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ABSTRACT

Timestep sampling p(t) is a central design choice in Flow Matching models,
yet common practice increasingly favors static middle-biased distributions (e.g.,
Logit-Normal). We show that this choice induces a speed–quality trade-off:
middle-biased sampling accelerates early convergence but yields worse asymp-
totic fidelity than Uniform sampling. By analyzing per-timestep training losses,
we identify a U-shaped difficulty profile with persistent errors near the bound-
ary regimes, implying that under-sampling the endpoints leaves fine details unre-
solved. Guided by this insight, we propose Curriculum Sampling, a two-phase
schedule that begins with middle-biased sampling for rapid structure learning and
then switches to Uniform sampling for boundary refinement. On CIFAR-10, Cur-
riculum Sampling improves the best FID from 3.85 (Uniform) to 3.22 while reach-
ing peak performance at 100k rather than 150k training steps. Our results highlight
that timestep sampling should be treated as an evolving curriculum rather than a
fixed hyperparameter.

1 INTRODUCTION

Flow-based generative models, such as Flow Matching (FM), have fundamentally shifted the land-
scape of continuous-time generative modeling (Lipman et al., 2023; Liu et al., 2023a). By defining
a probability path that transforms noise into data via a velocity field, these models offer a stable,
simulation-free training objective that scales effectively to high-resolution image generation (Esser
et al., 2024).

In Flow Matching, a neural network is trained to approximate a time-dependent velocity field by
sampling a time step t ∼ p(t) and regressing an appropriate training target defined by the chosen
probability path. At the same time, the design space around this training objective is rapidly expand-
ing with emerging techniques. For example, Mean Flow (Geng et al., 2025a) replaces instantaneous
velocities with average velocities to enable strong one-step generation, improved Mean Flow vari-
ants (Geng et al., 2025b) reformulate the objective and guidance mechanism for better stability and
flexibility, and “Just image Transformers” (Li & He, 2026) advocate predicting clean images x di-
rectly (instead of noise/noised quantities) using large-patch Transformers. These approaches use
different loss functions, prediction parameterizations (denoising vs. x-prediction), or different types
of velocity (instantaneous vs. average). Nevertheless, they all share a common requirement: training
must sample timesteps from some distribution t ∼ p(t) on [0, 1]. A fundamental component shared
across this entire family of models is therefore the choice of the time step sampling distribution p(t)
used during training.

The importance of the time step sampling strategy is universal. Regardless of whether the objective
is to train a standard model for multi-step inference (multi-NFE, NFE stands for number of function
evaluations) or a specialized model optimized for extremely fast generation (1-NFE or 2-NFE), the
model must learn to approximate the vector field across the entire interval t ∈ [0, 1]. Similarly, this
requirement holds true whether the model targets the instantaneous velocity field or the average ve-
locity field. The choice of p(t) dictates the allocation of computational budget across the trajectory,
implicitly weighting the model’s focus between the chaotic ”transport” phase in the middle and the
boundary conditions at the noise (t = 1) and data (t = 0) limits.
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In this study, we revisit the standard assumptions regarding these sampling distributions. Through
extensive experimentation, we identify a trade-off between convergence speed and final generation
quality in existing timestep sampling strategies. We show that while Logit-Normal sampling ac-
celerates early training, it imposes a performance ceiling due to under-sampling of the trajectory
boundaries. We provide a detailed analysis of the training dynamics, characterizing a U-shaped loss
landscape where the difficulty of velocity prediction peaks at the data (t → 0) and noise (t → 1)
extremes, necessitating explicit attention to these regimes for high-fidelity results. We introduce
curriculum sampling, a two-phase curriculum that transitions from a structure-focused distribution
(Logit-Normal) to a coverage-focused distribution (Uniform). This method outperforms static base-
lines, achieving a 16% relative improvement in FID over standard Uniform sampling and a 33%
convergence speed-up.

