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Abstract

Rectified Flow offers a simple and effective approach to
high-quality generative modeling by learning a velocity
field. However, we identify a limitation in directly mod-
eling the velocity with an unconstrained neural network:
the learned velocity often fails to satisfy certain boundary
conditions, leading to inaccurate velocity field estimations
that deviate from the desired ODE. This issue is particularly
critical during stochastic sampling at inference, as the score
function’s errors are amplified near the boundary. To mit-
igate this, we propose a Boundary-enforced Rectified Flow
Model (Boundary RF Model), in which we enforce bound-
ary conditions with a minimal code modification. Boundary
RF Model improves performance over vanilla RF model,
demonstrating 8.01% improvement in FID score on Ima-
geNet using ODE sampling and 8.98% improvement using
SDE sampling.

1. Introduction
Diffusion models have achieved significant success as a
powerful class of generative models, demonstrating impres-
sive results across various domains [12, 37, 38]. More re-
cently, flow-based generative models have emerged as a
compelling alternative for generative modeling [1, 10, 21,
25]. Within this family of flow-based models, Rectified
Flow (RF) [23, 25], also known as Flow Matching [1, 21]
stands out by formulating generative modeling as solving
an Ordinary Differential Equation (ODE) that transforms a
noise distribution into the target data distribution.

The core of RF lies in learning a velocity field that gov-
erns this continuous transformation. This is achieved by
modeling a linear interpolation between the noise and data
distributions along the defined trajectory. During inference,
novel data samples are synthesized through numerical inte-
gration of this learned ODE, taking advantage of the pow-
erful generalization capabilities of deep neural networks
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Figure 1. Boundary condition violation in Rectified Flow: pre-
dicted vs. expected velocity. Vanilla Rectified Flow model learns
a velocity field v(x, t) to transform noise (left, t = 0) into data
(right, t = 1). Ideally, this learned velocity field should satisfy
defined boundary condition (top). However, as visualized, the pre-
dicted velocity at t = 1 (bottom) deviates from the expected data
distribution and violate the right boundary condition v(x, t) = x.
This highlights a critical practical limitation of vanilla RF model.
Please refer to Appendix A.2 for more examples.

in high-dimensional spaces. Recent advances have show-
cased the remarkable scalability of RF in complex gener-
ation tasks, including text-to-image and video generation,
yielding compelling results [7, 18, 31]. Furthermore, the
inherent property of RF to encourage straighter trajectories
enables efficient numerical discretization, such as with Eu-
ler samplers, leading to accelerated sampling speeds – a cru-
cial advantage for practical deployment.

Despite these advances, we observe a critical limitation
when training RF models in practice: the learned velocity
field often exhibits suboptimal behavior, particularly in vi-
olating a set of theoretically derived boundaries as shown
in Figure 1 (upper panel). For example, it is theoretically
expected that the velocity field reduces to the identity map
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when applied to the clean images (t = 1), as shown Fig-
ure 1 (lower panel). Notably, this challenge persists even
in large-scale text-to-image applications, where vanilla RF
model often struggles to accurately satisfy the theoretical
boundary conditions as we demonstrated in Appendix A.2.

This inaccurate velocity field estimation is particularly
problematic in stochastic RF sampling, where the added
Langevin dynamics term, containing a score estimation
component, can diverge near the terminal time (t = 1), re-
sulting in over-smoothed or cartoonish samples [14].

To address these limitations, we propose Boundary-
enforced Rectified Flow Model (Boundary RF Model), a
novel approach designed to explicitly enforce the bound-
ary velocities by incorporating constraints and informed pa-
rameterizations. Our method effectively rectifies the ter-
minal behavior of the velocity field, ensuring adherence to
boundary conditions, while preserving the representational
power of state-of-the-art architectures like U-Net and Dif-
fusion Transformers [29]. Moreover, Boundary RF Model
provides a simple and readily implementable parameteri-
zation that enforces boundary conditions, easily integrable
with existing Rectified Flow models.

To validate the efficacy of Boundary RF Model, we con-
duct a comprehensive ablation study on image generation
tasks. Our empirical evaluations demonstrate that Bound-
ary RF Model and its variants, Subtraction-based Bound-
ary RF Model, consistently enhance both deterministic and
stochastic sampling performance. For instance, in Ima-
geNet experiment, Boundary RF Model achieves a Fréchet
Inception Distance (FID) of 6.32, outperforming the Recti-
fied Flow baseline which yields an FID of 6.87. Moreover,
by explicitly imposing the boundary conditions, Boundary
RF Model also contribute to a more stable score function
near t = 1, further contributing to performance gains of
stochastic samplers. In summary, Boundary RF Model of-
fers three primary advantages:
• Easy to Implement and Adapt: Boundary RF Model

is straightforward to implement and integrates easily into
existing Rectified Flow models, offering both mask-based
and subtraction-based model variants for flexibility.

