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Abstract. Flow Matching (FM) has achieved remarkable generative
performance, yet it suffers from exposure bias due to discrepancies be-
tween training and inference. Existing mitigation strategies typically
rely on static constraints or external heuristics. In this work, we pro-
pose that exposure bias itself inherently contains dynamic signals that
can guide its own rectification. To leverage this, we introduce DEFAR
(DirEctional-Frequency Adaptive Rectification). This framework simu-
lates the single-step inference process during training to identify exposure
bias. It utilizes the directional and frequency adaptive feedback signals
within bias itself to enhance the bias tolerance of the model. It consists
of two key components: (1) Anti-Drift Rectification (ADR). ADR
treats inference-time drift as a signal to learn the direction to steer devi-
ated states back toward the target. ADR endows the model with intrin-
sic active self-rectification capabilities; (2) Frequency Compensation
(FC). Empirically, we observe that accumulated bias often stems from a
lack of low-frequency components in high-noise stages and exposure bias
carries the missing frequency information. FC leverages the bias itself as
a self-feedback weighting factor to reinforce the missing frequency com-
ponents. Experiments on CIFAR-10, CelebA-64, and ImageNet-256/512
show that DEFAR outperforms prior baselines and further demonstrates
favorable scalability, compatibility, and inference robustness. Code will
be made available in https://github.com/wuliwuliy/DEFAR.
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1 Introduction

Recently, Flow Matching (FM) [1,33,34] has emerged as a promising framework
for generative modeling. By modeling continuous-time flows, FM offers a more
direct and efficient training paradigm compared to traditional diffusion-based ap-
proaches [16,48,49]. Its strong empirical performance and theoretical simplicity
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have established FM as a foundational method across diverse generation tasks,
including image, video, and audio generation [4, 9, 20,25,31,38,51,54,59,69].

However, FM models remain inherently vulnerable to exposure bias, a fun-
damental challenge stemming from the discrepancies between training and in-
ference inputs. As illustrated in Fig. 1, during training, the model is conditioned
on perturbed input, namely a mixture of Gaussian noise and ground-truth data.
The model effectively learns to predict the vector field without predicted error
accumulation. In contrast, during multi-step inference, the model must exclu-
sively rely on its own previous predictions. This propagates and accumulates the
potential predicted error at each inference step. This forces the model to operate
in the unexplored data space compared to the training stage where its predic-
tive capability significantly degrades, ultimately leading to substantial deviation
from the target distribution.
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Fig. 1: Illustration of exposure bias in
Flow Matching. (i) During training, the
model is conditioned on perturbed inputs
sampled strictly along the ideal linear path
(blue arrows). (ii) During inference, the in-
put suffers from accumulated errors gen-
erated by previous steps, causing training-
inference mismatch (purple arrows).

While prior research has explored
this issue within the DDPM frame-
work [11, 27, 29, 40, 62], existing so-
lutions predominantly rely on static
alignment strategies or exogenous
noise injection. Some approaches in-
troduce inference-time regularization
without altering the training pro-
cess [27, 40, 62], while others attempt
to mitigate bias during training by
simulating potentially imperfect in-
ference. For instance, IP [41] injects
fixed perturbations into training in-
put data, and SS [7] directly re-
places perturbed samples with pre-
dicted samples. These methods gen-
erally enforce a static alignment with
the original ground truth or rely on
externally fixed noise augmentation to
improve robustness. Notably, [43] pro-
poses Multi-step Denoising Scheduled
Sampling (MDSS) and Single-step Denoising Scheduled Sampling (SDSS), which
focus on passively enhancing the model’s robustness to input deviations. By ex-
posing the model to perturbed states, MDSS encourages stability against accu-
mulated errors but generally enforces a fixed alignment target regardless of the
deviation’s severity. In this work, we advance beyond passive robustness to estab-
lish a dynamic correction mechanism. We empower the model to learn adaptive
correction signals that are modulated by the severity of exposure bias.

Specifically, we investigate the intrinsic properties of exposure bias from both
directional and frequency perspectives. First, we simulate the inference process
during training to expose drift. After inference, the exposure bias is inherently
carried in the inferred state. This simulation enables us to explicitly character-
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ize the deviation from the state to the target endpoint. Building on this, we
introduce a directional regularizer. This term acts as a steering force, guiding
the model to rectify the deviated state back towards the target endpoint. This
allows us to actively adjust the rectification magnitude according to the severity
of the exposure bias itself. Second, identifying that exposure bias stems from
prediction imperfection, we conduct a frequency analysis and observe a distinct
deficiency in low-frequency components during the early denoising outputs from
the model. Since these components encode critical structural information, their
absence exacerbates error propagation. To quantify this, we introduce two met-
rics: Predicted Frequency Ratio (PFR), which measures the ratio of low-to-high
frequency energy in prediction outputs, and Frequency Emphasis of Loss (FEL),
which evaluates the relative focus of the loss function on different frequency
bands. Intriguingly, we observe that exposure bias itself exhibits a complemen-
tary characteristic in relatively early high-noise timesteps: it naturally highlights
neglected low-frequency regions. This motivates us to use the bias as a dynamic
reweighting signal to mitigate itself.

Building on these insights, we propose DEFAR (DirEctional-Frequency
Adaptive Rectification), a flexible framework that leverages the dynamic nature
of exposure bias itself to adaptively rectify FM models. DEFAR comprises two
core components: (1) Anti-Drift Rectification (ADR): Functioning as a regular-
izer to the original training objective, ADR constructs a direction that explicitly
steers the model from the deviated state back towards the target data distribu-
tion, actively correcting the prediction drift based on the severity of exposure
bias itself. (2) Frequency Compensation (FC): Applied to the original training
objective, FC utilizes the exposure bias itself as a reweighting signal to enhance
the learning of missing low-frequency components via a negative feedback loop.
Our main contributions are summarized as follows:

– We propose Anti-Drift Rectification (ADR), a method that actively provides
directional correction, endowing flow matching with superior resistance to
bias compared to static alignment methods.

