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Abstract

Diffusion models have demonstrated remarkable success in
image generation, yet a persistent challenge remains: the bias
between model predictions and the target distribution. In this
paper, we propose a Bidirectional Noise Injection framework
for enhancing diffusion models, implemented via Coordi-
nated Input-Output Perturbation (CIOP). Our approach mit-
igates this bias by randomly applying synchronized noise in-
jection to both the model inputs and the prediction targets
during the training stage. This stochastic, synchronized noise
injected acts as a smoothing mechanism that effectively re-
duces the 2-Wasserstein distance between the predicted and
target distributions, as substantiated by our theoretical analy-
sis based on optimal transport theory. Extensive experiments
on multiple benchmark datasets and various generative tasks
demonstrate that our method improves generation quality
and training efficiency without incurring additional compu-
tational cost. Furthermore, the design of CIOP enables seam-
less integration with existing diffusion model improvements
and advanced frameworks, thereby broadening its applica-
bility. These results highlight the potential of Bidirectional
Noise Injection via CIOP to alleviate bias in diffusion-based
generative models across a wide range of settings.

Introduction
Diffusion-based generative models (Ho, Jain, and Abbeel
2020; Song et al. 2021) have become powerful tools across
text (Li et al. 2022), image (Rombach et al. 2022; Zheng
et al. 2024a, 2025; Chen et al. 2024c; Shen, Gan, and Ling
2025), and video generation (Ho et al. 2022; Chen et al.
2025b, 2024a, 2025a). Consequently, improving the gen-
erated sample quality is of increasing interest. In training,
these models gradually add Gaussian noise to the data, cre-
ating a series of noised distributions over which denoising
score-matching losses are minimized. In inference, the noise
is reversed to generate new samples.

While in the field of image generation, the diffusion
model has replaced the adversarial generation model as the
most popular generation model (Dhariwal and Nichol 2021).
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Therefore, Many improvement strategies have been pro-
posed to improve generation quality further. For example,
P2-Weight (Choi et al. 2022), Min-SNR (Hang et al. 2023),
and ANT (Go et al. 2024) optimize the weight of loss func-
tion, while methods such as DDPM-BS (Zheng et al. 2024b),
AN-UT (Kim et al. 2024), BB-TDM (Zheng et al. 2025), E-
TSDM (Yang et al. 2024), and SpeeD (Wang et al. 2025)
improve the timestep sampling method for diffusion mod-
els. Besides, methods such as iDDPM (Nichol and Dhari-
wal 2021), ADM (Dhariwal and Nichol 2021), DiT (Peebles
and Xie 2022), and Switch-DiT (Park et al. 2024a) optimize
the model architecture of diffusion models. LDM (Rombach
et al. 2022) and DCTdiff (Ning et al. 2025) improve compu-
tational efficiency by compressing the diffusion space. How-
ever, all these methods overlook the issue of input bias in the
model during both the training and inference stages. Since
each inference step is based on the results of the previous
one, even small errors become magnified, indicating that
there is still room for improvement in the generation quality
of the diffusion model.

Recently, several works (Ren et al. 2024; Ning et al. 2023;
Deng, Kojima, and Rush 2023; Zhang et al. 2025) find that
the discrepancy between the predicted distribution and the
real distribution leads to the sub-optimal performance of
the diffusion model. Specifically, the DDPM-IP (Ning et al.
2023) design input perturbation to reduce prediction error
based on their empirical observations. However, as demon-
strated in Proposition 2, DDPM-IP may excessively per-
turb the marginal distributions. This over-perturbation dis-
rupts the alignment between the predicted and target dis-
tributions and may compromise the performance of models.
Meanwhile, W++ (Yu and Zhan 2025), SS (Deng, Kojima,
and Rush 2023), AEB (Zhang et al. 2025), and MDSS (Ren
et al. 2024) methods propose designing additional correction
terms to mitigate this bias problem. But these designs intro-
duce more extra computations, reduce the training efficiency
of the diffusion model, and are difficult to be compatible
with other improvement strategies. Moreover, CEP (Chen
et al. 2024b) finds that slight condition perturbation bene-
fits diffusion models. However, CEP can only be applied in
conditional generation tasks. Given the tangible benefits al-
ready realized from such studies, further in-depth analysis
of alleviating this bias problem is crucial for improving the
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generation quality of the diffusion model.
In this paper, we propose Bidirectional Noise Injection