• Improved Generation Quality: Boundary RF Model
consistently enhances image generation quality compared
to vanilla RF model.

• Stable Stochastic Sampling: By enforcing boundary
conditions, Boundary RF Model stabilizes the score func-
tion, leading to improved and more robust stochastic sam-
pling results.

2. Background
This section provides a concise introduction to Rectified
Flow (RF) [23]. RF aims to construct an efficient transport
mapping from a simple noise distribution π0 to a complex
data distribution π1. This framework is related to, but con-

ceptually simpler than, diffusion-based or score-based ap-
proaches [12, 37, 38], as it learns an ODE with a velocity
field that matches a prescribed interpolation slope.

Formally, let X0 ∼ π0 denote noise samples (e.g.,
from a standard Gaussian) and X1 ∼ π1 denote data sam-
ples. Suppose we are given a coupling (X0, X1) drawn
independently from their respective distributions. Recti-
fied Flow first specifies an interpolation process Xt =
It(X0, X1), t ∈ [0, 1], that smoothly connects X0 and
X1. A common choice is the straight-line interpolation
Xt = tX1 + (1 − t)X0 [1, 10, 21, 25], although differ-
ent affine interpolations introduce essentially equivalent RF
[9, 35? ]. Note that we cannot directly generate data sam-
ples from the interpolation process itself, because sampling
Xt depends on knowing X1. To make the procedure causal,
RF then Rectify this interpolation process into an ODE
process of the form

dZt = vt(Zt) dt, starting from Z0 ∼ π0, (1)

by learning a velocity field v(x, t) : Rd × [0, 1] %→ Rd. The
ideal velocity v∗

t at each point x and time t is the conditional
expectation of the interpolation slope:

v∗
t (x) = E

[
Ẋt

∣∣ Xt = x
]
, (2)

where Ẋt denotes the derivative dXt/dt. In practice, v is
parameterized by a neural network and is learned by min-
imizing the mean-squared error between v(Xt, t) and the
slope of Xt:

min
v

∫ 1

0
E(X0,X1)∼π0×π1

[
ηt‖v(Xt, t) − Ẋt‖2

]
dt (3)

where ηt is a time-dependent weighting factor. Upon con-
vergence, the learned ODE trajectories {Zt} share the same
marginal distribution as {Xt} at each time t [25]. Conse-
quently, Z1 should match the target distribution π1. In prac-
tice, starting from Z0 = X0, we can numerically integrate
this ODE forward to obtain Z1, which serves as generated
samples from π1.

In practice, the objective function in Equation (3) is typ-
ically optimized using stochastic gradient descent. A com-
mon strategy is to sample time t from a uniform distribu-
tion over [0, 1] or employ a re-weighted sampling scheme
such as the logit-normal distribution [7]. With these ap-
proaches, time points are sampled independently for each
training batch, and the expectation in Equation (3) is ap-
proximated by averaging over these sampled time points
and data pairs (X0, X1). However, such uniform or re-
weighted sampling strategies may not explicitly emphasize
the boundaries of the flow, i.e., t ≈ 0 and t ≈ 1. Conse-
quently, the learned velocity field might be less accurate at
these crucial boundary regions, potentially contributing to

18178



the observed challenges in satisfying the theoretical bound-
ary conditions in practical RF models.

Euler Sampler A standard way to solve RF ODE (1) is
via the explicit Euler method. Let 0 = t0 < t1 < · · · <
tN = 1 be N timesteps in the interval [0, 1]. The discretized
trajectory {Z̃tk } evolves according to

Z̃tk+1 = Z̃tk +
(
tk+1 − tk

)
v

(
Z̃tk , tk

)
, Z̃0 ∼ π0,

Stochastic Samplers When an ODE is solved numerically

(e.g., via Euler), both model approximation and discrete-
time updates can introduce errors. These errors accumulate
over time, causing the estimated distribution to drift from
its true counterpart. To mitigate this drift, one can add a
feedback mechanism in the form of Langevin dynamics to
the pretrained ODE model v(x, t) [14, 24, 38]:

dZt = v
(
Zt, t

)
dt

︸ ︷︷ ︸
Flow

+ σt ∇ log ρt
(
Zt

)
dt +

√
2σt dWt

︸ ︷︷ ︸
Langevin

, (4)

where ρt is the density function of Zt following the ODE
model (1), σt is a non-negative sequence, and Wt is a stan-
dard Brownian motion. This Langevin force nudges Zt to-
ward its own distribution ρt but does not alter the marginal.
As a result, Zt under this SDE retains the same marginal
distribution as the original ODE (1).

