Fy(zy, t), (4)

Consistency Models. Consistency Models (CMs) are designed to map any
point z; along a PF-ODE trajectory directly to its endpoint x; in a single step.
This behavior is governed by a self-consistency property: for any pair of points x;
and x4 on the same trajectory, the model must satisfy fo(x¢,t) = fo(xy,t’). This
implies fp(xy,t) = x4 for all ¢ € [0, 1] with the boundary condition fy(x1,1) = ;.

Discrete-time CMs follow the Eq. with cerip(1) =1, cout(1) = 0 and learn
the consistency between two adjacent timesteps. The training objective is defined
as follows:

Eoimpaara (W(E) - d (fo(zt,t), fo- (Teae,t + AL))], (5)

where w(t) is the time-aware weighting, A¢ > 0 is a minimal step, 6~ denotes
stopgrad(f) and d(-,-) is a distance metric. Discrete-time CMs are sensitive to
the discretization step size At, typically requiring carefully designed schedules
to ensure convergence. Furthermore, the sample x4 a; is commonly generated
from z; by numerically solving the PF-OFE process that introduces additional
discretization error, potentially leading to suboptimal sample quality.
Continuous-time CMs avoid the accumulation of discrete errors by taking
the limit At — 0. When employing d(z,y) = ||z — y||3, the gradient of Eq.
converges to
dfo- (¢, 1)

VB, ¢ | —w(t)fy (0, t) ===,

(6)
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Fig. 3: Left (a): Gradient stability comparison between supervised and self-supervised
loss functions. Self-supervised loss exhibits more unstable gradients. Right (b): Visu-
alization results of different NFE sampling using the CM sampler.

where w = Vx, fo- (Xt, t)% + O¢ fo- (x¢,t) is the tangent of fop- at (xy, 1)
along the trajectory of the PF-ODE % and w(t) is the weighting function. This
modeling approach eliminates the need for a predefined sampling interval At,
thus avoiding discretization errors.

3 Limitations of Consistency Models

3.1 Training instability

Similar to discrete versions, continuous-time CMs face the challenge with train-
ing instability . To better understand the causes of instability, we analyze
its ultimate training objective. Following the naive discrete-time CMs based on
OT-FM, we set cskip(t) = 1 and coyi(t) = 1 — ¢. Thus the training objective of
Eq. (6) can be derived as follows:

Eq, ¢ [[|Fo(wet) = Fo- (e, t) +w'(t) - go- 3] (7
dF,_ (z¢,t) . .

where gg- = Fy— (w4,t) —vgy — (1 —t) =25, v4 denotes the desired trajectory
tangent ‘fi—”t” and it can be directly derived from data (vy = dx1+dxg) or predicted
by a teacher model (Vg = Vea(2¢,1)). € is equal to At, w'(t) = Jw(t)e(1—t) and
w(t) is a custom weighting function with respect to ¢ and commonly set to % to
accelerate convergence. To clearly delineate the training objectives, we further
decompose Eq. (7):

oot (|1 Fo(wet) — vgll3 + [ Fo (e, t) — 03], (8)

where 0 = Fy-(a¢,t) + (1 — ©) di;i’. We train the two losses independently,

with the gradients generated during training shown in Fig. [3| (a). Compared to
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full-supervised term, self-supervised loss is more prone to instability and volatil-
ity. This reveals that: 1) A divergence exists between the fully supervised and
self-supervised components when Fy has not converged. 2) The emphasis on
consistency in F results in the overshadowing of the pretraind instantaneous ve-
locity concept. These suggest inherent limitations in the optimization trajectory
predefined by the vanilla CMs.

3.2 Inflexible Sampling Mechanism

The challenges of inflexible sampling have been thoroughly analyzed in Consis-
tency Trajectory Models (CTM) [23]. Let ¢ € (0,7) and v € [0,1]. We denote
pg as the density derived from a sampling trajectory following the transition se-
quence T — /1 — 72t — t — 0, initiated from the prior distribution pr. Then,
we can obtain that