(BNI) to effectively mitigate the bias between model pre-
dictions and the target distribution while avoiding the ad-
verse effects of unilateral noise injection. Serving as a soft
smoothing mechanism, BNI brings the predicted distribution
closer to the target distribution while preserving its benefi-
cial structural properties. By applying coordinated perturba-
tions to both the input and the prediction targets, BNI pre-
serves the alignment of their marginal distributions, ensuring
that the injected noise reduces bias without introducing un-
desirable side effects. Accordingly, we refer to our method
as Coordinated Input-Output Perturbation (CIOP). Notably,
we observe that always applying synchronized noise injec-
tion may cause the perturbed target to deviate from the
ground truth. To address this, we adopt a stochastic strat-
egy where the synchronized noise injection is applied with
a certain probability, while standard DDPM training is re-
tained in the remaining iterations. This design maintains
the benefits of noise-induced smoothing and bias reduc-
tion while ensuring that the target distribution remains suffi-
ciently close to the true distribution. Subsequently, we con-
duct an in-depth theoretical analysis of CIOP using optimal
transport theory (Villani et al. 2009). Our results demon-
strate that CIOP effectively narrows the 2-Wasserstein dis-
tance between model predictions and the target distribution.
Moreover, our analysis does not rely on strong a priori as-
sumptions about the underlying distributions in each diffu-
sion stage, thereby exhibiting robust generalization. Conse-
quently, the theoretical guarantees support the application of
CIOP across various advanced diffusion frameworks.

Finally, we empirically validate the effectiveness of CIOP
on several benchmark datasets and diverse generation tasks.
Our experiments show that CIOP significantly improves
generation quality and training efficiency compared to the
baseline. Furthermore, CIOP incurs no additional computa-
tional overhead and exhibits excellent plug-and-play com-
patibility. This enables seamless integration with advanced
diffusion model training techniques such as timestep re-
sampling (Zheng et al. 2024b) and loss re-weighting meth-
ods (Choi et al. 2022; Hang et al. 2023). Moreover, since
our design specifically targets the intrinsic properties of the
diffusion process, CIOP is applicable to a wide range of dif-
fusion models, spaces (e.g., pixel and latent spaces), and
prediction targets (e.g., noise and velocity predictions). Ad-
ditionally, CIOP can be used to further boost the perfor-
mance of already converged diffusion models. These empir-
ical findings, together with our theoretical analysis, under-
score the versatility and effectiveness of CIOP. We summa-
rize our contributions as follows.

• Coordinated Input-Output Perturbation: We design
a novel Coordinated Input-Output Perturbation (CIOP)
method to enhance the generation quality of diffusion
models. By randomly applying synchronized noise in-
jection to both the inputs and outputs during training,
our method effectively mitigates the bias between the
model’s prediction and the target distributions while pre-
serving the original signal’s integrity. This stochastic

strategy balances the benefits of noise-induced smooth-
ing with maintaining a close approximation to the ground
truth, incurs no additional computational cost, and can be
seamlessly integrated with various existing improvement
strategies for diffusion models.

• Theoretical Guarantees: Using optimal transport the-
ory, we demonstrate that CIOP effectively reduces the
deviation between the predicted and target distributions.
This means that the predicted distribution can more accu-
rately approximate the target distributions. Therefore, the
denoising network trained by CIOP can predict the noise
more accurately, thus improving the generation quality of
the diffusion model.

• Empirical Validation: We conduct extensive experi-
ments on various generation tasks. The results show that
CIOP generalizes well across diverse generative tasks
and can be plugged into other existing improvement
strategies. Moreover, CIOP can further boost the perfor-
mance of converged diffusion models.