In the standard RF setting, when π0 ∼ N (0, I) and
X0 ⊥ X1, the score function ∇ log ρt can be estimated
from vt using Tweedie’s formula:

∇ log ρt(x) =
tv(x, t) − x

1 − t
. (5)

Note, however, that if v(x, t) is not accurately learned, rely-
ing on a relatively large σt can amplify the estimation errors
for ∇ log ρt(x). In text-to-image generation tasks, choosing
a relatively large σt often manifests as oversmoothing and
loss of fine details in synthesized images [14].

3. Boundary-enforced Rectified Flow Models
In this section, we first analyze the boundary conditions un-
der linear interpolation, revealing the inherent problem of
unconstrained velocity fields. We then introduce two vari-
ants of Boundary RF Model: 1) Mask-based Boundary RF
Model that explicitly enforces boundary constraints into the
velocity parameterization, and 2) Subtraction-based Bound-
ary RF Model, which offers design simplicity and strong
empirical performance. We further discuss the advantage of
Boundary RF Model in estimating the score function and
stochastic sampling in generative models.

3.1. Boundary Conditions of Rectified Flow
As detailed in Section 2, the optimal velocity field for Rec-
tified Flow, Xt = (1 − t) X0 + t X1, is given by:

v∗(x, t) = EX0,X1 [X1 − X0 | Xt = x] . (6)

Given the assumption that the noise X0 and data X1 are
independent variables, the boundary velocities at t = 0 and
t = 1 are:

v∗(x, 0) = E [X1 − X0 | X0 = x] = E [X1] − x,
v∗(x, 1) = E [X1 − X0 | X1 = x] = x − E [X0] = x,

where the simplification at t = 1 leverages the standard RF
setting X0 ∼ N (0, I), resulting in E[X0] = 0.

However, in practice, a general neural network vθ(x, t)
is used to approximate v∗(x, t), and this approximation of-
ten fails to adhere to the derived boundary conditions, as
illustrated in Figure 1.

3.2. Mask-based Boundary RF Model
To ensure adherence to the boundary conditions of Rectified
Flow, we propose a boundary-aware parameterization of the
velocity field, v(x, t). This parameterization enforces both
boundary conditions: v(x, 1) = x and v(x, 0) = C − x,
where C = E[X1]. We achieve this by structuring the ve-
locity field as follows:

v(x, t) = g(t) · (C − x) + f(t) · x + h(t) · mθ(x, t), (7)

where mθ(x, t) : Rd × R → Rd is a neural network (e.g.,
U-Net or DiT), and f , g, and h : R → R are scalar functions
with the following properties:

g(1) = f(0) = h(0) = h(1) = 0,
g(0) = f(1) = 1.

This construction guarantees that both boundary conditions
are satisfied by design. While various functions can fulfill
these conditions (see Section 5.3 for examples), a natural
and effective choice is:

g(t) = cos
(π

2
t
)
, f(t) = sin

(π
2

t
)
, h(t) = sin(πt). (8)

This results in the loss function of Eq. (3) in vanilla RF
model turning into

min
θ

∫ 1

0
E(X0,X1)∼π0×π1

[
ηt||v(Xt, t) − Ẋt||2

]
dt, (9)

where v(Xt, t) is now parameterized by our boundary-
aware velocity field from Eq. (7).

We further explore alternative function choices and their
empirical performance in Section 5.3.

3.3. Subtraction-based Boundary RF Model
While our Mask-based Boundary RF Model effectively en-
forces both t = 1 and t = 0 boundary conditions, in
practice, we found that only ensuring the t = 1 condition
(v(x, 1) = x) also empirically benefits high-quality genera-
tion. Motivated by this observation and the desire for a less
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constrained parameterization, we introduce a subtraction-
based variant:

v(x, t) = x + mθ(x, t) − mθ(x, 1). (10)

This construction inherently satisfies v(x, 1) = x by de-
sign: v(x, 1) = x + mθ(x, 1) − mθ(x, 1) = x, regardless
of the neural network mθ. This guarantee is achieved with-
out carefully tuning scalar functions f, g, h, offering a more
direct and flexible approach.