– We identify the connection between exposure bias and missing low-frequency
information, proposing Frequency Compensation (FC) to dynamically rein-
force structural learning by leveraging the bias signal itself.

– We integrate ADR and FC into a unified framework, DEFAR. Extensive
experiments on CIFAR-10, ImageNet-256/512, and CelebA-64 demonstrate
that DEFAR significantly outperforms existing baselines, while exhibiting
scalability, architectural compatibility, and inference robustness.

2 Related Work

Exposure Bias. Exposure bias arises from the mismatch between training
and inference inputs in sequential models [3, 42, 46, 55, 67, 68]. Among early ap-
proaches, DAD [53] combines ground truth and predicted tokens during training,
and SS [7] samples biased inputs to better approximate inference. In diffusion
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models, DDPM-IP [41] first formalizes exposure bias and perturbs training sam-
ples to simulate it. EP-DDPM [29] studies error propagation and introduces a
cumulative-error regularizer. AE-DDPM [65] mitigates exposure bias via prompt
learning, and MCDO [61] imposes manifold constraints. Inspired by distribution
adaptation methods [18,19,66], training-free techniques include a time-shift sam-
pler (TS-DDPM [27]), noise scaling (ES-DDPM [40]), training-distribution leak
signal exploitation [11] and frequency-domain analysis with wavelet-based reg-
ularization [62]. Among prior works, MDSS/SDSS [43] is most relevant to our
approach. It simulates multi- or single-step inference trajectories during training
but persists in aligning predictions with the static ground-truth target. Con-
sequently, this strategy merely bolsters the model’s passive robustness against
input perturbations, failing to equip it with the capability to actively rectify
accumulated errors. In contrast, we investigate the intrinsic signal properties of
exposure bias in Flow Matching and introduce a novel paradigm that leverages
the bias itself to drive active self-rectification.
Reweighting objectives for emphasizing informative signals. Several
works explore reweighting strategies in losses or objectives to emphasize salient
or informative signals, guiding models to focus on the most influential compo-
nents. In decomposable or multi-stage generation, Decomposable Flow Match-
ing [14] applies spatially varying masks to highlight critical regions on outputs.
In video generation, Proteus-ID [64] and MotiF [56] adopt motion-aware weight-
ing to prioritize frequently moving regions. MotionCharacter [12] emphasizes
motion-sensitive areas, while MOCA [5] models object consistency for 3D cam-
era control. Beyond spatial cues, frequency or modality modeling, representation
alignment, retrieval or ranking guidance, and reward signaling redirect learning
toward informative components [10,26,28,35,47,60].

3 Preliminaries

3.1 Flow Matching

We adopt the standard Flow Matching formulation [33], where time t ∈ [0, 1]
drives the flow from the source noise ϵϵϵ ∼ N (0, I) at t = 0 to the target data
x∗∼pdata(x) at t = 1. A sample at time t is constructed as

xt = atx∗ + btϵϵϵ, (1)

where at and bt are predefined schedules. The corresponding conditional velocity
is given by the time derivative of the path: vt = a′tx∗ + b′tϵϵϵ, where a′t =

dat

dt and
b′t = dbt

dt . FM trains a neural network vθ(x, t) to approximate this conditional
velocity by minimizing

LFM(θ) := Ex∗,ϵϵϵ,t

[∥∥vθ(xt, t)− (a′tx∗ + b′tϵϵϵ)
∥∥2] . (2)

This objective encourages the model to learn a time-dependent velocity field
that consistently transports the intermediate distribution towards the true data
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distribution. For instance, to ensure the flow follows Optimal Transport (OT),
we can employ the straight-line schedule at = t and bt = 1− t, which simplifies
the target velocity to a constant x∗ − ϵϵϵ along the linear path.

3.2 Fourier Frequency Analysis

The Fourier transform provides a way to represent spatial-domain signals in the
frequency domain, decomposing them into sinusoidal components of different
frequencies and amplitudes. Since the predicted velocity field v ∈ RH×W shares
a similar spatial structure with images, we can directly apply frequency-domain
analysis to it. The 2D Discrete Fourier Transform (DFT) of v is defined as:

V(u, v) =

H−1∑
x=0

W−1∑
y=0

v(x, y) e−i2π(ux
H + vy

W ), (3)

where (u, v) denotes the frequency coordinates, and i =
√
−1 is the imaginary

unit. The resulting V(u, v) consists of a real part R(V) and an imaginary part
I(V), from which the amplitude and phase spectra can be derived as:

|V(u, v)| =
√

R(V)2 + I(V)2,

∠V(u, v) = arctan

(
I(V)

R(V)

)
.

(4)

The inverse Fourier transform reconstructs the spatial-domain signal from
its frequency representation:

v(x, y) =
1

HW

H−1∑
u=0

W−1∑
v=0

V(u, v) ei2π(
ux
H + vy

W ). (5)

In practice, we adopt the Fast Fourier Transform (FFT) and its Inverse
(IFFT) for efficient computation.

3.3 Exposure Bias Problem Formulation

Exposure bias is a well-documented phenomenon in generative sequence mod-
eling [3, 42] and has been recently investigated within diffusion-based frame-
works [41, 43]. In the context of Flow Matching (FM), this issue manifests as
a critical discrepancy between the training and inference phases. Specifically,
during training, the model vθ(xt, t) relies on inputs xt derived from a linear in-
terpolation between the true data distribution x∗ and Gaussian noise ϵϵϵ (Eq. 1).
Conversely, during inference, the input x̂t is generated recursively from previous
predictions, inevitably accumulating errors. This mismatch induces a distribu-
tion drift between the training state vθ(xt, t) and the inference state vθ(x̂t, t),
which propagates through timesteps and progressively degrades sample quality.