2 PRELIMINARY: FLOW MATCHING

Flow Matching (FM) (Lipman et al., 2023; Liu et al., 2023a; Albergo et al., 2022) is a family of
generative models that learn a time-dependent velocity field transporting a simple prior distribution
into the data distribution. During training, the model samples a time step t ∼ p(t) on [0, 1]; the
choice of p(t) determines which parts of the trajectory are emphasized. Formally, given data x ∼
pdata(x) and prior noise ϵ ∼ pprior(ϵ), one constructs a path zt that interpolates between x and ϵ over
time t ∈ [0, 1]:

zt = atx+ btϵ, (1)
where at and bt are predefined schedules. Differentiating w.r.t. time gives the corresponding condi-
tional velocity

vt =
d

dt
zt = a′tx+ b′tϵ, (2)

which is denoted by vt = vt(zt | x) in Lipman et al. (2023). A commonly used schedule is at = 1−t
and bt = t, yielding vt = ϵ− x.

Because the same point zt may arise from multiple pairs (x, ϵ), FM is concerned with the marginal
velocity field, defined as the conditional expectation over all possible pairings:

v(zt, t)
def
= Ept(vt|zt)

[
vt
]
. (3)

A neural network vθ parameterized by θ is trained to fit this marginal field via

LFM(θ) = Et, zt∼pt(zt)

∥∥vθ(zt, t)− v(zt, t)
∥∥2. (4)

Directly evaluating LFM is typically infeasible because equation 3 requires marginalization. Lipman
et al. (2023) propose to instead optimize the conditional Flow Matching objective (often referred to
as Conditional Flow Matching, CFM):

LCFM(θ) = Et, x, ϵ

∥∥vθ(zt, t)− vt(zt | x)
∥∥2, (5)

and show that minimizing LCFM is equivalent to minimizing LFM.

Given a learned marginal velocity field v(zt, t), sampling is performed by solving the ODE

d

dt
zt = v(zt, t), (6)

starting from z1 = ϵ ∼ pprior. In practice, the integral solution is approximated numerically using a
discrete-time solver (e.g., Euler or higher-order methods).

3 RELATED WORK

Timestep Sampling Strategies. The choice of the sampling distribution p(t) is crucial for the ef-
ficiency of flow-based models. While Uniform sampling is the standard baseline (Liu et al., 2022;
2023b; Lipman et al., 2023), recent work has explored non-uniform strategies that reallocate com-
pute across the trajectory. Logit-Normal sampling, which concentrates density in the middle of the
interval (t ≈ 0.5), is widely adopted in rectified flow models (Esser et al., 2024) and other recent
flow-based models (Geng et al., 2025a; Li & He, 2026; Geng et al., 2025b).
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Lee et al. (2024) argue that the best choice of p(t) is not universal: it depends on what the model is
asked to predict near the endpoints. For 1-rectified flow training, the endpoints can be comparatively
uninformative (e.g., predicting dataset/noise averages), so the learning signal is often concentrated
in the middle of the interval. In contrast, for higher-order rectified flows (e.g., 2-rectified flow), the
endpoint objectives become nontrivial, and empirical analyses report a boundary-heavy (U-shaped)
difficulty profile. This motivates timestep distributions that deliberately oversample t near 0 and 1
rather than focusing solely on the transport phase.

4 METHODOLOGY

4.1 PROPOSED METHOD: CURRICULUM SAMPLING

Based on the empirical evidence, we propose a two-phase curriculum strategy for timestep sampling
during training:

1. Structure Phase: Use Logit-Normal sampling with inverted U-shape distribution. This
distribution concentrates training samples in the middle regime (around t=0.5), while main-
taining enough variance to cover the transport phase. This maximizes the rate of FID re-
duction and ensures sufficient training at mid-t.

2. Refinement Phase: Switch to Uniform sampling. Once the global structure is established,
the model must reduce residual errors that persist near the boundary regimes; Uniform
sampling ensures these regions are revisited with sufficient frequency.

We choose three families of sampling strategies:

1. Uniform Baseline: t ∼ U(0, 1).
2. Mode Sampling: A parametric family favoring specific modes, defined by a symmetric

Beta distribution:
p(t) ∝ ts(1− t)s, s > −1 (7)

We evaluated s ∈ {−0.5, 1.0, 1.2}. Notably, s = −0.5 corresponds to the Arcsine distribu-
tion (Beta(0.5, 0.5)), creating a U-shaped density that biases sampling toward the bound-
aries. Positive s values concentrate density in the middle (t = 0.5) while down-weighting
the endpoints.