Related Work
Diffusion Models. Diffusion models are a series of genera-
tive models that add noise to the data and learn the reverse
denoising process. Recently, various methods have been pro-
posed to enhance diffusion models, including model gener-
ation quality, inference speed, and training efficiency. For
example, P2-Weight (Choi et al. 2022), Min-SNR (Hang
et al. 2023), ANT (Go et al. 2024), and Debias (Yu et al.
2023) propose different re-weight loss functions to improve
the model generation quality. Recently, REPA (Yu et al.
2025) propose the representation alignment based on the
pre-trained visual encoders. iDDPM (Nichol and Dhariwal
2021), ADM (Dhariwal and Nichol 2021), and DTR (Park
et al. 2024b) design new model architectures to enhance
the diffusion model. DDPM-IP (Ning et al. 2023) and
MDSS (Ren et al. 2024) focus on the exposure bias problem
in the diffusion model. Moreover, CEP (Chen et al. 2024b)
uses noisy label learning to improve the performance of the
diffusion model by adding the noise in condition embedding.
DDPM-ES (Ning et al. 2024) and TS-DPM (Li et al. 2024)
design improved inference method to alleviate the discrep-
ancy between the training and inference. While our study
aligns with the above works, we provide theoretical proof of
the validity of the method under weaker assumptions. Fur-
thermore, our method can combine with many above works
to further enhance the diffusion model in generative tasks.
Optimal Transport. The theory of optimal transport (OT),
originally proposed by Monge, serves as a powerful ana-
lytical tool for the discrepancies between distinct probabil-
ity distributions (Ambrosio, Gigli, and Savaré 2005; Villani
et al. 2009). One of the core of OT theory is the use of
the 2-Wasserstein distance, which analyzes the differences
between distributions. Unlike KL-divergence, 2-Wasserstein
distance is a distance and therefore has good mathematical
properties such as symmetry, which provides a more effi-
cient mathematical analysis. The 2-Wasserstein distance is
defined in Equation 1, where the term Γ(P,Q) denotes cou-
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Figure 1: The framework of CIOP. During the training of the diffusion model, we employ a stochastic approach to noise
injection, randomly deciding whether to inject noise from the same distribution into the model’s inputs and prediction targets.

pling (Villani et al. 2009).

W 2
2 (P,Q) = inf

γ∈Γ(P,Q)
E(X,Y )∼γ [∥X − Y ∥2], (1)

Recently, the convergence of diffusion models has been
theoretically analyzed and optimized based on OT the-
ory (Khrulkov et al. 2023; Gu et al. 2023; Liang, Dhar-
makeerthi, and Koriyama 2024; Gao and Zhu 2024). How-
ever, these methods are often limited to small-scale synthetic
datasets. Differently, DPM-OT (Li et al. 2023) accelerates
the diffusion model generation process by trying directly
to solve the semidiscrete OT problem. However, the OT
problem is difficult to solve directly in higher dimensional
spaces. In contrast, our approach does not need to solve the
complex OT problem directly and can improve the quality
of diffusion model generation in real data.

Method
Preliminaries
In this section, we first provide the necessary background
on diffusion models (Song et al. 2021; Ho, Jain, and Abbeel
2020; Song and Ermon 2019). Let q(x0) represent the data
distribution over Rn. During the forward diffusion stage, the
data distribution is transformed into a noise distribution us-
ing a stochastic differential equation (SDE).

dxt = f(xt, t)dt+ g(t)dw. (2)

In Equation 2, f(xt, t) is the drift coefficient, g(t) is the
diffusion coefficient, and w denotes a Wiener process. For
DDPM (Ho, Jain, and Abbeel 2020), the conditional distri-
bution at any time t is based on the pre-defined αt and σt.

qt (xt | x0) = N
(
xt | αtx0, σ

2
t I
)
. (3)

The reverse diffusion transforms the noise distribution
into the data distribution q(x0) based on the following re-
verse SDE equation (Song et al. 2021; Anderson 1982).

dxt =
(
f (xt, t)− g2(t)∇x log qt (xt)

)
dt+ g(t)dw̄. (4)

Specially, ∇x log qt(xt) is the score function (Hyvärinen
2005) of the qt(xt) and w̄ is a standard Wiener process in
the reverse time. Therefore, diffusion models train a neural
network ϵθ to estimate the −σt∇x log qt(xt). In the train-
ing stage, diffusion models learn the−σt∇x log qt(xt) using
score matching (Song and Ermon 2019; Hyvärinen 2005)
loss L(θ).