Dty (pdata7p0 \/T V31— t + t) (9)

where Drv(p, q) := 3 f Ip(x x)|dx. When generalized to N steps, the sam-
pling behavior is crltlcally governed by the interpolation parameter . For v = 1,
the sampler iteratively performs long jumps from each ¢, to 0, which leads to
significant time overlaps between jumps and causes the approximation error to
aggregate to O(v/T + 11 + -+ + tn). In contrast, setting v = 0 eliminates these
temporal overlaps and prevents error accumulation, resulting in a stable error
bound of only O(+v/T). Consequently, by leveraging the v = 0 regime (e.g. Euler
Solver), diffusion model can effectively addresses the performance degradation
associated with high NFE in distillation models while simultaneously bypassing
the discretization errors inherent in score-based models. However, to satisfy the
consistency function and boundary conditions, the sampling mechanism of CMs
is based on v = 1. The absence of intermediate state transitions imposes the
following limitations [23}|49] on naive CM sampling, explaining its suboptimal
performance: 1) Inflexible Sampling Steps. The model is constrained to a fixed
step count, limiting adaptability. 2) Artifact Accumulation. Multi-step sampling
leads to an accumulation of errors, which often manifests as visual artifacts.
3) Semnsitivity to Initial Noise. The generation quality is highly sensitive to the
choice of initial noise, leading to poor robustness and high output variance. As
shown in Fig. [3| (b), due to the accumulation of errors, the generated quality
first increases and then decreases as the NFE gradually increases.

4 Dual-End Consistency Model

MeanFlow [11] and AYF [43] indicate that the aforementioned limitation of CMs
lies in the exclusive dependence on the time condition ¢, which is inherently
insufficient to characterize the entire PF-ODE trajectory. Consequently, they
augment the temporal specification with an auxiliary endpoint embedding s,
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Fig. 4: We select significant trajectories from the whole {(¢,s)|t < s} space and
treat these selected trajectories as our optimization targets. Specifically, we employ
the continuous-time consistency distillation trajectory to optimize the mapping from
arbitrary time points to data, thereby achieving few-step distillation. We leverage the
proposed noise-to-noisy (N2N) mapping objective to eliminate the constraint of pre-
dicting only x; points. We utilize flow matching loss to overcome the instability in
training. We find that incorporating these three trajectory clusters is enough to enable
stable and efficient optimization for few-step distillation.

enabling the estimation of the mean velocity along the trajectory. The trajectory
consistency function is formulated as follows:

fo(ze,t,8) = o + (s — t) Fy(xy, t, 9) (10)

where Fy is a neural network. Eq. encompasses the entire trajectories when
given t,s € [0,1] and t < s, thus satisfying both CMs and FM parameteriza-
tion. This formulation will optimize any sub-trajectory defined by ¢ and s and
have access to ODE solver (e.g. Euler Sampler). However, unlike the consistency
function that exhibits explicit boundary conditions fy(x1,1) = z1, the bound-
ary conditions of Eq. is not strictly constrained as t, s are both variables.
This will introduces greater instability risks during training. Moreover, opti-
mizing the entire sub-trajectory space also leads to inefficient training as the
redundant trajectory optimization degenerates convergence. The computational
complexity, O(n?), became a primary bottleneck, leading to slow optimization.
Fortunately, we find that optimizing only specific sub-trajectory clusters is suffi-
cient to ensure stable training and high-quality samples. We focus on three key
trajectory clusters (Fig. [4)): consistency trajectories, instantaneous trajectories
and noise-to-noisy trajectories.

4.1 Few-Step Models with Consistency Trajectory

Given t € [0,1] and s = 1, Eq. can be equated to the consistency function
of standard CMs. By analogy with the derivation of Eq. , we can further
simplify:

Lom = Ewt,t,5|s:1 [||F9(a:t,t, s) — UE?EH%} ) (11)
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where v = w'(t)o+(1—w'(t)) Fy- (v, t,1) and v = v¢+(1—t)w. It can
be seen that the final loss is a weighted combination of the model prediction and
another velocity v. Moreover, 7 is defined as the instantaneous velocity vy (z¢, t)

dF,_ (x4,

corrected by the average acceleration ; t’l), thus representing the average

velocity [11]. Given that W serves as the training objective but is not

available in advance, the standard approach is to utilize Jacobian-Vector product
(JVP) to dynamically compute it based on current neural network states. The
total derivative, expanded via the chain rule, is:

dFy- OFy- OFy- T
= Vo, Fo-, ——, vy, 1,007, 12
Ve Fo s 20, 2] 1,0 (12)
where [vy,1, 0] is drawn from [%, %, %], and % = vy represents the direction

given by the pretrained diffusion or flow model along the PF-ODE. The consis-
tency properties enable the model to learn the mapping from noisy input z; to
data x7. This is analogous to reflow that construct paired data, alleviating the
difficulty of learning few-step models.