3. Logit-Normal (LN) Sampling: Timesteps are sampled by applying a sigmoid transforma-
tion to a normal variable (Aitchison & Shen, 1980):

t = sigmoid(u) =
1

1 + e−u
, u ∼ N (µ, σ2) (8)

The corresponding probability density function is:

p(t) =
1

σt(1− t)
√
2π

exp

(
− (logit(t)− µ)2

2σ2

)
(9)

where logit(t) = ln
(

t
1−t

)
. We tested several variations including µ ∈

{−1.0,−0.8,−0.6,−0.4,−0.1, 0.8} and σ ∈ {0.5, 1.0} to control the center and spread
of the distribution. LN sampling allocates very little density near the boundaries, which
differs from the Mode sampling (s > 0).

4.2 EXPERIMENTAL SETUP

We trained a series of Conditional Flow Matching (CFM) models for class-unconditional image
generation on CIFAR-10. The input to the model is 32 × 32 × 3 in pixel space. All models shared
the same architecture and optimization hyperparameters, varying only the timestep sampling dis-
tribution p(t). We use the U-Net (Ronneberger et al., 2015) architecture developed from (Song &
Ermon, 2019) (about 55M parameters), as it is commonly used in prior work (Geng et al., 2025a;
Salimans & Ho, 2022). We use batch size 1024, Adam (Kingma & Ba, 2017) with learning rate
0.0006, (β1, β2) = (0.9, 0.999), weight decay 0, and EMA decay of 0.99995. The model is trained
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Figure 1: Comparison of best achieved FID scores across non-curriculum sampling strategies. Meth-
ods are sorted from best (lowest FID) to worst.

for 150K iterations with 10K warm-up (Goyal et al., 2018). The power p for adaptive weighting is
0.75. During inference, 50-NFE Euler solver is used to solve the ODE. Performance was measured
using Fréchet Inception Distance (FID) computed on 50k generated samples.

5 RESULTS

5.1 BASELINE PERFORMANCE COMPARISON

5.1.1 BEST FID OF BASELINE STRATEGIES

We begin by establishing a performance baseline across canonical time-step sampling strategies
without curriculum learning. Figure 1 presents the minimum Fréchet Inception Distance (FID)
achieved by each method throughout the training process. The results demonstrate that simple sam-
pling strategies remain highly competitive. The Uniform baseline achieved the lowest FID of 3.85,
outperforming all biased strategies. Among the non-uniform methods, Logit-Normal distributions
modestly skewed toward the data (image) end performed best: LN with µ = −0.4 reached an FID
of 4.03, while µ = −0.8 reached 4.12. Narrower or more centrally focused distributions generally
yielded higher (worse) FID scores. Mode sampling with a U-shaped density (s = −0.5) yields the
worst FID among the tested settings. Overall, the results suggest that while emphasizing the trans-
port regim (mid-t) performs better than focusing on the boundary timesteps, broad coverage of the
entire time domain is essential for maximizing final generation fidelity.

5.1.2 CONVERGENCE DYNAMICS OF BASELINE STRATEGIES

Figure 2 visualizes the FID convergence for Uniform, Mode, and Logit-Normal sampling over the
first 100k training iterations, revealing a distinct trade-off between convergence speed and asymp-
totic fidelity. We observe that inverted U-shape distributions, such as Logit-Normal (µ = −0.4
or −0.8), act as effective accelerators, yielding significantly lower FID scores in the early training
regime from 40k to 90k steps compared to the Uniform baseline. This supports the hypothesis that
reallocating compute toward mid-t regime can facilitate rapid structural learning. However, this ad-
vantage is transient; as training matures, the improvement rate of biased methods saturates, leading
to worse final FID (Fig. 1), and sometimes overfitting (Fig. 2). In contrast, the Uniform baseline
maintains a steady rate of improvement, eventually surpassing the biased strategies. This crossover
phenomenon highlights that while ”middle-bias” accelerates the learning of the vector field’s global
mode, it systematically down-samples the boundary regimes (t → 0, 1), thereby imposing a ceiling
on the model’s final generation quality.
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Figure 2: Comparison of Fréchet Inception Distance (FID) scores over the first 100k training steps
for Uniform sampling versus Logit-Normal (LN, µ ∈ {−0.8,−0.4}, σ = 1) and Mode (s = 1.0)
sampling.