Compared to the double-boundary parameterization, the
Subtraction-based Boundary RF Model provides design
simplicity by directly leveraging a standard neural network
output. However, this simplicity introduces a computational
trade-off: Each evaluation of v(x, t) requires computing
mθ(x, 1) in an additional forward pass. We will empiri-
cally compare the performance and characteristics of both
the Mask-based Boundary RF Model and Subtraction-based
Boundary RF Model in Section 5.3.

!"#"$%&"'

()*"$ +&,-.%/&0- 1"*,-0&2 %& +-,$"34)#-&0,#

1%
#0

**%
35

43
6

,'
"*

7
,)

#'
%$

23
5

43
6

,'
"*

Figure 2. Toy example: Boundary RF Model stabilizes stochas-
tic sampling and score function. We visualize the behavior of
vanilla RF model and Boundary RF Model when learning to map
from noise π0 to data π1. From left to right, we visualize the fol-
lowings: 1) Euler Sampling (Deterministic): Both models learn
effective ODE trajectories, generating similar samples via deter-
ministic Euler sampler. 2) Stochastic Sampling: vanilla RF model
produces more concentrated samples due to score function insta-
bility. In contrast, Boundary RF Model, by enforcing boundary
conditions, generates samples that retain the shape of the target
distribution. 3) Velocity at t = 1 Boundary: vanilla RF model
velocities deviate from the data, violating v(x, 1) = x, while
Boundary RF Model adheres to this boundary condition. 4) Score
Function: We visualize the score function computed using Eq. (5).
Visualization of the score function near t = 1 shows that vanilla
RF model exhibits an unstable and divergent score field. In con-
trast, Boundary RF Model demonstrates a stable and well-behaved
score function, preventing the unboundedness that leads to concen-
tration effect in stochastic sampling.

3.4. Impact on Stochastic Sampling
As discussed, stochastic samplers for Rectified Flow inher-
ently rely on the score function, which, via Tweedie’s for-
mula (Eq. (5)), is inversely proportional to (1 − t). Conse-

quently, if the boundary condition v(x, 1) = x is not en-
forced, the score function estimate will become unbounded
as t → 1. This unboundedness destabilizes stochastic sam-
pling, particularly when using larger step sizes (or σt) for
faster generation. Such instability can manifest as over-
smoothing and loss of detail in generated samples [14]. In
contrast, Boundary RF Model, by enforcing v(x, 1) = x,
prevents the score function from diverging. This leads to a
more stable score estimate, enabling robust stochastic sam-
pling with larger σt.

To visually illustrate this stabilization, we present a
toy example in Figure 2, directly comparing constrained
and unconstrained models under stochastic sampling and
demonstrating the improved score function behavior. We
further showcase the benefits of Boundary RF Model in
the more complex domain of image generation. As shown
in Section 5.4, Boundary RF Model consistently produces
sharper and more detailed image samples compared to
vanilla RF model when using stochastic samplers, effec-
tively alleviating over-smoothing artifacts.

4. Related Work

Generative modeling with diffusion and flow models.
Diffusion models [12, 37, 38] have revolutionized the field
of generative modeling by introducing iterative refinement
for content generation. These models have demonstrated
the capacity to generate samples from complex distributions
across various data modalities, including images, videos,
audio, and point clouds [2, 3, 6, 13, 30, 32]. A key charac-
teristic of diffusion models is their reliance on iterative sam-
pling over numerous steps, with the continuous limit being
described by a Stochastic Differential Equation (SDE) pro-
cess. In contrast, Rectified Flow [1, 10, 21, 25], also known
as Flow Matching, InterFlow, or IADB, presents an alter-
native approach to generative modeling based on Ordinary
Differential Equations (ODEs). This ODE-based formula-
tion is conceptually simpler and has proven to be success-
ful in diverse practical applications, achieving performance
comparable to or exceeding that of diffusion models in
many cases [7, 8, 19, 31]. Recent research has increasingly
recognized the conceptual connections and transferability
between diffusion models and flow-based models [9, 16,
22, 24]. Consequently, sampling approaches, training tech-
niques, and other methodological details are being explored
for interchangeable use between these frameworks [14, 24].
In this work, we primarily focus on Rectified Flow due to its
current efficacy and practical advantages in various applica-
tions. However, we note that the core concepts and contri-
butions of our approach could also be potentially extended
to diffusion models with minor adaptations.