4.2 Flexible Models with Noise-to-Noisy Mapping

By optimizing the time interval [0,¢], we enable the model to map from pure
noise xg to any intermediate noisy state x;, rather than returning only to the
data z1. This helps mitigate the error accumulation caused by learning only
long jumps, by exposing the model to noise inputs similar to those encountered
during inference. To preserve the meaning of the random variable ¢, we reset the
left endpoint in Eq. by r — 0, while the right remains ¢. Following Eq. ,
for timestep ¢, under the Ly norm, we have:

Exr,r,t\rﬂo [’U}(T, t)”f@(xm T, t)7 Slb(f@* (-T'r» r, tl)> ||§] ) (13>

where Sy refers to Euler Solver on the PF-ODE starting from z; to x; (t > t/).
Inspired by [43,/56], its gradient can be derived to converge to

dfe-(zr,m,t) Uw)}

VQE.’L'T,T,tlT—)O UJ(’I’, t)/fQT(ITarv t)( (14)

dt

where vy, = vgea(fo- (1, 7, 1), t) denotes the desired trajectory tangent %. Eq
reveals the gradient convergence objective of the self-supervised loss Eq. (13))
with respect to the right endpoint ¢. Considering the left endpoint r, we can
regard it as a consistency function based on boundary fg(z¢,t,t) = x;. Then, its
gradient objective can be derived from Eq. @ The two optimization objectives
can be expressed in weighted form, and their gradients can be proven to converge

to
Adfef ('rTv T, t) _

VGE:I:T,T,HTHO w(rvt)/fOT(xT’T’t)( dt

dfé* (-Tra r, t)
T
T

(15)
= A vea(fo- (2,7, 1),1)) |
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Fig. 5: Left (a): Comparison of gradient norm curves with and without flow matching
boundary constraints. Right (b): Training Efficiency Comparison of Different Methods
on 8-GPU. Our method achieves a more efficient convergence rate.

where \,~ are weighting factors. The final optimization loss L2, can be ex-
pressed as:

Emr,r,t|r~>0 |:|‘F9(£Ct7 t,s) — Fy- (21,1, 8) + wl(ra t)g”%] ) (16)

: : OF,  OF,_
where g = (A7) Fy— — (yvg+Avy) —(t—7)Fy- and Fy_ = [V, Fy-, ==, 2]
[Avg, A, —4]T. Eq. utilizes the velocities on both sides of the endpoint r and

t, along with the correction term from the neural network.

4.3 Stable Models with Instantaneous Velocity

Directly using Eq. or Eq. for optimization does not stabilize training.
We find this is due to the absence of necessary boundary conditions. Following
Eq. , We can restate the training objective when given ¢ and s:

Ea, s [[|Fo (21,1, S) —vglI3 + | Fo(we, t,5) - ?7||§] ; (17)

where 0 = Fy— (x4, t,5)+(s— t) in Eq.
renders the self-supervised term Susceptlble to instability, which ralses the rlsk
that online models could diverge from a single erroneous update. The large
gradient phenomena are shown in Fig. [5| (a).

However, when s = ¢, we observe that the original gradient update paradigm
is driven solely by ground truth as the second term equals zero. This term also
represents the left boundary condition. The single loss term makes the optimiza-
tion objective deterministic, eliminating slack on the left-hand side. Similarly,
for targets with loose right-hand constraints like Eq. , a right-hand regular-
ization can be incorporated. This approach corresponds to selecting all instan-
taneous trajectory clusters and it makes training more stable (w/ flow in Fig.
(a)). The specific loss Ly, is formulated as:

Ezt,t,s|s:t [”F@(xta t, S) - U(b”g + Lcos(FO(xtv tv 8)7 /Ud))} ) (18)

Beyond its role as a robust regularizer, this loss function is designed to safeguard
the pre-trained model’s capabilities, thus supporting multi-step ODE sampling.
The overall training process is shown in Algorithm
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Algorithm 1: DE-CM Training Procedure

Input: Pretrained diffusion model Fie,, online model Fy, paired dataset
D = {zref, Yret}, hyperparameters A, v, weighting function w(r,t).

Output: Trained model Fy, ema model Fipy,.