5.1.3 LOSS LANDSCAPE ANALYSIS

We monitor the time-dependent training loss L(t̃) throughout the training process, which is defined
as:

L(t̃) = Ex,ϵ

∥∥vθ(zt̃, t̃)− vt̃(zt̃ | x)
∥∥2, (10)

Figure 3 visualizes the evolution of the training loss and the corresponding sampling density across
different baselines. Consistent with findings in Lee et al. (2024), the training loss exhibits a distinc-
tive U-shape with respect to the time step t, reflecting the inherent difficulty of velocity prediction at
different stages of the trajectory. The loss is largest near the data end (t ≈ 0) and remains elevated
toward the noise end (t ≈ 1). This suggests that learning to form the final sharp details of the image
is the most challenging part of the objective, followed by the initial departure from the noise. The
middle transport phase (t ≈ 0.5) has the lowest loss regardless of the timestep sampling, implying
the vector field there is smoother or easier to fit. Loss reduction is also slower at the boundaries
(t → 0 and t → 1), suggesting that accurately predicting the velocity field becomes progressively
harder near the data (images) and noise endpoints.

Logit-Normal sampling (µ = −0.4), by concentrating probability mass in the middle of the tra-
jectory, accelerates loss reduction in this easier regime but at the cost of slower convergence at
the boundaries, potentially leading to insufficient training in these critical regions. Conversely, U-
shaped Mode sampling (s = −0.5) over-emphasizes the boundaries while neglecting the middle
trajectory, which explains its suboptimal performance as it fails to adequately learn the core trans-
port mapping. These observations underscore the necessity of a balanced sampling strategy or a
curriculum that can adaptively shift focus from learning the global structure (middle t) to refining
the boundary conditions.

5.2 OPTIMIZING THE CURRICULUM

Motivated by the distinct strengths of different sampling strategies, we systematically optimized a
two-phase curriculum. This curriculum is defined by a switching time Ts, a first-phase distribution
p1(t), and a second-phase distribution p2(t).

5.2.1 CURRICULUM LEARNING OUTPERFORMS STATIC BASELINES

Our empirical results demonstrate that dynamic time step sampling strategies consistently surpass
static baselines (Table 1). The proposed curriculum approach achieves the best FID of 3.22, rep-
resenting a substantial 16.4% relative improvement over the standard Uniform baseline (FID 3.85)
and a significant gain over the static Logit-Normal baseline (FID 4.12). This supports the hypothe-
sis that different timestep regimes benefit from different amounts of training; the optimal sampling
distribution can be non-stationary and should evolve during training.
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Figure 3: Time-Dependent Training Loss Dynamics and Sampling Densities. Top row: Evolution
of the loss over the diffusion time t ∈ [0, 1] throughout training (color gradient from 10k to 100k
steps). Bottom row: Histograms of sampled time steps t ∼ p(t) from each distribution. Columns
represent: (a) Uniform sampling, (b) Mode sampling (s = −0.5), which skews towards t = 0 and
t = 1, (c) Logit-Normal sampling (µ = 0.8), shifting focus towards the noise-dominant regime (t
close to 1), and (d) Logit-Normal sampling (µ = −0.4), emphasizing the mid-trajectory.

The Uniform baseline achieves its best FID at 150k steps. In contrast, curricula starting with LN
(µ = 0.8) peak much earlier at 100k. This indicates that the curriculum strategy primarily acts as an
accelerator, allowing the model to reach a higher quality solution with significantly fewer training
steps (33% fewer).

5.2.2 PHASE 1 DISTRIBUTION (p1(t))

We evaluate three Logit-Normal (LN) configurations for the phase-1 timestep distribution. These
choices accelerate early training relative to Uniform sampling (Fig. 2), but differ in where they place
probability mass. In the curriculum setting, LN(µ = 0.8) performs best, followed by LN (µ = −0.4)
and LN (µ = −0.8). LN (µ = 0.8) places more mass near t = 1, whereas the other two emphasize
timesteps closer to t = 0. This suggests that, for our setup, allocating more updates toward the
noise-side regime in phase 1 can lead to faster convergence and better downstream performance.

5.2.3 PHASE 2 DISTRIBUTION (p2(t))

For the refinement phase, we consider Uniform sampling and Mode sampling (s = −0.5, the U-
shaped “bathtub” distribution) to increase sampling at boundary timesteps. A critical finding is
that curricula that transition into either a Uniform or a Mode distribution in phase-2 outperform the
corresponding static distributions.