Training enhancements for diffusion and flow models.
Recent advances have improved flow and diffusion mod-
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els’ training by adjusting the interpolation path or the noise
schedule [16, 20, 28], or by explicitly re-weighting the
loss across noise levels [7, 15, 16]. A series of analy-
ses [9, 16, 22, 24] reveals that the noise schedule itself adds
no expressiveness: different choices merely impose alterna-
tive weightings over noise levels. For instance, EDM [15]
decouples the noise schedule from the auxiliary time vari-
able, enabling sampling at arbitrary noise scales during in-
ference. While other works [9, 16, 24] prove that any
monotonic noise schedule reduces to a log-SNR-weighted
loss. These methods, however, do not focus on the study of
boundary conditions on RF. By contrast, our approach ex-
plicitly enforces the theoretical boundary conditions of the
velocity network, remedying a shortcoming of standard RF
parameterizations, offering a distinct perspective from ex-
isting training refinements.

Stochastic sampling methods for diffusion and flow
models. Deterministic sampling methods, often based
on ODE solvers like the Euler method, are commonly
employed in both diffusion models [15, 26, 36, 38] and
Rectified Flow models [14]. Stochastic sampling meth-
ods offer an alternative by introducing randomness into
the sampling process, potentially generating higher qual-
ity samples [14, 15, 27]. These techniques, often lever-
aging Langevin dynamics or related stochastic differential
equation (SDE) solvers, implicitly benefit from accurate
score function estimation. Our Boundary-enforced Recti-
fied Flow Model directly enhances the stability of the score
function by explicitly enforcing boundary conditions. This
improved score function behavior, as we demonstrate, is
particularly advantageous for stochastic samplers, enabling
them to operate more robustly, especially with larger step
sizes for faster sampling.

5. Experiments

In this section, we present comprehensive experiments
to empirically validate the effectiveness of Boundary RF
Model and address the following key research questions.

• Efficacy of Boundary Model with Rectified Flow: Does
the integration of the boundary condition improve the per-
formance of Rectified Flow (Section 5.2)?

• Ablation Study of Boundary Model Variants: How do
different variations of the proposed Boundary RF Model
impact the generative performance (Section 5.3)?

• Robustness to Stochastic Sampling: Does Boundary RF
Model enhance the stability and quality of stochastic sam-
pling in Rectified Flow (Section 5.4)?

• Scalability and High-Resolution Performance: How
does Boundary RF Model scale to larger models and
higher-resolution image generation tasks (Section 5.5)?

5.1. Experimental Setup

Datasets. We evaluated our model on CIFAR-10 [17] (32×
32 resolution) and ImageNet [5] (256 × 256 and 512 × 512
resolutions), two widely used image datasets.

Evaluation Metrics. To quantitatively assess the gener-
ative performance, we employ standard metrics commonly
used in image generation literature. These include Fréchet
Inception Distance (FID) [11], Inception Score (IS) [34],
and Precision and Recall (P/R) [33].

Model Architecture and Training Details. We build upon
the Diffusion Transformer (DiT) architecture [29] for our
generative models. Unless otherwise specified, the main re-
sults are reported using the DiT-B/2 configuration, which
comprises 12 layers, a hidden dimension of 768, and 12 at-
tention heads. All models were implemented using JAX [4]
and trained on TPU-v5 pods. To ensure a fair compari-
son across all experiments, we maintain consistent random
seeds and data preprocessing procedures. For stochastic
sampling, we primarily employ the Stochastic Curved Euler
Sampler [24] throughout our main experiments, which sub-
sequently referred to as the ”SDE sampler”. Meanwhile,
we also explore Overshooting Sampler [14] which offers
controllable stochasticity strength. Further details regard-
ing training hyperparameters and implementation specifics
are provided in Appendix A.1.

5.2. Comparison with Vanilla RF Model

In this section, we present a comparative analysis of our
proposed method, Boundary RF Model, against the vanilla
RF model. We evaluate both quantitatively and qualita-
tively, demonstrating the better generative performance of
Boundary RF Model.