// Initialize model

Fy + copyWeights(Fiea), Fema < copyWeights(Fp)

=

2 while train do
// Prepare Data
3 Sample batch z ~ N(0,1) and (zyef, Yref) ~ D
4 Sample timestep ¢ ~ U(0,1),7 — 0
5 2t (]- - t)Z + tzrefa Uffond — Ftea(zta t; yref)7 v;mcond — Ftea(zt; t; ¢)
6 vy — ,Uzlncond + ,wcfg(,utcond _ Uzmcond)
7
// Continuous-time CD
Lem < ContinuousCDLoss(Fp (21, t, 1; yrer), v // Eq
// Flow Matching
10 L + FlowMatchingLoss(Fy(z¢, t, t; Yret), V¢ ) // Eq
11
// Noise-to-Noisy Mapping
12 2r 4 (L= 1)z + T2ref
13 Uﬁond — Ftea(zry T, yref)a U;‘lncond — Ftea(ZT7 T (b)
14 Uy ,U;jncond + Wefq (vﬁond _ v;‘mcond)
15 Fhon, ViFnon < JVP(Fy, (2, 7,8 Yret), (AR, A, —7))
16 non < (A+7) - 3g(Fuan) — Aoy + (t — )V Fuon) — yor
17 08« sg(Fuon) — w(r,t)  gnon
18 Lnon < MSELoss(Fyan, v35) // Eq
19 FG» Fema < update(Fea ['n2n + Ecm + Efm)
20 end

5 Experiments

5.1 Setup

For class-to-image (C2I) generation, we use ImageNet-256 x 256 datasets [5]. We
implement our models in the latent space of a pre-trained VAE tokenizer [5§],
which produces a latent dimensionality of 32x16x16 . Building upon the pre-
trained LightningDiT [58], we introduce an additional input s to Fy to condition
the model on the right timestep. We evaluate using Fréchet Inception Distance
(FID) [16] on 50K generated images. And we train the C2I model with learning
rate le-4 and AdamW [30] optimizer.

For text-to-image (T2I) generation, we use 100K data from text-to-image-2M
datasets [20]. We utilize the default SD3-VAE tokenizer. We leverage a reward
model [57] to assess generation quality, incorporating CLIP score [39], BLIP



Fig. 6: Selected samples from DE-CM trained on ImageNet at 256 x 256 resolution
with 1 NFE.

score , and ImageReward . We adopt LoRA with a rank of 64, a
learning rate of 5e-4, and the AdamW optimizer.

5.2 Qualitative and Quantitative Comparison

Class-to-Image Generation. In Tab. [[]we show ImageNet 256 x 256 results,
reporting FID scores along with the NFE (Number of Function Evaluations).
Our model establishes a new state-of-the-art at 1 NFE among comparable-scale
models and even surpasses the vast majority of multi-step models with just 2
NFE, demonstrating robust and superior performance. Furthermore, our model
maintains stable performance at large NFE using a single set of parameters.
Fig. [0 presents the visual results generated by our model using 1 NFE sampling.

Text-to-Image Generation. Fig. [7] provides a visualization of our method
against competing models across various inference budgets (1, 2, 4, 32 and 50
NFE). While pre-trained models like Flux and SD3.5 are inherently in-
capable of few-step generation, existing CMs like LCM and CTM suffer
from blurry results at low NFE and oversaturation at large NFE. Methods in-
cluding PCM and Hyper-SD , which require dedicated training for each
NFE, face challenges with oversaturation and poor instruction alignment (e.g.
fail to render Van Gogh style at 2 NFE). DE-CM demonstrates compelling per-
formance, achieving appealing results in few-step inference and realistic quality
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Table 1: Class-conditional generation on Taple 2: Quantity comparison on pre-
ImageNet-256x256. ‘x 2’ indicates .thaft trained and CM distillation-based text-to-
CFG doubles the NFE per step.  indi- jmage model. ‘x 2’ indicates that CFG
cates distillation reproduction (250 epoch) doubles the NFE per step. The best results