To explicitly model this effect during the training phase, we simulate the
generation process to capture the resulting drift. As illustrated in Fig. 2, we
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Fig. 2: Overview of DEFAR. (a) Anti-Drift Rectification: Introduces a learning
target that actively guides the model from the drift-affected distribution back toward
the data distribution. (b) Frequency Compensation: Reweights the original ob-
jective using exposure bias as a negative-feedback signal to mitigate low-frequency
deficiency at relatively high-noise timesteps (e.g., t0). Together, DEFAR adaptively
rectifies exposure bias across both directional and frequency dimensions by leveraging
the bias signal itself.

incorporate a one-step inference simulation in the training loop. At time t0, given
the ideal perturbed input xt0 , the model predicts the velocity vθ(xt0 , t0). Due to
unavoidable prediction errors, the estimated velocity naturally deviates from the
ground-truth direction. Proceeding to the next timestep t1, the resulting state
is computed as:

x̂t0,t1 = xt0 + (t1 − t0) · vθ(xt0 , t0). (6)

This estimated state carries the prediction drift. Consequently, the subsequent
velocity vθ(x̂t0,t1 , t1) exacerbates the deviation from the previous step.

Based on this simulation, we operationalize exposure bias at a single timestep
to guide our training. We formulate the bias for any timestep interval t0, t1 as:

δδδt0,t1 = vθ(x̂t0,t1 , t1)− vθ(xt1 , t1). (7)

This formulation quantifies the variation in predicted velocity caused solely by
replacing the ideal input xt1 with the drift-affected input x̂t0,t1 , serving as a
tractable proxy for the actual inference discrepancy.

4 DirEctional-Frequency Adaptive Rectification

This section presents our method, DEFAR, a framework designed to adaptively
mitigate exposure bias by leveraging the intrinsic directional and frequency sig-
nals of the bias itself. As illustrated in Fig. 2, our approach comprises two core
components: Anti-Drift Rectification (ADR) and Frequency Compensation (FC),
detailed in Sec. 4.1 and Sec. 4.3 respectively, with Sec. 4.2 providing the met-
rics used for the subsequent frequency analysis. ADR operates in the directional
dimension, actively learning a restorative direction to steer drifted states back
toward the target endpoint based on the severity of the bias. In parallel, FC
functions in the frequency dimension, leveraging the frequency signature of the
bias as a self-feedback cue to adaptively compensate for deficient low-frequency
components during high-noise timesteps. By integrating them into the unified
DEFAR framework, these two mechanisms complement each other, bolstering
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the bias tolerance of the model to training-inference mismatch from both di-
rectional and frequency dimensions. The learning objective combines the two
mechanisms as follows:

L := β1LADR + β2LFC, (8)

where β1 and β2 are weighting coefficients for ADR and FC, respectively. LFC
represents the LFM reweighted by exposure bias signal. DEFAR thus offers an
effective solution to alleviate exposure bias by exploiting the informative signals
inherent in the bias itself. The training procedure is summarized in Algorithm 1.

4.1 Anti-Drift Rectification (ADR)

As formulated in Sec. 3.3, exposure bias emerges from the recursive accumulation
of prediction errors, integrating drift into x̂t0,t1 . When existing Flow Matching
frameworks process such biased states, they typically impose a static optimiza-
tion objective [43], which lacks sensitivity to the dynamically varying severities
of prediction drift. To empower the model with active resistance, we introduce
Anti-Drift Rectification (ADR), a mechanism that turns the exposure bias into
an endogenous control signal to mitigate itself.

Our fundamental motivation is grounded in the invariance of the target data
distribution. Regardless of the severity of the accumulated exposure bias, the
ground-truth endpoint x∗ remains deterministic. This invariance allows us to es-
tablish a dynamic anchor: the anti-drift target velocity vADR = a′t1x∗+b′t1 x̂t0,t1 .
This vector acts as a restorative trajectory, originating strictly from the cur-
rent biased state and guiding toward the target distribution. By leveraging this
anchor, the model is empowered to actively recognize the precise corrective di-
rection required to navigate back to the target manifold, adapting seamlessly to
varying degrees of exposure bias.

To enable the model to learn this rectifying direction, we introduce ADR as
a regularization term appended to the standard FM objective (which will be
further upgraded to our FC objective in Sec. 4.3). Notably, when no exposure
bias occurs, vADR naturally degenerates to align parallel to a′t1x∗ + b′t1ϵϵϵ. This
guarantees consistency with the original probability flow, ensuring that the reg-
ularization only actively penalizes trajectory drift without perturbing optimal
predictions. The ADR regularization term is formulated as follows:

LADR = Ex∗,x̂t0,t1
,t0,t1

[∥∥∥∥ vθ(x̂t0,t1 , t1)

∥vθ(x̂t0,t1 , t1)∥2
−

a′t1x∗ + b′t1 x̂t0,t1

∥a′t1x∗ + b′t1 x̂t0,t1∥2

∥∥∥∥2
]
. (9)

This design serves as a dynamic self-rectifying mechanism: the regularization
gradient is intrinsically proportional to the angle of deviation. As the exposure
bias exacerbates the drift, the angular discrepancy widens, automatically am-
plifying the rectification signal. Through this dynamic modulation, ADR forces
the model to actively learn a restorative direction, thereby alleviating sampling
error and dismantling the cycle of recursive error propagation, thus enabling the
model to leverage the exposure bias signal to mitigate the bias itself.
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4.2 Frequency Analysis Metrics

Recent studies [27,40,62] attribute exposure bias to the distributional mismatch
between training and inference predictions. While ADR effectively rectifies the
geometric direction of this drift, the internal structure of exposure bias, specif-
ically its frequency characteristics, remains underexplored. In this section, we
analyze this pixel-level frequency mismatch and propose a fine-grained compen-
sation strategy derived from the exposure bias itself.