Comparing LN(µ = −0.8) → Uniform (FID 3.67) against the static LN(µ = −0.8) baseline (FID
4.12) shows that re-introducing sampling density at the boundaries (t → 0 and t → 1) is essential in
the late stage of training. Comparing the top-performing LN → Uniform strategy (FID 3.22) against
the LN → Mode strategy (FID 3.42) further indicates that while boundary refinement is critical,
over-sampling the boundaries at the expense of the transport path is less effective.

5.2.4 SWITCHING TIME (Ts)

We find that the curriculum switch time is a sensitive hyperparameter. Across runs, the best per-
formance is consistently achieved at Ts ≈ 60k iterations (roughly 40% of the training budget).
Switching too early or too late yields suboptimal convergence, reflecting a trade-off between the
structural acceleration phase and the boundary refinement phase. For example, early switches (e.g.,
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Table 1: Comparison of Best FID Scores with different curriculum settings. The results are ranked
from low to high (lower is better). The last two entries are static sampling without curriculum.

p1(t) p2(t) Ts Training Step @ Best FID Best FID

LN (µ = 0.8) Uniform 60k 100k 3.22
LN (µ = −0.4) Uniform 60k 100k 3.24
LN (µ = 0.8) Uniform 50k 100k 3.34
LN (µ = 0.8) Mode 60k 100k 3.42
LN (µ = 0.8) Mode 90k 100k 3.43
LN (µ = 0.8) Uniform 70k 100k 3.45
LN (µ = 0.8) Uniform 80k 100k 3.56
LN (µ = −0.8) Uniform 60k 150k 3.67
LN (µ = −0.8) Uniform 80k 150k 3.72
Uniform Uniform - 150k 3.85
LN (µ = −0.8) LN (µ = −0.8) - 90k 4.12

50k) do not fully leverage the convergence acceleration from Logit-Normal sampling and leave in-
sufficient training in the mid-t regime, whereas late switches (e.g., 70k) allocate insufficient time for
the boundary refinement needed to lower the FID floor.

6 CONCLUSION

This work revisits a central but often under-specified design choice in flow-based generative model-
ing: the timestep sampling distribution p(t). We identify a performance paradox in standard training:
static, middle-biased sampling (e.g., Logit-Normal) can substantially accelerate early convergence,
yet it can underperform Uniform sampling in final sample quality because it systematically under-
samples the boundary regimes t → 0 and t → 1. Empirically, we confirm this mechanism by
analyzing the time-dependent loss landscape, which exhibits a pronounced U-shape with the largest
residual errors concentrated near the data and noise endpoints.

Motivated by this analysis, we propose a two-phase curriculum for timestep sampling. The cur-
riculum uses a Logit-Normal distribution in a structure-learning phase to exploit fast early progress,
then switches to Uniform sampling in a refinement phase to restore coverage of the boundaries.
On CIFAR-10, this simple schedule improves the best FID from 3.85 (Uniform) to 3.22 (a 16.4%
relative improvement) while reaching its best performance at 100k steps instead of 150k (a 33%
reduction in training steps). Beyond this specific instantiation, our results emphasize that timestep
sampling is not a one-shot hyperparameter: matching p(t) to the evolving difficulty across time can
be as consequential as architectural choices, and suggests a broader opportunity for dynamic and
adaptive training protocols in flow-based and related continuous-time generative models.

Finally, our findings may also inform inference-time timestep allocation. Since approximation error
is not uniform across t, a potential direction is to design inference schedules (e.g., non-uniform
discretizations or adaptive step placement) that devote more resolution to the time regimes where
the learned vector field is hardest to approximate.

REFERENCES

J. Aitchison and S. M. Shen. Logistic-normal distributions: Some properties and uses. Biometrika,
67(2):261–272, 1980. ISSN 00063444, 14643510. URL http://www.jstor.org/
stable/2335470.

Michael S. Albergo, Nicholas M. Boffi, and Eric Vanden-Eijnden. Building normalizing flows with
stochastic interpolants. arXiv preprint arXiv:2209.15571, 2022.

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas M”uller, Harry Saini, Yam
Levi, Dominik Axelrod, Sauer Milobaniy, et al. Scaling rectified flow transformers for high-
resolution image synthesis. arXiv preprint arXiv:2403.03206, 2024.