Quantitative Evaluation. Table 1 summarizes the quan-
titative performance of Boundary RF Model and vanilla
RF model on CIFAR-10 and ImageNet 256 × 256. As
shown, Boundary RF Model exhibit strong quantitative per-
formance, often outperforming vanilla RF model, especially
in FID across both datasets and sampler types. across both
datasets and evaluation metrics, including FID, IS, Preci-
sion, and Recall. On ImageNet 256 × 256, Mask-based
Boundary RF Model achieves a notable FID of 6.32, sur-
passing the 6.87 FID obtained by the vanilla RF model.
In addition, we also compare against Rectified Flow em-
ploying mode sampling [7]. Mode sampling is a timestep
sampling strategy designed to concentrate sampling prob-
ability towards the boundaries of the timestep range (i.e.,
near 0 and 1). However, even when compared to Rectified
Flow with this enhanced mode sampling strategy, Bound-
ary RF Model maintains its performance advantage, high-
lighting the effectiveness of our boundary-aware approach
in addressing the inherent limitations of vanilla RF model.
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Euler Sampler SDE Sampler
FID (↓) IS (↑) Precision (↑) Recall (↑) FID (↓) IS (↑) Precision (↑) Recall (↑)

CIFAR-10
Vanilla RF Model 3.94 9.23 0.71 0.57 3.63 9.61 0.73 0.56
Mask-based Boundary RF Model 3.75 9.36 0.71 0.57 3.53 9.67 0.73 0.56
Subtraction-based Boundary RF Model 3.47 9.37 0.70 0.58 3.04 9.56 0.72 0.57

ImageNet 256 × 256
Vanilla RF Model 6.87 130.08 0.67 0.58 6.79 141.86 0.67 0.57
RF with Mode Sampling 7.48 114.84 0.67 0.57 7.56 120.97 0.67 0.56
Mask-based Boundary RF Model 6.63 122.35 0.67 0.60 6.18 141.43 0.69 0.56
Subtraction-based Boundary RF Model 6.32 137.28 0.66 0.59 6.38 149.00 0.66 0.59

ImageNet 256 × 256 with CFG
Vanilla RF Model 6.11 201.64 0.74 0.52 7.20 224.36 0.75 0.50
RF with Mode Sampling 5.60 185.37 0.75 0.51 6.60 197.11 0.75 0.49
Mask-based Boundary RF Model 4.94 192.14 0.75 0.53 6.52 222.46 0.77 0.49
Subtraction-based Boundary RF Model 5.68 216.45 0.75 0.53 6.94 238.38 0.75 0.51

Table 1. Quantitative evaluation of Boundary RF Model against the vanilla RF model across different datasets and metrics. Lower FID and
higher IS, Precision, and Recall indicate better generative performance.

Moreover, Subtraction-based Boundary RF Model performs
the best among all methods in terms of IS score.

Figure 3 examines the impact of sampling step count
on FID and IS scores for Boundary RF Model and vanilla
RF model. Evaluations are conducted across 50, 100, and
200 steps using both Euler and SDE samplers on ImageNet
dataset. The results demonstrate that Boundary RF Model
exhibits better performance at all step counts. While quan-
titative metrics may indicate a slight performance degra-
dation with increasing sampling steps, this trend may not
fully reflect human perceptual quality. In practice, a higher
number of steps often yields images with richer content and
finer details, potentially surpassing what standard metrics
capture [7, 14]. Also note that while the Subtraction-based
Boundary RF Model achieves the best performance over-
all, it requires approximately twice the computation com-
pared to the single-pass Mask-based Boundary RF Model
and vanilla RF model.

Qualitative Evaluation Figure 4 provides a qualita-
tive side-by-side comparison of image generation results
from Mask-based Boundary RF Model, Subtraction-based
Boundary RF Model and vanilla RF model on the ImageNet
256×256 dataset. For controlled experimentation, sample
generation for all models was conducted using a consis-
tent random seed. Qualitative inspection reveals that im-
ages generated by Mask-based Boundary RF Model and
Subtraction-based Boundary RF Model exhibit better object
fidelity and fewer artifacts.

5.3. Ablation Studies

To investigate the contribution of different components
within our Boundary RF Model framework, we conduct
a detailed ablation study. We primarily focus on evaluat-
ing the impact of different design choices in Boundary RF
Model velocity parameterization, including the choice of
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Figure 3. Performance comparison of Boundary RF Model and
vanilla RF model v.s. sampling steps (50, 100 and 200 steps) on
ImageNet dataset. Boundary RF Model consistently outperforms
vanilla RF model across varying numbers of sampling steps, ex-
hibiting a more substantial performance gain at higher step counts.

boundary function and the single- versus double-boundary
enforcement strategy. all ablation experiments were con-
ducted on ImageNet 256 × 256.