Inspired by the frequency analyses in [32, 50], we introduce two metrics to
quantify the frequency distribution of velocity and loss for further analysis: the
Predicted Frequency Ratio (PFR), which measures the ratio of low-to-high fre-
quency energy in prediction, and Frequency Emphasis of Loss (FEL), which
evaluates the relative focus of the loss function on different frequency bands.

We first introduce the computation of PFR. Specifically, given the predicted
velocity v ∈ RH×W produced by the FM model, we perform a 2D FFT on it:

V(u, v) = FFT(v(i, j)). (10)

To investigate the proportion of low- and high-frequency bands, we apply
Low-Pass Filter (FLP ) and High-Pass Filter (FHP ) defined as:

FLP(u, v) = I [D(u, v) ≤ Dcutoff] , FHP(u, v) = 1− FLP(u, v), (11)

where D(u, v) =
√
u2 + v2 is the frequency magnitude and Dcutoff is the cutoff

frequency. We compute the energy ratio between the low- and high-frequency
components and define PFR as follows:

PFR :=

∑
u,v ||V(u, v)||2 · FLP(u, v)∑
u,v ||V(u, v)||2 · FHP(u, v)

. (12)

We then define the FEL. Here, we consider the target velocity map vtarget ∈
RH×W (typically the standard FM target velocity) and the MSE loss map
LLL ∈ RH×W . To compute it, we divide vtarget into high- and low-frequency
regions. The magnitude of the loss map LLL in each region reflects the relative
emphasis of loss. Thus, we separately sum the loss values within the low- and
high-frequency regions to quantify how the loss distributes its emphasis across
different frequency components. This metric further serves as an indicator of the
capability of loss to compensate for frequency discrepancies.

We first apply Eq. 10 and 11 to perform the FFT of vtarget and compute the
corresponding low- and high-frequency masks in the frequency domain. These
masks are then used to separate vtarget into its low- and high-frequency com-
ponents, which are subsequently transformed back to the spatial domain via
IFFT. Finally, we compute the salient low- and high-frequency region masks in
the spatial domain by thresholding the corresponding values according to their
percentile distributions.

vlow = IFFT(V · FLP), vhigh = IFFT(V · FHP),

MLFR(i, j) = I
[
vlow > p(vlow)

]
, MHFR(i, j) = I

[
vhigh > p(vhigh)

]
,

(13)
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(c) Exposure Bias Emphasis at high-noise timestep (d) Relative improvement in FEL(a) PFR of Model Prediction

Motivation Implementation

(b) PFR of Exposure Bias 

Fig. 3: Motivation and Verification of FC. (a) illustrates frequency trends de-
rived from forward-perturbed inputs, while (b) reveals contrasting trends using inputs
generated via single-step inference. In (b), for any starting timestep t0, the exposure
bias PFR is averaged over all subsequent sampled timesteps t1 ∈ (t0, 1], capturing
the cumulative impact across varying inference intervals. (c) visualizes the heatmap of
exposure bias at high-noise timesteps, focusing on low-frequency semantics. (d) shows
that the reweighted loss effectively emphasizes low-frequency regions during high-noise
timesteps. The continuous time horizon [0, 1] is discretized into 50 uniform timesteps.
The metrics are averaged across 50, 000 samples from ImageNet-256 on SiT-B/4.

where p(·) denotes a percentile threshold function, vlow and vhigh represent the
low- and high-frequency components of vtarget. The resulting masks, MLFR and
MHFR, indicate the low- and high-frequency region masks, respectively. Finally,
we compute FEL as follows:

FEL :=

∑
L̃LL ·MLFR∑
L̃LL ·MHFR

, where L̃LL
(i,j)

=
LLL(i,j)∑H

i=1

∑W
j=1LLL(i,j)

. (14)

The trend of FEL reveals how the loss distributes attention across low- and
high-frequency regions during training.

4.3 Frequency Compensation (FC)

Leveraging the PFR metric proposed in Sec. 4.2, we analyze the forward per-
turbation process and identify that prediction drift is primarily attributed to a
frequency deficiency, which subsequently induces exposure bias.
Exposure bias intrinsically compensates for the low-frequency defi-
ciency during high-noise timesteps. As visualized in Fig. 3 (a), the model
prediction exhibits a distinct frequency shift over time. During the early high-
noise steps (t → 0), the prediction is characterized by a lack of low-frequency con-
tent (indicated by low PFR values) compared to the target vtarget. Conversely,
Fig. 3 (b) reveals that the exposure bias follows an inverse trend, exhibiting
high PFR values in this phase. This uncovers a complementary relationship: the
exposure bias encapsulates the low-frequency structural components that the
model inherently struggles to capture initially.
Exposure bias serves as a dynamic and self-decaying corrective signal.
When approaching low-noise (t → 1), the model progressively reconstructs suffi-
cient low-frequency content. Concurrently, the low-frequency dominance within
the exposure bias autonomously diminishes. This prevents excessive structural
compensation, transforming the exposure bias from a static error into a dynam-
ically weighted variable for self-correction.
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Algorithm 1 DEFAR: Training
1: Input: model f to predict velocity with parameters θ, dataset D, learning rate η,

ADR loss weight β1, FC loss weight β2, normalization coefficient α, path interpo-
lation coefficients at, bt (with derivatives a′

t, b
′
t) and stability constant ξ.