Et∼U(0,T ),x0∼q0(x0),ϵ∼N (0,I)

[
∥ϵθ (αtx0 + σtϵ, t)− ϵ∥22

]
.

(5)
However, previous works (Ning et al. 2023; Ren et al.

2024) point out the discrepancy between the trained mod-
els ϵθ and the ground truth −σt∇x log qt(xt) always exists.
During inference, the model demands tens to hundreds of re-
cursive network calls, which causes even slight errors to be
cumulatively amplified (Ning et al. 2023), ultimately result-
ing in the generation of sub-optimal samples.

Bidirectional Noise Injection
Since the discrepancy between the training and inference
stages can lead to the accumulation of bias and the genera-
tion of biased samples, we propose a Bidirectional Noise In-
jection (BNI) method to alleviate these biases.The key of our
design is the construction of a smoothing mechanism that
enables two distributions to get closer while preserving their
beneficial structural properties (Goldfeld et al. 2020; Gold-
feld and Greenewald 2020). Specifically, we employ Co-
ordinated Input-Output Perturbation (CIOP) to reduce dis-
tributional bias by ensuring that the 2-Wasserstein distance
between the predicted and target distributions does not in-
crease after noise injection. This means that the predicted
distribution can more accurately approximate the target dis-
tributions. However, exclusively using noise injection dur-
ing training might condition the model to consistently pre-
dict the injected target distribution, bias from the true ground
truth. To address this, we adopt a stochastic strategy where
noise injection is applied with a certain probability, thereby
preserving the ground truth in some training iterations while
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still benefiting from the smoothing effect of noise injection.
This balance guarantees that the effective distributional bias
is reduced without sacrificing the fidelity of the target distri-
bution.

The CIOP framework in Figure 1, features bidirectional
synchronized noise injection into both the input and predic-
tion targets of the denoising network in the training stage.
Given the contraction property of the Gaussian distribution
as a heat kernel, along with its symmetry and tractability, we
inject noise using a zero-mean Gaussian distribution. This
choice avoids introducing systematic bias, thereby preserv-
ing the semantic integrity of the original distribution (Choi
et al. 2022). In Section , we explore noise injection methods
based on other distributions, which also effectively improve
the quality of model generation. Additionally, the distribu-
tion of the injected noise is the same for both input and out-
put, ensuring no negative impact from this design (Section
). Thus, we call our method Coordinated Input-Output Per-
turbation (CIOP). Note that while injected noise is sampled
from the same distribution, it is not equal between the input
and output. Therefore, CIOP is not equivalent to the time
shift. Different from the conditional distribution in Equa-
tion 3, the conditional distribution after bidirectional syn-
chronized noise is injected in the forward diffusion stage is

qt (x
′
t | x0) = N

(
x′
t | αtx0, (σ

2
t + δ2inj)I

)
. (6)

The δ2inj is the variance of the injected noise distribution
used to control the injected noise magnitude. For simplic-
ity, we denote

√
σ2
t + δ2inj as σ′

t. Moreover, we also inject
noise into the predicted target based on the same distribu-
tion. Therefore, the loss function in the training stage when
using CIOP is shown in Equation 7.

Et∼U(0,T ),x0∼q0(x0),ϵ∼N (0,I)

[
∥ϵθ (αtx0 + σ′

tϵ, t)− ϵ′∥22
]
.

(7)
In the loss function 7, the σ′

t is the original noise with the in-
jected noise. Meanwhile, the ϵ′ is the original predicted tar-
get with output injected noise, which is not a standard Gaus-
sian distribution. The detailed training process of CIOP is
shown in Algorithm 1. p is a random number sampled from
a uniform distribution. We use CIOP training when p < pδ;
otherwise, we use DDPM standard training. This means that
CIOP is randomly applied during the training stage.

Theoretical Analysis
In this section, we theoretically analyze the CIOP algo-
rithm and prove that our CIOP can reduce distributional bias.
The only assumption we need is the data distribution has a
bounded second moment for each diffusion timestep t.
Assumption 1 (Second moment bound). The distribution in
the diffusion stage has a bounded second moment:

Mt := Eqt∥x∥2 <∞. (8)
Assumption 1 is commonly adopted in related works (Gao

and Zhu 2024; Chen et al. 2023; Ghimire et al. 2023) to
ensure the existence of the 2-Wasserstein distance at every
timestep. Next, we demonstrate that under the CIOP design,
the 2-Wasserstein distance between any two distributions
post-noise injection will not exceed their initial distance.

