Supplementary Material

A. Extension to Conditional Generation

The COT-FM framework naturally extends to conditional
generation settings. In unconditional generation, we use
unsupervised clustering to partition the target distribution.
In conditional generation, the conditions themselves serve
as natural cluster labels. For instance, in text-to-image gen-
eration, images corresponding to the same text prompt (e.g.,
"cat") naturally form a cluster. Similarly, in robot manipu-
lation tasks, different observations correspond to different
action distributions, providing an implicit cluster.

The key difference is that conditional generation may
encounter unseen conditions at test time, such as input ob-
servation for robot policy. Unlike unconditional generation
where we can precompute mean pj, and covariance matrix
3, for each cluster k, we cannot enumerate all possible con-
ditions in advance. To address this, we learn a conditional
model ¢ that dynamically predicts the noise distribution for
any given condition cg:

@y ~ N (pe(cr), o5 (ce)l), (1)

where f14(c) and o4(cy) are the predicted mean and stan-
dard deviation conditioned on cj. Since learning a full co-
variance matrix in high-dimensional space is prohibitively
difficult and unstable, we approximate the covariance using
only the predicted standard deviation. This allows COT-
FM to generate samples from appropriate cluster-wise noise
distributions at inference time, maintaining the benefits of
reduced trajectory curvature while generalizing to novel con-
ditions. We formulate the problem of training a conditional
model ¢ that predicts mean g4 (cy) and standard deviation
o4 (cy) for a given condition ¢y, as a reinforcement learning
problem within a one-step Markov Decision Process (MDP).

The one-step MDP is defined by a tuple (S, A, R), where
S denotes the state space, A the action space, and R the
reward function. Since our framework terminates after one
step, at timestep ¢ = 0, the conditional model ¢ observes a
state so € S, outputs an action ag € A and earns a reward
R(so0,ap). The objective is to maximize the expected return
over all states in S. We adopt Proximal Policy Optimiza-
tion (PPO) [37] algorithm for this reinforcement learning
problem.

As shown in Algorithm 1, given an offline dataset D with
{(ck, X1,5)},, our goal is to learn a conditional distribu-
tion that best matches the distribution of X7 ; under condi-
tion ci. We therefore treat the condition c;, as state sg and
specify the action as drawing an initial point x( according
to ¢k

wo ~ N (pg(cr), o3 (cr)l), @)

Algorithm 1 Training conditional model for non-fixed con-
dition in robot policy

1: Input: Trained FM model vy, initialized conditional
model ¢, offline dataset D with {(cy, X1 x)}5_,, batch
size M, training steps L.
for! =1to L do
Initialize minibatch: B + {}
for m = 1to M do
Sample (¢, x1) from dataset D
xo ~ N (pg(cr), 03 (cr)I)
Compute log-likelihood log py (o | cx)
Roll out FM: &, + ODESolver(vy, xg, cx)
V + exp(— MSE(&1, 1))
AV —E,[V]
Append to minibatch: B — B U
{(Cka Lo, Aa logp¢($0 | Ck)}
12:  end for
13:  Optimize ¢ according to minibatch with PPO.
14: end for
15: Output: Trained conditional model ¢.
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as a € A. The sampled x is then propagated through the
ODE to obtain a terminal point ;. We define the reward for
this transition as

R(sp, ag) = exp(— MSE(&1, x1)). (3)

where MSE denotes mean squared error between the gener-
ated and target terminal points. Because the MDP contains
only a single transition, the value equals the reward:

V = exp(— MSE(&1, x1)), 4)
We compute the advantage as
A=V -E,[V], (5)

where py, is the distribution from condition c;. We then use
these data to update ¢ with PPO.

During finetuning of the pretrained flow model in Al-
gorithm 2 and during sampling in Algorithm 3, the pro-
cedure follows our original algorithm, except that the pre-
defined (px, o) are replaced with the conditional outputs

(g (cr), o(ck)).
B. Computational Cost Analysis

Theoretical Analysis. Let n be the dataset size, b the batch
size, and K the number of clusters. Exact OT costs O(n?),
while batch OT (used by OT-CFM) costs O(b® - (n/b)) =
O(nb?) per epoch [29]. COT-FM computes exact OT within
K clusters each epoch: O((n/K)? - K) = O(n(n/K)?).
Our focus is the speed—quality tradeoff: as shown in Tab. 1,
COT-FM achieves better FID at matched per-epoch OT wall-
clock time.



Algorithm 2 Fine-tuning FM model for non-fixed condition
in robot policy

1: Input: FM model vy, conditional model ¢, batch
size M, training steps L, offline dataset D =
{(en Xu )by

2: for! =1to Ldo

3:  Initialize minibatch: B « {}

4. form = 1to M do

5 Sample batch data (¢, x1) ~ D

6: xo ~ N(pg(er), o3 (ce)I)

7 Append to minibatch: B < B U {(xo, z1)}

8:  end for

90 Lorm(0) = By (wg,m0)~nlvo(@e,t) — (21 — 20)|[3

10: 00— 'YV9£CFM(9)

11: end for

12: Output: Updated FM model vy.