2: While θ not converged do
3: ϵϵϵ∼N (0, I), x∗∼D, t0, t1 ∈ [0, 1], and t1 > t0
4: xt0 ← t0x∗ + (1− t0)ϵϵϵ, xt1 ← t1x∗ + (1− t1)ϵϵϵ
5: vt0 ← fθ(xt0 , t0),vt1 ← StopGradient(fθ(xt1 , t1))
6: x̂t0,t1 ← xt0 + (t1 − t0)vt0 // Single-step inference simulation
7: v̂t0,t1 ← fθ(x̂t0,t1 , t1)
8: vADR ← a′

t1x∗ + b′t1 x̂t0,t1 // ADR target velocity

9: LADR ← E
[∥∥∥ v̂t0,t1

∥v̂t0,t1
∥2
− vADR

∥vADR∥2

∥∥∥2
]

// ADR regularization loss

10: δδδt0,t1 ← v̂t0,t1 − vt1

11: W
(i,j)
t0,t1

← 1 + α
∥δδδ(i,j)t0,t1

∥2∑H
i=1

∑W
j=1 ∥δδδ(i,j)t0,t1

∥2+ξ
// Spatial frequency weights

12: LFC ← E
[∥∥Wt0,t1 ·

(
vt0 − (a′

t0x∗ + b′t0ϵϵϵ)
)∥∥2

]
// FC-reweighted FM loss

13: L ← β1LADR + β2LFC

14: θ ← θ − η∇θL

The low-frequency content of exposure bias is semantically grounded
in the target data. To verify that this complementary signal is not noise, we
visualize the spatial distribution of the exposure bias in Fig. 3 (c). The heatmaps
confirm that during the high-noise timesteps, the bias is concentrated on the low-
frequency structural regions of the original images (More samples in Appendix).

These observations motivate our core insight: the dynamic frequency signa-
tures of exposure bias constitute an endogenous feedback loop. This empowers
the model to rectify low-frequency deficiencies using the bias signal, thereby
reducing prediction errors and ultimately mitigating the bias itself.

Inspired by [12, 47, 56, 64], which demonstrate that reweighting the loss can
enhance saliency alignment, we design a negative-feedback weight mask for the
original loss based on exposure bias. The weight is formally defined as:

W
(i,j)
t0,t1 = 1 + α

∥δδδ(i,j)t0,t1∥
2∑H

i=1

∑W
j=1 ∥δδδ

(i,j)
t0,t1∥2 + ξ

, (15)

where α is a scaling coefficient, and ξ is a small constant introduced to ensure
numerical stability. We then reweight the FM learning objective as follows:

LFC := Ex∗, ϵϵϵ,t0,t1

[∥∥Wt0,t1 ·
(
vθ(xt0 , t0)− (a′t0x∗ + b′t0ϵϵϵ)

)∥∥2] . (16)

This weighting strategy adaptively adjusts the loss distribution according to
the exposure bias, emphasizing the missing frequency components.
Exposure bias reweighting prioritizes low-frequency learning during
high-noise timesteps. To quantitatively evaluate the impact of LFC, we ana-
lyze the FEL. Prior studies [2,17,22,30,37,58,70] indicate that the early genera-
tion phase, especially high-noise timesteps, is critical for establishing the global
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structure of generated samples, which directly influences the final generation
quality. Consistent with these findings, as illustrated in Fig. 3 (d), the exposure-
bias-reweighted loss exhibits a relative increase over the raw baseline, directing
the learning focus toward low-frequency components during the high-noise phase
(t → 0). By utilizing the bias signal to compensate for frequency deficiencies,
FC translates the exposure bias into a corrective signal, thereby leveraging the
bias to mitigate its underlying cause.

5 Experiments

5.1 Experiment Setting

Main Implementation. We evaluate our methods on conditional image gener-
ation tasks on ImageNet-256/512 [6] and CIFAR-10 [23], as well as unconditional
tasks on CIFAR-10 and CelebA-64 [36]. Following prior works [13, 41], we gen-
erate 50K samples using 50 Number of Function Evaluations (NFE). CIFAR-10
and CelebA-64 are processed in pixel space, while ImageNet-256 is encoded in
the latent space of a pre-trained VAE-ft-EMA tokenizer [44]. All models are
trained from scratch on Ascend 910B NPUs, except that REPA, DDT and OT-
CFM experiments are conducted on A100 GPUs. Based on grid search results
(detailed in Appendix), we set β1 = 10, β2 = 1 and α = 1 in all experiments.
During training, all variants of our methods randomly select a pair of timesteps
(t0, t1) with t1 > t0 in each iteration. For ablation studies, we adopt SiT-B/4 as
the default backbone and at = t, bt = 1−t unless stated otherwise. For Discrimi-
nator Guidance (DG), we follow [21] and train a shallow U-Net discriminator for
the SiT-B/4 score model with an ADM classifier. For mini-batch OT coupling,
we follow [52] and report five-seed statistics. More details in Appendix.
Evaluation Metrics. We report the training budget in NPU/GPU hours (GPU
for REPA, DDT, and mini-batch OT coupling experiments), denoted as “Hour”.
We follow [8] for the computation of all evaluation metrics. Fréchet Inception
Distance (FID) [15] is reported as our primary metric, alongside sFID [39], In-
ception Score (IS) [45], Precision and Recall [24]. Following prior works [8,27,43],
we utilize the full training sets of CIFAR-10 and CelebA-64, and the standard
testset of ImageNet, as our reference distributions. Details in Appendix.
Frequency Analysis Details. To maximize the separation between low- and
high-frequency regions, the cutoff frequency is set to min(H,W )//8 in Eq. 11,
with 20% and 25% thresholds respectively in Eq. 13.
Baselines. We compare our method with four baselines: SiT [38], IP [41],
SDSS [43], and MDSS [43]. For IP, SDSS, and MDSS, which were originally
developed under the DDPM framework, we adapt their core ideas to the flow
matching setting. Specifically, IP perturbs the input with additional noise to
simulate inference, SDSS aligns predictions with the static target during single-
step inference in training, and MDSS performs multi-step inference (we use 4
steps as reported to achieve the best performance [43]). We further evaluate two
complementary exposure-bias mitigation paradigms. DG [21] corrects generated
states at inference time with an external classifier and discriminator. Mini-batch
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Table 1: Quantitative comparison on conditional datasets. Class-conditional
(without/with CFG following SiT [38]) generation on ImageNet-256 and CIFAR-10.
All entries are reported using 50 sampling steps (NFE). Red highlights improvements
by our method, and green indicates degradations compared to gray baseline. Under a
comparable cost (e.g., 144h vs. 166h on ImageNet), DEFAR outperforms the baselines.