Algorithm 1: Training of CIOP

Require: Noise Injection Magnitude δ2inj . Probability of
Noise Injection pδ .

1: x0 ∼ q(x0)
2: t ∼ U(0, T ), ϵ ∼ N (0, I), p ∼ U(0, 1)
3: if p < pδ then
4: ϵin, ϵout ∼ N (0, δ2injI) {Coordinated Sample}
5: σ′

t ← σt + ϵin {Input Injected Noise}
6: ϵ′ ← ϵ+ ϵout {Predicted Target Injected Noise}
7: ∇θ ∥ϵ′ − ϵθ (x

′
t, t)∥

2 {CIOP Training}
8: else
9: ∇θ ∥ϵ− ϵθ (xt, t)∥2 {No CIOP Training}

10: end if

Theorem 1 (Bidirectional Noise Injection under W2 Dis-
tance). Let P and Q be two probability distributions on Rn

with finite second moments. Let Gδinj
:= N (0, δ2injIn) be

an isotropic Gaussian distribution with variance δ2inj . De-
fine

P ′ := P ∗Gδinj
, Q′ := Q ∗Gδinj

, (9)

where ∗ denotes the convolution (i.e., the injection of noise).
The P ′ and Q′ is the noise-injected distribution. Then we
have the following inequality.

W2(P
′, Q′) ≤ W2(P,Q). (10)

The detailed proof of Theorem 1 is presented in Ap-
pendix. Note that the only assumption in this theorem is the
existence of the 2-Wasserstein distance. We do not require
P and Q to be specific types of distributions. Therefore, our
theoretical analysis can be extended to other diffusion mod-
els like EDM (Karras et al. 2022), and Flow Matching (Lip-
man et al. 2023). Moreover, Theorem 2 indicates the magni-
tude of the injected noise δinj should be controlled.

Theorem 2 (Controlled Bidirectional Noise Injection un-
der W2 Distance). Let P and Q be two probability distri-
butions on Rn with finite second moments. Let Gδinj

:=

N (0, δ2injIn) be an isotropic Gaussian distribution with
variance δ2inj . Define

P ′ := P ∗Gδinj
, Q′ := Q ∗Gδinj

, (11)

where ∗ denotes the convolution (i.e., the injection of noise).
The P ′ and Q′ are the noise-injected distributions. For
δinj > 0, we also have the following bound on the differ-
ence between the noise-injected and original distributions:

|W2(P
′, Q′)−W2(P,Q)| ≤ 2

√
(δ2inj)(n+ 2). (12)

The detailed proof of Theorem 2 is presented in Ap-
pendix. Specifically, as δinj increases, the difference be-
tween the smoothed distribution and the original distribution
increases at a rate bounded by the term 2

√
(δ2inj)(n+ 2).

Therefore, ensuring that δinj is controlled helps maintain the
effectiveness of the noise injection while avoiding large de-
viations from the original distribution.
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Method Low-Resolution Diffusion Model High-Resolution Diffusion Model Latent-Level Diffusion Model
CIFAR CelebA ImageNet FFHQ-128 AFHQ-D CelebAHQ FFHQ-256 CelebAHQ MS-COCO

Baseline 3.47 3.56 3.33 14.07 17.21 16.32 12.06 8.82 5.95
Baseline + CIOP 2.46 2.75 2.86 6.65 13.02 11.42 9.96 6.49 5.74

Table 1: Comparison of FID score on different resolution benchmark datasets and diffusion models.

Method IS↑ FID↓ Precision↑ Recall↑
DiT-S/2 35.53 49.23 0.479 0.534
DiT-S/2 + NaiveCIOP 34.25 49.98 0.462 0.556
DiT-S/2 + CIOP 35.62 46.53 0.480 0.558
DiT-B/2 70.70 20.65 0.646 0.528
DiT-B/2 + NaiveCIOP 68.73 21.47 0.632 0.543
DiT-B/2 + CIOP 71.16 20.23 0.646 0.560
DiT-L/2 132.02 11.78 0.733 0.528
DiT-L/2 + NaiveCIOP 131.75 12.45 0.776 0.576
DiT-L/2 + CIOP 137.46 10.26 0.783 0.618

Table 2: Comparison of different evaluation metrics on
Class-Conditional ImageNet-256 with different DiT archi-
tectures. We use classifier-free guidance (Ho and Salimans
2021) with a guidance scale of 1.5 in the inference stage.