based on our configuration. of each metric are highlighted in bold.
Method NFE (J) #Params (}) Time () FID (1) Method NFE (]) CLIP (1) BLIP (1) ImageRewards (1)
GAN . o Multi-step Models
GigaGAN 1] 1 560M g 3.45 SD3.5-Medium |7 4 0.2395 04457 -1.6017
StyleGAN-XL 15| ! 166M 0.3 230 50x2 02998  0.5451 0.8750
Masked & AR SD3.5-Large [7] 4 0.2385  0.4221 -1.582
VQGAN [§ 256 227M 19 3.04 50 x 2 0.3024  0.5465 0.8349
MaskGIT J3 8 227M 0.5 6.18 Flux.1-Dev [24] 4 0.2543  0.4523 -1.2084
VAR-d30 [52] 10 2B 1 1.92 50 x 2 02041 0.5384 0.9634
Diffusion & Flow DE-CM (Ours) 50 0.2993  0.5490 0.9712
ADM [6 250 280M 16 10.94 Few-step Models
DIiT-XL/2 (w=1.5) [36] 250 x 2 675M >3.75 227 T Py o >
SIT-XL/2 (w = 1.5) |35 250 x 2 675M >28) 215 SD3.5-Turbo [o] _11 8;52 3:_3; ’é)'s;i_f
LightningDiT-XL/1 (w = 6.7) 250 x 2 675M > 2.82 1.35 3 0'29'3:5 0"5334 0.651‘3
Consistency Model LCM [34] 1 0.2508 0.4560 -1.0622
MeanFlow [11] 1 675M 0011 343 4 0.2048  0.5306 0.4910
2 0.024  2.20 8 0.2993 05318 0.5871
MeanFlow-{ 11\ 1 675M 0.041 2.79 CTM ‘23 1 0.2624 0.4764 -0.7639
2 0.048 174 4 0.2086  0.5284 0.5703
IMM [63] 1x2 675M 0.057 777 8 0.2993 0.5278 0.6762
2x2 0.068 3.99 Hyper-SD |41 1 0.2939  0.5161 0.5704
FACM-{ 37| 1 675M 0.011 1.76 4 0.2949 05307 0.7931
iCT 48] 1 675M - 34.24 8 0.3029  0.5293 0.8447
2 - 20.30 PCM |54 1 0.2726  0.4764 -0.6584
sCMs- [31] 1 675M 0011  3.34 4 02081 0.5265 0.6025
2 0.024 1.94 8 0.2996  0.5286 0.6195
Shorteut [10] 1 675M 0.048  10.60
DE-CM (Ours) . SEN 0011 1.70 DE-CM (Ours) 1 0.2996  0.5398 0.5758
2 0024 138 4 0.2999 05474 0.8117
50 0.58 1.26 8 0.3000  0.5479 0.8671

at large NFE. Fig. [9]further demonstrates the visualization results of our 1 NFE.
Compared to other methods, our approach exhibits finer textures and enhanced
realism. Tab. [2| presents a quantitative evaluation using feedback scores. Our
model achieves strong performance across various metrics, notably BLIP scores,
and exhibits superior sample quality universally across all NFE settings.

Efficiency Comparison. Fig.[§ presents 1 NFE visual comparisons under 16
GPU hours training. Compared to MeanFlow, DE-CM yields clearer images,
while compared to sCMs, it produces fewer artifacts. This demonstrates the
powerful training efficiency of DE-CM. Fig. |5| (b) further illustrates the conver-
gence performance of DE-CM under 8 GPUs resources, demonstrating strong
efficiency and performance.

5.3 Ablation Studies

Tab. [4 presents ablation studies under different training objectives. We can draw
the following conclusions: 1) The absence of CD loss prevents the achievement
of few-step inference, as the distillation process is consistent-function-driven. 2)
The absence of flow matching loss leads to suboptimal results due to unstable
training. 3) The absence of N2N loss affects multi-step sampling results due to the
absence of initial noise perception. We further investigate the impact of various
hyperparameters and experimental configurations on the results. Covering all
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Flux.1-Dev SD3.5-Turbo  SD3.5-Medium Hyper-SD

Fig. 7: Qualitative visualization reveals DE-CM superiority in quality and text align-
ment across all NFE. Existing competing models exhibit significant step-quality trade-
offs, failing at low NFE (SD3.5-Medium, FLUX.1-Dev) or producing oversaturated
samples at high NFE (LCM, CTM, PCM and Hyper-SD). DE-CM maintains robust
performance throughout the efficiency-quality spectrum.

MeanFlow Ours

Fig. 8: Comparison of 1 NFE results under 8 GPUs resources. DE-CM demonstrated
exceptional convergence efficiency at 16 GPU hours compared to sCMs and MeanFlow.

losses enables all steps to achieve significant gains. Detailed implementation
details are provided in the appendix.