Impact of Boundary Functions (f, g, h). In Mask-based
Boundary RF Model (Eq. (7)), the functions f(t), g(t), and
h(t) play a crucial role in enforcing the boundary condi-
tions. While we proposed g(t) = cos( π

2 t), f(t) = sin( π
2 t),

and h(t) = sin(πt) as a natural choice, other functions sat-
isfying the boundary conditions outlined in Section 3 are
possible. To assess the sensitivity of our model to these
function choices, we experiment with several alternatives

18182



!"
#$

%%"
&'

(&
)

*+
,%

)
"-

./
0"

-,
+

1
*2

#+
"3

4&
'

(&
)

*+
,%

52
06

3"
76

$*
#/

0"
-,

+
1

*2
#+

"3
4&

'
(&

)
*+

,%

Figure 4. Qualitative comparison of image generation results on ImageNet 256 × 256 dataset. We present paired examples generated
by vanilla RF model, Mask-based Boundary RF Model and Subtraction-based Boundary RF Model. We use the same random seed during
training and evaluation for all models to ensure a fair visual comparison. Our approaches consistently generate images with better structures
and improved visual fidelity compared to vanilla RF model. Additional visual examples are provided in Appendix A.3.
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Figure 5. Ablation study on boundary functions. Quantitative
comparison of different choices for functions (f(t), g(t), h(t)) in
the double-boundary model. Metrics are evaluated on ImageNet
256 × 256 dataset.

for f(t), g(t), h(t). Specifically, we compare the perfor-
mance using:
• Standard Cosine (Default): g(t) = cos( π

2 t), f(t) =
sin( π

2 t), h(t) = sin(πt).
• Offset Cosine: g(t) = cos( π

2 t), f(t) = 1 − cos( π
2 t),

h(t) = sin(πt).
• Quadratic Polynomial: g(t) = 1−t2, f(t) = t2, h(t) =

t2(1 − t2).
• Square Root Polynomial: g(t) = (1 −

√
t), f(t) =

√
t,

h(t) =
√

t(1 −
√

t).

• Linear: g(t) = (1 − t), f(t) = t, h(t) = t(1 − t).
We train models using each of these function sets on the

ImageNet dataset and evaluate their performance using FID
and IS score. The quantitative results, summarized in Fig-
ure 5, reveal that the Standard Cosine (Default) function
choice consistently achieves the best performance. We pro-
vide qualitative samples generated by the these model, visu-
alized in Appendix A.4. The default Standard Cosine model
exhibits better visual fidelity compared to those from other
function choices.

Right
Boundary

Left
Boundary

2-Pass
Model Euler-FID (↓) Euler-IS (↑) SDE-FID (↓) SDE-IS (↑)

! ! ! 6.87 130.08 6.79 141.86
! ! ! 6.80 125.44 6.75 134.37
! ! ! 6.63 122.35 6.18 141.43
! ! ! 6.32 137.28 6.38 149.00

Table 2. Boundary enforcement ablation results on ImageNet.
We present FID, IS, Precision, and Recall scores for an abla-
tion study comparing different boundary enforcement methods
within Rectified Flow on ImageNet 256×256. We evaluate: vanilla
RF model (None), Right-Boundary Model (t=1 only), Double-
Boundary Model (t=0 and t=1), and Subtraction-based Boundary
RF Model (t=1, subtraction-based). The results demonstrate that
boundary enforcement consistently improves performance over
vanilla RF model. The Subtraction-based Boundary RF Model
achieves the best FID and IS, indicating the effectiveness of en-
forcing at least the right (t=1) boundary, even with a simpler pa-
rameterization.

Single- vs. Double-Boundary Enforcement. Next,
we compare the performance of our single and double-
boundary model and the subtraction-based model. This
comparison isolates the impact of enforcing both bound-
ary conditions versus primarily focusing on the t = 1 con-



straint. We train all model variants using the default Stan-
dard Cosine functions under identical settings and evaluate
them using FID and IS score.

The results, shown in Table 2, indicate that while
both Mask-based Boundary RF Model outperform the
vanilla RF model baseline in terms of FID, the one with
double-boundary condition achieves slightly superior per-
formance across most metrics than its counterpart with only
right boundary, particularly in FID. The Subtraction-based
Boundary RF Model provides a significant improvement
over the baseline, demonstrating the effectiveness of en-
forcing at least the t = 1 boundary condition. We note
that Subtraction-based Boundary RF Model introduces ap-
proximately 2× increase in inference cost compared to the
Mask-based Boundary RF Model, due to the extra forward
pass for t = 1.