Furthermore, since the 2-Wasserstein distance for the
Gaussian distribution is analytically (Villani et al. 2009;
Dowson and Landau 1982; Ferradans et al. 2013) derived
as shown in Equation 13, we provide a simple example
to demonstrate the applicability of Theorem 1 to Gaussian
distributions, following the DDPM settings (Ho, Jain, and
Abbeel 2020).

W2

(
N (µ1, σ

2
1), N (µ2, σ

2
2)
)
=

√
(µ1 − µ2)2 + (σ1 − σ2)2.

(13)
Proposition 1 (CIOP under Gaussian Distributions ). Let
P = N

(
µ1, σ

2
1

)
and Q = N

(
µ2, σ

2
2

)
be two Gaussian

distributions on R with variances σ2
1 , σ

2
2 ≥ 0. Based on

Equation 9, we have P ′ := N
(
µ1, σ

2
1 + δ2inj

)
, Q′ :=

N
(
µ2, σ

2
2 + δ2inj

)
, where δ2inj > 0. Then the 2-Wasserstein

distance satisfies W2

(
P ′, Q′) ≤ W2

(
P,Q

)
. In other

words, adding a bidirectional synchronized noise injection
to both Gaussian distributions does not increase the 2-
Wasserstein distance; if σ1 ̸= σ2, it strictly decreases.

The detailed proof is shown in Appendix. Moreover,
IP (Ning et al. 2023) proposes only to add an unsynchro-
nized perturbation. In the next numerical case, we show that
this unsynchronized design may harm fitting distributions.
Proposition 2 (Simple numerical case illustration). P =
N (0.1, 1.0) and Q = N (0, 1.1) are two distributions
with a 2-Wasserstein distance of W2(P,Q) ≈ 0.1414.
Case 1: Unsynchronized noise injection. Inject noise δ ∼
N (0, 0.12) into Q, yielding Q′ = Q ∗ N (0, 0.12) =
N (0, 1.1045). Then, the 2-Wasserstein distance between P
and Q′ is W2(P,Q

′) ≈ 0.1446 > W2(P,Q).
Case 2: Synchronized noise injection (CIOP). Inject the
same noise δ ∼ N (0, 0.12) into both P and Q, yield-
ing P ′ = N (0.1, 1.0050) and Q′ = N (0, 1.1045). Thus,

the 2-Wasserstein distance between P ′ and Q′ becomes
W2(P

′, Q′) ≈ 0.1411 < W2(P,Q).

Therefore, the unsynchronized noise injection may nega-
tively influence the diffusion model in some scenarios. Due
to its synchronized design, CIOP has strict theoretical guar-
antees and can be applied to various diffusion models with
good generalization. Furthermore, CIOP can be integrated
with other advanced diffusion training designs.

+ Debias + P2-Weight + Min-SNR + DDPM-BS
0.0

2.5

5.0

7.5
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FI
D

15.91
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11.83 12.14 12.53 12.59

Vanilla
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Figure 2: Comparison of FID when combining CIOP with
other improved methods.

Overfitting

Performance Gain

Figure 3: CIOP can boost the converged diffusion models.

Experiments
Experiment Setup
We experiment with the CIOP method in pixel space and la-
tent space. In pixel space, we experiment with ADM (Dhari-
wal and Nichol 2021) and EDM (Karras et al. 2022) frame-
works separately. In Latent space, we first transform the im-
age from pixel space to latent space using VAE (Kingma and
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Diffuison Space Pixel-Level Diffusion Model. Latent-Level Diffusion Model.
Method CIFAR 32×32 FFHQ 128×128 AFHQ-D 256×256 CelebAHQ 256×256 FFHQ 256×256 CelebAHQ 256×256