Algorithm 3 Sampling for non-fixed condition in robot pol-
icy

1: Input: Conditional model ¢, FM model vy, condition

¢k, number of sampling steps 7.
: Draw source sample & ~ N (pe(ck ), o-i(ck)I)
:fort=0toT — 1do

z—x+v(e, L)+

: end for
: Output: Generated target sample .

Table 1. Speed—quality tradeoff comparison on CIFAR-10. OT-
CFM with batch size b = 512 and COT-FM with cluster size
n/K = 500 yield comparable per-epoch OT computation time,
but COT-FM achieves significantly better FID.

OT-CFM (Batch OT) ‘ COT-FM (Ours)
b Time (sec.) FID ‘ n/K Time (sec.) FID
512 6.2 4.78 ‘ 500 (50000/100) 6.3 3.97

Empirical Time Breakdown. We measure the wall-clock
time of each preprocessing stage on CIFAR-10. As shown in
Tab. 2, the one-time preprocessing takes 445 seconds in total,
dominated by the reverse ODE computation. The per-epoch
OT computation is approximately 15 seconds.

Table 2. Wall-clock time breakdown for one-time preprocessing on
CIFAR-10.

One-time Preprocessing  Time Cost (sec.)

Reverse ODE 420
DINO feature extraction 15
K-means clustering 10

Overhead of Reverse ODE vs. Training Longer. On
CIFAR-10, the reverse ODE preprocessing takes 420 sec-
onds, equivalent to approximately 5 training epochs. Train-
ing RF for these additional epochs increases FID from
4.45 to 4.49 due to overfitting, while OT-CFM shows no
improvement—FID remains at 4.78. In contrast, COT-FM
achieves FID 3.97, confirming that the preprocessing over-
head is well justified by the quality gains.

C. Comparison with 2-Rectified Flow

2-Rectified Flow (2-RF) [23] is a standard rectification
method that also involves a two-stage pipeline: (1) train
1-RF, then (2) generate synthetic couplings via forward ODE
and retrain the model. We provide a direct comparison on
CIFAR-10 to demonstrate that COT-FM is complementary
to 2-RF.

As shown in Tab. 3, applying COT-FM on top of 2-RF
yields additional gains: 2-RF achieves 12.21 FID at 1-step
generation, while 2-RF + COT-FM achieves 10.91 FID. This
demonstrates that the two approaches address different as-
pects of the problem—2-RF straightens trajectories via re-
training on synthetic couplings, while COT-FM further re-
duces path crossings through cluster-wise optimal transport—
and can be combined for cumulative improvement.

Table 3. 1-step FID (]) comparison on CIFAR-10 between 2-
Rectified Flow and 2-Rectified Flow enhanced with COT-FM.

Method FID ({)
2-Rectified Flow [23] 12.21
2-Rectified Flow [23] + COT-FM (Ours)  10.91

D. Additional Metrics and Ablation on K

We report FID, Inception Score (IS), Precision, and Recall on
CIFAR-10 with 50 NFE steps in Tab. 4. COT-FM improves
FID, IS, and Recall compared to Rectified Flow while main-
taining the same Precision, indicating that COT-FM achieves
broader coverage of the target distribution without sacrificing
sample fidelity.

Table 4. Additional metrics on CIFAR-10 (50-step) with K = 100.

Method FID] IST Precision? Recall 1
Rectified Flow [23] 445 9.11 0.78 0.65
COT-FM (Ours) 397 9.36 0.78 0.67

We also ablate the number of clusters K in Tab. 5. The
results show that COT-FM is robust to the choice of K: even
with as few as K = 5 clusters, COT-FM (FID 4.56) out-
performs OT-CFM (FID 4.78). Performance peaks around



K = 100 and slightly degrades at K = 120, suggesting
that overly fine-grained clustering can reduce the number of
samples per cluster and diminish the effectiveness of intra-
cluster OT. In practice, we recommend applying the elbow
method [43] to select K.

Table 5. Ablation on number of clusters K (CIFAR-10, 50-step
FID |).

Method K =5 K=50 K=100 K =120
COT-FM  4.56 4.10 3.97 4.06

E. Discussion on Clustering Quality

A natural concern is whether COT-FM is sensitive to the
quality of the clustering. We argue that the method degrades
gracefully and is robust in practice for the following reasons.

First, K = 1 reduces to the full-dataset setting where ex-
act OT is intractable, necessitating batch OT as in OT-CFM.
Any K > 1 improves over this baseline because cluster-wise
OT still reduces path crossings compared to batch OT, even
with imperfect cluster assignments. As demonstrated in the
ablation study (Sec. D), even K = 5 outperforms OT-CFM.

Second, for conditional generation tasks such as robot
manipulation, COT-FM does not require explicit clustering.
Instead, the conditional model learns source distributions
directly from task embeddings, as described in Sec. A.

Third, for unconditional generation, self-supervised fea-
tures from DINO [4, 28] achieve 78.3% k-NN accuracy on
ImageNet, demonstrating that semantically meaningful clus-
ters naturally emerge and are well-separated in real-world
data. This is precisely the property that COT-FM relies on: as
long as the clustering captures broad semantic structure, the
intra-cluster OT assignment will produce straighter transport
paths than global batch OT.