5.4 Discussion with Recent Efforts

Our method is related to recent efforts on consistency-style training, but differs
from them in both motivation and formulation.
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Table 3: Comparison with recent methods. { indicates our repro.

Method INFE-FID 2NFE-FID 1INFE-FID ¥ 2NFE-FID t

AlphaFlow 2.58 2.15 2.24 1.71
CMT 3.34 - 2.71 1.68
DE-CM - - 1.70 1.33

Discussion on stability. Shortcut-style methods [10] rely on flow matching
(FM) to anchor the regime near d = 0, making stability highly dependent on
the model behavior as d — 0. MeanFlow [11] implicitly includes FM through
its flow-ratio formulation, and sLCT [4] also employs FM, though only in the
low-noise regime. In contrast, DE-CM identifies the source of CMs instability by
decomposing the continuous-time objective in Eq. . From this perspective, FM
acts as a left-boundary regularizer that offsets the instability introduced by the
self-supervised term, rather than serving as the primary target of training. This
explicit formulation also enables more flexible loss design, e.g., the additional
Leos term in Eq. , and extends naturally to the full noise range.

Further discussion on BOOT. Our method is also related to BOOT [14],
since both optimize the segment from pure noise to x; along the PF-ODE trajec-
tory. However, BOOT is proposed for data-free distillation through a bootstrap-
ping mechanism based on a discrete consistency property, whereas our N2N
trajectory (Eq. (L6]) is introduced to mitigate the error accumulation caused
by long-jump CM sampling and is derived from the continuous-time consis-
tency model. N2N therefore represents a theoretically grounded trajectory family
within DE-CM. The full derivation is provided in the appendix.

Comparison to recent efforts. Recent methods [12,/19[61] improve training
from different perspectives. iMF |12]| reformulates MeanFlow as a v-prediction
objective; Alphaflow [61] progressively adjusts a during training, transitioning
from FM to shortcut-style training and eventually to MeanFlow; and CMT [19]
introduces an intermediate training stage to provide a more stable initialization.
In contrast, DE-CM is derived from an objective-level diagnosis of CM instability
and provides a corresponding correction mechanism. Quantitative comparisons
are summarized in Tab. Bl

6 Conclusion and Limitations

In this work, we propose Dual-End Consistency Model (DE-CM), a novel
framework that effectively addresses the dual challenges of training instabil-
ity and sampling inflexibility in CMs. DE-CM integrates continuous-time CMs
objectives for efficient few-step distillation while employing flow matching as
a boundary regularizer to ensure training stability. Furthermore, we introduce
an innovative noise-to-noisy (N2N) mapping mechanism that enables flexible
mapping from noise to any trajectory point, thus supporting to alleviate er-
ror accumulation. Extensive experiments demonstrate that our method sets a
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Flux.1-Dev SD3.5-Turbo SD3.5-Medium Hyper-SD

Fig. 9: Visual quality comparison between DE-CM and existing methods under 1 NFE.
DE-CM achieves superior naturalness in detail rendering, outperforming existing meth-
ods. The prompts used are provided in the Appendix.

Table 4: Ablation study on ImageNet-256 (FID |) analyzing the impact of training
objective across different inference steps. We compared the model’s performance under
missing FM, CD, and N2N losses respectively.

Method STEP=1 STEP=2 STEP=4 STEP=50
Training Objectives

Baseline Teacher 309.51 230.79 111.59 2.77
Baseline Teacher (w = 1.75) 262.60 221.03 87.56 1.59
Flow Matching (FM) 263.86 220.55 87.93 1.45
CMs Distillation (CD) 3.08 2.50 2.54 6.52
FM + CD 1.78 1.41 1.62 1.78
FM + Noise-to-Noisy (N2N) Transmission 441.66 297.28 132.60 1.41
FM + CD + N2N 1.70 1.33 1.41 1.26

new state-of-the-art FID score of 1.70 for one-step generation on the ImageNet
256 %256 benchmark with 250 epoch training. Due to the incompatibility of the
JVP operator with the FSDP framework and Flash Attention, the optimization
process consumes a substantial amount of GPU memory, which limits the train-
ing of larger-scale models. Existing approaches try to addressed these problems,
and it is hoped that more effective alternatives will emerge in the future.
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