Method Backbone Params
ImageNet-256 (conditional) CIFAR-10 (conditional)

Iters Hour FID↓ sFID↓ IS↑ Pre.↑ Rec.↑ Iters Hour FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

SiT (original) [38] SiT-B/4 131M 500k 166 61.64/31.64 12.20/8.44 24.67/55.65 0.387/0.542 0.581/0.524 250k 11 14.09/9.36 6.28/5.73 8.22/8.90 0.617/0.676 0.538/0.500
+0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0 +0.0/+0.0

IP [41] SiT-B/4 131M 500k 166 60.45/29.84 12.49/8.80 26.05/60.20 0.404/0.563 0.578/0.523 250k 11 13.63/8.76 6.43/5.58 8.18/8.97 0.624/0.685 0.539/0.500
SDSS [43] SiT-B/4 131M 500k 228 61.25/30.29 13.23/8.95 25.81/58.69 0.387/0.549 0.588/0.534 250k 15 13.27/8.27 5.97/5.41 8.21/8.91 0.612/0.679 0.550/0.506
MDSS (4steps) [43] SiT-B/4 131M 500k 228 63.66/31.90 14.38/10.05 24.72/56.89 0.382/0.544 0.583/0.527 250k 15 12.73/8.45 6.29/5.93 8.25/9.06 0.631/0.689 0.529/0.484

DEFAR w/o FC SiT-B/4 131M 500k 228 59.77/29.69 12.77/9.00 25.81/59.25 0.377/0.539 0.598/0.549 200k 12 11.61/7.62 6.07/6.21 8.30/9.05 0.599/0.669 0.556/0.507
DEFAR w/o ADR SiT-B/4 131M 500k 289 57.17/28.71 10.65/8.25 26.55/60.43 0.398/0.557 0.590/0.532 200k 16 11.25/7.53 5.71/5.53 8.30/9.10 0.601/0.677 0.557/0.506
DEFAR SiT-B/4 131M 250k 144 60.40/29.81 9.05/7.35 26.21/58.81 0.375/0.531 0.586/0.532 120k 10 12.01/7.73 5.46/5.13 8.27/9.01 0.605/0.667 0.555/0.514

-1.24/ -1.83 -3.15/ -1.09 +1.54/+3.16 -0.012/-0.011 +0.005/+0.008 -2.08/-1.63 -0.82/-0.60 +0.05/+0.11 -0.012/-0.009 +0.017/+0.014
DEFAR SiT-B/4 131M 500k 289 56.39/28.34 9.50/7.84 26.62/58.94 0.386/0.551 0.594/0.524 180k 15 11.22/7.56 5.32/5.21 8.31/9.06 0.618/0.682 0.553/0.500

Table 2: Unconditional generation and complementary mitigation strate-
gies. Left: Quantitative results on unconditional CIFAR-10 and CelebA-64 (50 NFE),
where DEFAR (120k) surpasses baselines under a comparable training budget. Right:
Complementarity with two exposure-bias mitigation paradigms, DG on conditional
ImageNet-256 and mini-batch OT coupling on unconditional CIFAR-10.

Method Backbone Params Iters
CIFAR-10 CelebA-64

Hour FID↓ sFID↓ IS↑ Pre.↑ Rec.↑ Hour FID↓ sFID↓ IS↑ Pre.↑ Rec.↑
SiT (original) [38] SiT-B/4 131M 250k 12 17.41 6.19 7.82 0.586 0.539 36 7.04 6.88 2.76 0.626 0.521

+0.0 +0.0 +0.0 +0.0 +0.0 +0.0 +0.0 +0.0 +0.0 +0.0
IP [41] SiT-B/4 131M 250k 12 15.95 6.65 7.97 0.583 0.556 36 5.93 6.57 2.72 0.640 0.543
SDSS [43] SiT-B/4 131M 250k 17 16.02 6.37 7.70 0.590 0.542 60 6.12 8.01 2.71 0.671 0.476
MDSS(4steps) [43] SiT-B/4 131M 250k 17 16.10 6.59 7.91 0.594 0.547 60 6.10 8.29 2.91 0.623 0.527

DEFAR w/o FC SiT-B/4 131M 250k 17 15.92 6.45 7.83 0.585 0.554 60 6.83 6.47 2.67 0.676 0.498
DEFAR w/o ADR SiT-B/4 131M 250k 23 15.99 5.99 8.07 0.580 0.562 80 4.96 6.26 2.94 0.641 0.541
DEFAR SiT-B/4 131M 120k 11 15.93 5.99 7.86 0.567 0.567 36 5.91 6.13 2.77 0.634 0.521