Noise Scale c 0 1 2 5

Vanilla RF Model 7.18 / 128.09 7.64 / 132.89 8.26 / 135.49 11.76 / 126.24
Ours (Mask-based) 6.65 / 125.71 6.68 / 137.94 7.27 / 141.34 10.68 / 129.91
Ours (Subtraction-based) 6.59 / 135.97 7.48 / 142.31 8.04 / 142.01 11.67 / 130.74

Table 3. Impact of noise scale c of overshooting sampler. FID
and IS scores for vanilla RF model and Boundary RF Model
with varying stochasity strength of Overshooting sampler (c =
1.0, 2.0, 5.0) on ImageNet dataset. Boundary RF Model demon-
strates more stable performance and less degradation in sample
quality for varying c. Samples are generated using 100 steps.
Numbers are shown in format FID/IS.

5.4. Impact on Stochastic Sampling
To empirically validate the impact of boundary conditions
on stochastic sampling stability, we conduct experiments to
compare the performance of vanilla RF model and Bound-
ary RF Model under varying degrees of stochasticity in the
sampling process. We focus on evaluating the sample qual-
ity generated by both models when using stochastic sam-
plers with different noise scales.

We compared vanilla RF model and Boundary RF Model
using the Overshooting sampler [14] with varying noise
scale c, controlling the strength of stochasticity. We eval-
uated FID and IS scores across different c values, maintain-
ing consistent settings (ImageNet 256x256, 100 steps).

Table 3 shows that Boundary RF Model generally out-
performs vanilla RF model across different c values. Im-
portantly, as stochasticity c increases, Mask-based Bound-
ary RF Model and Subtraction-based Boundary RF Model
demonstrate better performance than vanilla RF model.
This highlights that boundary conditions mitigate the
stochastic sampling instability by fixing the score function.
We present qualitative differences in the appendix A.5.

5.5. Scalability to Large-Scale Models and High-
Resolution Images

Having demonstrated the effectiveness of boundary-aware
Rectified Flow and analyzed model variants, we now assess

the scalability of Boundary RF Model to larger models and
high-resolution image generation.

Table 4 shows the performance gain achieved, confirm-
ing a consistent trend with our DiT-B 256 × 256 find-
ings. Our subtraction-based boundary model remains uni-
versally superior to vanilla RF when scaled to DiT-L/XL
and 512 × 512. The mask-based boundary model also gen-
erally outperforms vanilla RF when scaling up, though IS
slightly decreases for DiT-L with Euler sampler, similar to
the observations on DiT-B. These results demonstrate the
scalability and consistent advantages of our method.

We show qualitative samples in Appendix A.6, which
further illustrates the visual superiority of Boundary RF
Model at larger model and higher resolution.

Method Euler-FID (↓) Euler-IS (↑) SDE-FID (↓) SDE-IS (↑)

DiT-L, 256 × 256
Vanilla RF Model 4.72 165.44 6.77 165.31
Ours (Mask-based) 4.23 162.34 4.86 174.34
Ours (Substraction-based) 3.75 187.93 4.52 191.49
DiT-XL, 256 × 256
Vanilla RF Model 4.04 165.86 4.36 171.30
Ours (Mask-based) 3.85 170.18 4.17 183.59
Ours (Substraction-based) 3.38 187.88 4.12 190.34
DiT-B, 512 × 512
Vanilla RF Model 16.35 69.92 16.70 72.93
Ours (Mask-based) 15.21 70.35 15.69 77.25
Ours (Substraction-based) 15.08 75.96 14.58 80.92

Table 4. Results on larger model size (DiT-L/2 and DiT-XL/2)
and higher resolutions (512 × 512). Results on the larger model
and higher resolutions show consistent performance improvement
than vanilla Rectified Flow models.

6. Conclusion
In this work, we identified and addressed a critical limita-
tion in standard Rectified Flow: the violation of boundary
conditions in learned velocity fields. To mitigate this, we
introduced Boundary RF Model, a novel boundary-aware
parameterization that explicitly enforces these conditions
through mask-based and subtraction-based variants. Ex-
tensive experiments on CIFAR-10 and ImageNet datasets
demonstrate the superior performance of Boundary RF
Model over vanilla RF model across various quantitative
metrics and qualitative assessments. Ablation studies fur-
ther validated the effectiveness of our boundary-aware de-
sign. These results underscore the importance of proper
boundary condition handling in Rectified Flow and estab-
lish Boundary RF Model as a robust approach for high-
quality generative modeling. Future work could explore the
application of boundary-aware parameterizations to other
flow-based or diffusion generative models and investigate
adaptive boundary enforcement strategies for further per-
formance improvements and task-specific customization.

Future work could explore extending Boundary RF
Model to larger models/higher resolutions on text-to-
image/video generation task.
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