FID↓ sFID↓ FID↓ sFID↓ FID↓ sFID↓ FID↓ sFID↓ FID↓ sFID↓ FID↓ sFID↓
DDPM (Dhariwal and Nichol 2021) 3.47 5.05 14.07 12.89 17.21 49.03 16.32 25.20 12.06 18.91 8.82 17.28

Min-SNR (Hang et al. 2023) 3.43 4.96 12.46 12.85 17.03 47.94 14.37 24.87 10.03 18.62 7.55 16.46
P2-Weight (Choi et al. 2022) 3.42 4.99 11.96 12.74 16.18 47.88 14.38 22.14 11.02 19.76 8.30 16.82
DDPM-IP (Ning et al. 2023) 2.72 4.54 7.07 8.35 15.26 46.69 14.19 21.74 10.48 18.16 7.75 16.23

DDPM-BS (Zheng et al. 2024b) 3.30 4.87 10.73 11.75 14.08 45.47 13.67 21.17 10.84 18.78 7.91 16.73

CIOP 2.46 3.99 6.65 8.24 13.02 43.76 11.42 19.11 9.96 18.14 6.60 15.81

Table 3: Comparison of FID and sFID scores with other state-of-the-art methods on different datasets in pixel and latent spaces.

Welling 2014). We use U-ViT (Bao et al. 2023), DiT (Pee-
bles and Xie 2022) and SiT (Ma et al. 2024) architectures
in latent space. Throughout the diffusion process, we follow
the previous experimental setup (Yu et al. 2023; Ning et al.
2023) and set T = 1000. We perform experiments on a vari-
ety of benchmark datasets of different resolutions and sizes,
including CIFAR (32×32), AFHQ-D (256×256) (Choi et al.
2020), CelebAHQ (256×256) (Karras et al. 2017), FFHQ
(128×128, 256×256) (Karras, Laine, and Aila 2021), MS-
COCO (256×256) (Lin et al. 2014), and ImageNet (32×32,
256×256) (Deng et al. 2009) datasets. In terms of evaluation
metrics, we use FID (Heusel et al. 2017), sFID (Nash et al.
2021), improved Precision, and Recall (Kynkäänniemi et al.
2019) to evaluate. More details are shown in the Appendix.

Figure 4: MSE loss between predictive and target distribu-
tions. CIOP effectively reduces the MSE loss.

Quantitative Comparison
Comparison to Baseline. We compare CIOP to the baseline
across various settings. Experimental results in pixel spaces
are presented in Table 1, where CIOP significantly outper-
forms the baseline in FID scores. The results in latent space
on FFHQ (256×256) and CelebAHQ are shown in Table 1
right column. CIOP also outperforms the baseline in differ-
ent datasets. Moreover, CIOP also demonstrates strong per-
formance on the Text-to-Image (T2I) generation task using
the MS-COCO dataset. Additionally, we validate CIOP on
the larger ImageNet-256 dataset for conditional generation
tasks. As shown in Table 2, we find that NaiveCIOP (i.e., in-
jecting noise in every iteration) leads to performance degra-
dation. This occurs because constantly perturbing the train-

ing targets prevents the model from ever seeing the true dis-
tribution, which induces a persistent bias in the predictions.
In contrast, our stochastic strategy allows the model to train
on unperturbed data, thereby reducing the bias away from
the true distribution. As a result, CIOP consistently outper-
forms the baseline in different settings.

CIOPDDPMGT

Figure 5: Reconstruction results based on the noisy inputs.

Comparison to SOTA methods. Recently, various tech-
niques have been proposed to enhance diffusion model qual-
ity, including adjustments to loss functions and timestep
sampling. We present a comparison of the CIOP method
with these SOTA methods in Table 3. The table shows that
while many methods generally improve diffusion model per-
formance, CIOP exhibits the best overall performance.
Orthogonality of CIOP. Since CIOP is specifically de-
signed for coordinated noise injection into the model’s in-
puts and prediction targets, it is orthogonal to other improve-
ment strategies. We observe in Figure 2 that each improved
method yields superior performance compared to the vanilla
method. We integrate CIOP with these improved methods
during the training stage, and Figure 2 shows that adding
CIOP further boosts performance.

Method CIFAR 32×32 AFHQ-D 256×256
EDM 2.70 15.42
EDM + CIOP 2.59 13.84

Table 4: Comparison of FID on CIFAR and AFHQ-D.