-1.48 -0.20 +0.04 -0.019 +0.028 -1.13 -0.75 +0.01 +0.008 +0.000
DEFAR SiT-B/4 131M 250k 23 14.82 5.88 7.79 0.570 0.563 80 4.53 6.41 2.92 0.629 0.551

Discriminator guidance [21] (conditional ImageNet-256 with SiT-B/4):
Method Cls./Disc. FID↓ sFID↓ IS↑ Pre.↑ Rec.↑ ∆FID ∆IS
SiT - 61.64 12.20 24.67 0.387 0.581 +0.00 +0.00
DEFAR - 60.40 9.05 26.21 0.375 0.586 -1.24 +1.54
SiT-G++ ADM/U-Netshallow 60.92 11.10 25.08 0.388 0.579 -0.72 +0.41
DEFAR-G++ ADM/U-Netshallow 59.03 8.84 26.49 0.374 0.590 -2.61 +1.82
Mini-batch OT coupling [52] (unconditional CIFAR-10):
Method Backbone Hour Iters FID100 ↓ FID1000 ↓ Avg. FID↓ ∆Avg. FID
OT-FM U-Net 20 400k 4.643±0.035 3.824±0.037 4.233±0.027 +0.000±0.000
OT-FM + DEFAR U-Net 20 200k 4.397±0.029 3.716±0.017 4.056±0.018 -0.177±0.023
OT-CFM U-Net 20 400k 4.446±0.037 3.744±0.029 4.095±0.022 -0.138±0.033
OT-CFM + DEFAR U-Net 20 200k 4.260±0.047 3.660±0.037 3.960±0.034 -0.273±0.029

OT coupling (OT-CFM) [52] changes the noise-data coupling during training to
reduce transport-path variance. These two paradigms allow us to test whether
DEFAR remains effective when exposure bias is also mitigated by inference-time
correction or coupling-based path straightening.

5.2 Quantitative Experiments

To account for differences in computational environments, we reproduce the
key baselines and report the results in Tab. 1 and Tab. 2. We highlight five
primary findings: (i) Under comparable training budgets, DEFAR consistently
improves upon the SiT baseline, reducing FID by 1.24/1.83 on ImageNet-
256 without/with Classifier-Free Guidance (CFG), 2.08/1.63 on conditional
CIFAR-10, and 1.48 and 1.13 on unconditional CIFAR-10 and CelebA-64, re-
spectively. This confirms its effectiveness in enhancing generation quality. (ii)
ADR outperforms MDSS and SDSS [43]. Unlike these baselines, which rely on
static alignment targets, ADR learns an active anti-drift target, validating the
advantage of dynamic directional rectification. (iii) Both ADR and FC inde-
pendently yield performance gains, while their integration within the unified
DEFAR framework achieves better results. (iv) While prior methods passively
mitigate exposure bias via fixed input perturbation (IP) or static target align-
ment (SDSS, MDSS), DEFAR actively rectifies prediction drift and compen-
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Fig. 4: Qualitative Comparison. DEFAR produces the most realistic samples on
ImageNet-256 and CelebA-64. Red boxes highlight the blurriness or distorted details.

sates for deficient frequency components, achieving consistent empirical gains
over these approaches. (v) In Tab. 2 (right), the DG and mini-batch OT com-
parisons further verify complementarity. For DG, DEFAR improves FID by 0.52
over DG alone, and combining DEFAR with DG reduces FID by 1.89, suggest-
ing that DEFAR strengthens the base model during training while DG provides
complementary inference-time guidance. For mini-batch OT coupling, combining
DEFAR with OT-CFM achieves the best Avg. FID 3.960±0.034, outperforming
OT-CFM alone by 0.135 and DEFAR alone by 0.096 in terms of the mean value.
This suggests that OT-CFM reduces the transport-path difficulty and thereby
provides a better basis for DEFAR to perform accurate fine-grained rectification
according to the magnitude of exposure bias, leading to further gains.

5.3 Qualitative Experiments

All methods use the same random seed and 50 NFE for a fair comparison.
As shown in Fig. 4, baselines exhibit two clear visual artifacts: (i) Rows 1, 2,
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Table 3: Scalability of DEFAR on ImageNet-256. 50-NFE generation (with-
out/with CFG). DEFAR consistently outperforms SiT across different scales.

Method Backbone Params Iters Hour
ImageNet-256

FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

SiT [38] SiT-B/4 131M 500k 166 61.64/31.64 12.20/8.44 24.67/55.65 0.387/0.542 0.581/0.524
DEFAR SiT-B/4 131M 250k 144 60.40/29.81 9.05/7.35 26.21/58.81 0.375/0.531 0.586/0.532

-1.24/-1.83 -3.15/-1.09 +1.54/+3.16 -0.012/-0.011 +0.005/+0.008
DEFAR SiT-B/4 131M 500k 289 56.39/28.34 9.50/7.84 26.62/58.94 0.386/0.551 0.594/0.524

SiT [38] SiT-M/2 308M 700k 311 30.57/8.23 10.90/6.13 58.66/154.71 0.547/0.750 0.654/0.531
DEFAR SiT-M/2 308M 350k 330 29.46/7.85 5.60/4.64 59.01/156.27 0.549/0.751 0.639/0.518

-1.11/-0.38 -5.30/-1.49 +0.35/+1.56 +0.002/+0.001 -0.015/-0.013
DEFAR SiT-M/2 308M 700k 661 27.58/7.30 7.35/4.96 62.09/159.76 0.546/0.752 0.658/0.531

SiT [38] SiT-XL/2 675M 700k 2260 25.85/5.88 7.63/4.73 68.93/183.58 0.570/0.762 0.659/0.541
DEFAR SiT-XL/2 675M 350k 2300 24.93/5.74 5.71/4.71 71.63/188.75 0.580/0.775 0.651/0.532

-0.92/-0.14 -1.92/-0.02 +2.70/+5.17 +0.010/+0.013 -0.008/-0.009
DEFAR SiT-XL/2 675M 700k 4640 18.45/4.14 6.34/4.95 77.80/199.59 0.621/0.810 0.644/0.529

Table 4: Architectural compatibility and sampling robustness. Left: Integra-
tion into REPA and DDT. 250-NFE generation under CFG, with and without DEFAR.
Models are fine-tuned on ImageNet-512 from official ImageNet-256 checkpoints. Right:
Generation across varying NFEs without CFG on ImageNet-256.