7

http://www.jstor.org/stable/2335470
http://www.jstor.org/stable/2335470


Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

Zhengyang Geng, Mingyang Deng, Xingjian Bai, J Zico Kolter, and Kaiming He. Mean flows for
one-step generative modeling. NeurIPS, 2025a.

Zhengyang Geng, Yiyang Lu, Zongze Wu, Eli Shechtman, J. Zico Kolter, and Kaiming He. Im-
proved mean flows: On the challenges of fastforward generative models, 2025b. URL https:
//arxiv.org/abs/2512.02012.

Priya Goyal, Piotr Dollár, Ross Girshick, Pieter Noordhuis, Lukasz Wesolowski, Aapo Kyrola, An-
drew Tulloch, Yangqing Jia, and Kaiming He. Accurate, large minibatch sgd: Training imagenet
in 1 hour, 2018. URL https://arxiv.org/abs/1706.02677.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization, 2017. URL
https://arxiv.org/abs/1412.6980.

Sangyun Lee, Zinan Lin, and Giulia Fanti. Improving the training of rectified flows, 2024. URL
https://arxiv.org/abs/2405.20320.

Tianhong Li and Kaiming He. Back to basics: Let denoising generative models denoise, 2026. URL
https://arxiv.org/abs/2511.13720.

Yaron Lipman, Ricky T. Q. Chen, Heli Ben-Hamu, Maximilian Nickel, and Matthew Le. Flow
matching for generative modeling. In ICLR, 2023.

Xingchao Liu, Chengyue Gong, and Qiang Liu. Flow straight and fast: Learning to generate
and transfer data with rectified flow. ICLR, abs/2209.03003, 2022. URL https://api.
semanticscholar.org/CorpusID:252111177.

Xingchao Liu, Chengyue Gong, and qiang liu. Flow straight and fast: Learning to generate and
transfer data with rectified flow. In ICLR, 2023a.

Xingchao Liu, Xiwen Zhang, Jianzhu Ma, Jian Peng, and Q. Liu. Instaflow: One step is enough
for high-quality diffusion-based text-to-image generation. ICLR, abs/2309.06380, 2023b. URL
https://api.semanticscholar.org/CorpusID:261697392.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomed-
ical image segmentation. In Nassir Navab, Joachim Hornegger, William M. Wells, and Alejan-
dro F. Frangi (eds.), Medical Image Computing and Computer-Assisted Intervention – MICCAI
2015, pp. 234–241, Cham, 2015. Springer International Publishing. ISBN 978-3-319-24574-4.

Tim Salimans and Jonathan Ho. Progressive distillation for fast sampling of diffusion models, 2022.
URL https://arxiv.org/abs/2202.00512.

Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the data dis-
tribution. In H. Wallach, H. Larochelle, A. Beygelzimer, F. d'Alché-Buc, E. Fox, and
R. Garnett (eds.), Advances in Neural Information Processing Systems, volume 32. Curran
Associates, Inc., 2019. URL https://proceedings.neurips.cc/paper_files/
paper/2019/file/3001ef257407d5a371a96dcd947c7d93-Paper.pdf.

8

https://arxiv.org/abs/2512.02012
https://arxiv.org/abs/2512.02012
https://arxiv.org/abs/1706.02677
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/2405.20320
https://arxiv.org/abs/2511.13720
https://api.semanticscholar.org/CorpusID:252111177
https://api.semanticscholar.org/CorpusID:252111177
https://api.semanticscholar.org/CorpusID:261697392
https://arxiv.org/abs/2202.00512
https://proceedings.neurips.cc/paper_files/paper/2019/file/3001ef257407d5a371a96dcd947c7d93-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/3001ef257407d5a371a96dcd947c7d93-Paper.pdf

	Introduction
	Preliminary: Flow Matching
	Related Work
	Methodology
	Proposed Method: Curriculum Sampling
	Experimental Setup

	Results
	Baseline Performance Comparison
	Best FID of baseline strategies
	Convergence Dynamics of baseline strategies
	Loss Landscape Analysis

	Optimizing the Curriculum
	Curriculum Learning Outperforms Static Baselines
	Phase 1 Distribution (p1(t))
	Phase 2 Distribution (p2(t))
	Switching Time (Ts)


	Conclusion