Boost the Converged Models. As shown in Figure 3, the
model converges after 400K iterations on the AFHQ-D
dataset, and further training leads to performance degrada-
tion. However, we find that CIOP enhances the performance
of the converged model.
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Figure 6: FID scores concerning the number of training iterations on various datasets.

Different Sampler SiT (Vanilla) SiT + CIOP
FID↓ sFID↓ FID↓ sFID↓

ODE Sampler-150 6.94 15.98 6.58 15.96
SDE Sampler-150 6.93 16.69 6.31 16.68

Table 5: Comparison of different samplers on CelebAHQ.

Faster Training Speed of CIOP. Figures 6a, 6b and 6c
compare the FID scores versus training iterations. Our re-
sults show that CIOP not only produces higher-quality sam-
ples but also accelerates the training process.

Ablation Study of pδ Evlatution Metric
pδ: Probability of CIOP FID↓ sFID↓
Baseline 8.82 17.28
with pδ = 1 (NaiveCIOP) 8.93 18.86
with pδ = 0.9 6.83 16.02
with pδ = 0.8 6.60 15.81
with pδ = 0.6 6.78 16.04

Table 6: Ablation for injection probability on CelebAHQ.

Ablation Distribution Amplitude (Gaussian)

FID↓ sFID↓ δ2inj FID↓ sFID↓
Baseline 17.21 49.03 0.05 14.44 45.50
+ Gaussian 13.02 43.76 0.10 13.02 43.76
+ Uniform 14.46 45.27 0.20 19.22 53.28

Table 7: Ablation studies for injection distribution and injec-
tion amplitude on AFHQ-D.

Generalizability Analysis and Ablation Study
Effectiveness of CIOP Design. In Figure 4, we compare the
prediction abilities of CIOP and DDPM. The figure shows
that CIOP’s prediction error is smaller than DDPM’s in
the high SNR region, which is crucial for generation qual-
ity. This high SNR region corresponds to the image’s high-
frequency details (Choi et al. 2022), posing the most chal-
lenging prediction task (Kim et al. 2025). Although CIOP

slightly perturbs the model’s prediction target, its smooth-
ing mechanism brings the model’s predictions closer to the
Ground Truth (GT), thereby enhancing the model’s genera-
tive performance. Moreover, we input the noise data for re-
construction. As shown in Figure 5, the CIOP-reconstructed
image is more similar to the GT.
CIOP to More Diffusion Framework. We also integrated
the CIOP method with EDM and tested it on the different
datasets. We find that CIOP can enhance the EDM in Table
4. Moreover, we integrate CIOP with Flow Matching (Lip-
man et al. 2023) using the SiT architecture (Ma et al. 2024).
As shown in Table 5, CIOP enhances model performance
and demonstrates robustness to different samplers.
The Impact of BNI. In the CIOP, we introduce an addi-
tional perturbation parameter δ2inj , which controls the mag-
nitude of injected noise. Therefore, we experiment with dif-
ferent δ2inj parameters to verify its impact. The results are
shown in Table 7, we find that δ2inj = 0.10 achieve best
performance. Meanwhile, excessive δ2inj leads to degrada-
tion of model performance. In addition to Gaussian noise
injection, we experiment with the uniform distribution. The
experimental results in Table 7 indicate that other methods
also enhance model performance.
The Impact of pδ . Based on our stochastic design, we in-
troduce a parameter pδ to control the probability of noise
injection during training. We experiment with various val-
ues to assess its impact (Table 6). Our results indicate that
a noise injection probability of 80% yields the best perfor-
mance, while a higher probability may negatively affect the
model. We also show qualitative analysis in the Appendix.

Conclusion
In this paper, we propose CIOP to enhance the generation
quality of diffusion models. CIOP randomly applies BNI
during training and benefits a wide range of generative tasks.
Moreover, CIOP is compatible with various diffusion frame-
works and can be seamlessly integrated with other improved
designs. Another key contribution of our work is the theoret-
ical analysis of CIOP under a simple assumption, guarantee-
ing the effectiveness of the CIOP. Our experimental results
and theoretical analysis provide evidence for the effective-
ness and generalizability of CIOP.
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