Model Params Iters Hour
ImageNet-512

FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

REPA-XL/2 [63] 675M 100k 400 3.99 11.76 248.60 0.796 0.595
+ DEFAR 675M 45k 410 3.46 9.12 255.26 0.798 0.582

-0.53 -2.64 +6.66 +0.002 -0.013

DDT-XL/2 [57] 675M 100k 570 1.90 4.33 281.25 0.793 0.601
+ DEFAR 675M 45k 580 1.82 4.21 285.42 0.799 0.596

-0.08 -0.12 +4.17 +0.006 -0.005

Steps
SiT IP SDSS MDSS DEFAR(250k) DEFAR(500k)

FID↓ IS↑ FID↓ IS↑ FID↓ IS↑ FID↓ IS↑ FID↓ IS↑ FID↓ IS↑

30 63.63 24.70 61.25 26.21 63.41 25.80 65.93 24.78 61.12 25.62 57.20 25.84

50 61.64 24.67 60.45 26.05 61.25 25.81 63.66 24.72 60.40 26.21 56.39 26.62

100 60.42 24.48 58.26 26.01 59.92 25.78 61.33 24.64 58.11 26.09 55.89 26.51

250 59.84 24.30 57.75 25.83 59.23 25.64 61.33 24.48 57.56 25.91 55.66 26.33

500 59.70 24.24 57.58 25.76 59.06 25.56 61.10 24.41 57.32 25.79 55.60 26.30

and 5 exhibit severe structural disintegration and missing details. (ii) Rows 3,
4, and 6 show blurred object-background boundaries. These issues arise from
the exposure bias accumulating during high-noise timesteps, causing confusion
between the primary object and the surrounding context. In contrast, DEFAR
generates images with more coherent structures and consistent textures.

6 Discussion

In this section, we conduct a multifaceted evaluation of DEFAR, assessing its
scalability across model sizes, frequency restoration capability, and generalizabil-
ity to diverse architectures and inference configurations.
Scalability across Model Sizes. Tab. 3 reports FID alongside four metrics
of DEFAR across different model scales (B/4, M/2 and XL/2). DEFAR consis-
tently outperforms the SiT models and exhibits scalability in generative quality.
Frequency Restoration Analysis. As shown in Fig. 5, we compare the PFR
of predicted velocities between DEFAR and the SiT baseline when given forward-
perturbed inputs. DEFAR effectively recovers low-frequency components during
high-noise timesteps, alleviating the low-frequency deficiency.
Universality across Architectures. We integrate our method into two strong
and distinct diffusion transformers: REPA [63] (featuring representation align-
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Fig. 5: Low-frequency Restora-
tion. After comparable training,
DEFAR can compensate for miss-
ing low-frequency components dur-
ing high-noise timesteps (Red box).

Table 5: Generalization across path inter-
polants and sampling methods. FID on un-
conditional CIFAR-10.

Interpolant Model Hour ODE SDE

Linear SiT-B/4 12 17.41 16.81
Linear DEFAR-B/4 11 15.93 15.31

SBDM-VP SiT-B/4 12 19.89 18.89
SBDM-VP DEFAR-B/4 11 18.33 17.35

GVP SiT-B/4 12 17.31 16.42
GVP DEFAR-B/4 11 15.84 14.91

ment) and DDT [57] (featuring structural decoupling). We fine-tune their de-
fault REPA-XL/2 and DDT-XL/2 backbones on ImageNet-512 from the official
ImageNet-256 pre-trained checkpoints. This demonstrates that our method is
compatible with these advanced paradigms. As shown in Tab. 4 (left), under a
comparable training budget, our approach achieves superior performance.
Adaptability to Path Interpolants and Sampling Methods. As shown in
Tab. 5, we examine three interpolant types: Linear, SBDM-VP, and GVP [38].
The results indicate that DEFAR is adaptable to the choice of the forward pro-
cess. Under both Ordinary Differential Equation (ODE) and Stochastic Differ-
ential Equation (SDE) sampling methods, DEFAR yields performance gains.
Robustness to Inference Steps. Potential prediction bias can accumulate
during inference. Increasing inference steps often amplifies exposure bias. To
assess this effect, we evaluate all methods under various step settings. DEFAR
consistently achieves the lowest FID across nearly all settings, maintaining stable
performance as the sampling step increases in Tab. 4 (right).

7 Conclusion

This work introduces DEFAR, a framework designed to adaptively mitigate ex-
posure bias by exploiting its intrinsic properties rather than relying on passive
robustness. We demonstrate that exposure bias serves as a valuable signal, pro-
viding both directional guidance and frequency weighting cues. By integrating
Anti-Drift Rectification (ADR) and Frequency Compensation (FC), DEFAR em-
powers the model to perform dynamic self-rectification based on its own devia-
tions. Extensive experiments verify the superior performance, scalability, com-
patibility, and inference robustness of DEFAR across various benchmarks.
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