F. Convergence of Alternating Optimization

Table 4(a) in the main paper shows that FID improves across
iterations of the alternating optimization: 4.45 (0 iterations)
— 4.23 (1 iteration) — 3.97 (2 iterations), with diminishing
returns at iteration 3. Fig. | shows that the training loss
decreases monotonically across iterations.

Intuitively, the convergence behavior is stable because
the reverse ODE produces non-intersecting paths by con-
struction, and the subsequent cluster-wise OT reduces local
transport cost within each cluster. Each iteration of the al-
ternating procedure therefore starts from a better-aligned
coupling than the previous one, leading to monotonic im-
provement. A formal convergence analysis remains an inter-
esting direction for future work.
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Figure 1. Training loss across alternating optimization iterations,
showing monotonic decrease.

G. Related work

Diffusion Models and Flow Matching. Diffusion mod-
els [14, 17, 33, 39—41] have emerged as a powerful frame-
work for generative modeling. These models learn a transfor-
mation that maps a prior distribution to a target distribution
by progressively adding noise to the target distribution and
then learning the reverse process. The reverse process is typ-
ically formulated as a stochastic differential equation (SDE)
or an ordinary differential equation (ODE) [15, 41].

In contrast, Flow Matching (FM) [2, 21], learns a time-
dependent velocity field that directly transports samples from
the prior distribution to the target distribution. By modeling
this velocity field, FM reduces the need to solve differen-
tial equations during training, providing a more direct and
efficient way to learn the generative mapping.

Acceleration Strategies. Diffusion models and flow mod-
els sample slowly because of the recursive model evaluations
required when solving the underlying ODE. To accelerate
sampling while preserving generation quality, existing works
can be broadly categorized into three directions: distilling
knowledge from a pretrained model, learning a straighter
velocity field, and directly learning a solution map of the
ODE.

For distillation approaches [10, 24, 34, 36, 46, 47], the
central idea is to distill the behavior of multi-step diffusion
or score-based model into a few-step model. These meth-
ods supervise the student model using teacher trajectories,
enabling efficient sampling without significantly sacrificing
generation quality.

For learning straighter flows, a key challenge in train-
ing FM with a straight flow path is constructing a better
coupling between the source and target distributions. The
original FM formulation [21] uses random couplings for sim-
plicity. However, random couplings induce high curvature
of flow trajectories and degrade generation quality. Recent
works [6, 18, 30, 38, 44] address this issue by improving
the couplings using Optimal Transport (OT). Another line
of work explores coupling with generated samples [23, 48].



They propose an iterative training framework that couples the
source distribution with the corresponding target distribution
predicted by the pre-trained model.

To directly learn the solution map of ODE [3, 9, 11, 16,
42], Consistency Model (CM) [42] learns a mapping from
any point on a trajectory to its corresponding end point. Con-
sistency Trajectory Model (CTM) [16] generalizes this idea
by learning a mapping between any two points on the trajec-
tory. Shortcut Model [9] learns discrete shortcut transitions
along the trajectory, while MeanFlow [11] extends to a con-
tinuous formulation by learning the average velocity field
between two points on the trajectory.

Optimized Noise Prior. Many works have adopted the
strategy of optimizing the noise prior to improve the perfor-
mance of diffusion or flow model. In the domain of image
generation, prior works [26, 27, 35] demonstrate that a spe-
cific noise prior can induce specific pattern through diffusion
model. Building on this idea, subsequent works [8, 12] en-
hance diffusion model performance by optimizing the initial
noise using signals from reward models. Moreover, [5, 20]
employ reinforcement learning (RL) and Direct Preference
Optimization (DPO) [31] frameworks to modify the initial
noise.

In the context of robot policy learning, several works [1,
45] show that a better prior can lead to improved perfor-
mance or reduce the number of function evaluations (NFEs)
required to achieve the same performance.

H. Experimental Configuration

H.1. Compute Environment

For the LIBERO robotics experiments, we use a single
NVIDIA GeForce RTX 4090 GPU. For the CIFAR-10 and
ImageNet experiments, we use the AMD AI & HPC Clus-
ters Taiwan, equipped with AMD Instinct MI300X GPUs
(192 GB HBM3) and AMD EPYC 9684X 96-Core Proces-
sors. GPUs within each node are interconnected via AMD In-
finity Fabric (XGMI). CIFAR-10 experiments are conducted
on a single MI300X GPU, while ImageNet experiments use
8 MI300X GPUs on a single node. All AMD experiments
use ROCm 7.2.0.

H.2. 2D Point Cloud

We evaluate several flow-based generative models: Rectified
Flow [23], OT-CFM [44], MeanFlow [11], and our COT-
FM on three 2D benchmarks: Mixture of 5 Gaussians, Two
Moons, and a Checkerboard Grid. The source distribution is
a single Gaussian with mean (0, 0) and standard deviation
0.6, while the target distribution follows the corresponding
toy structure.

All methods use the same network architecture for fair
comparison. We train each model using the Adam optimizer

with learning rate le-3, batch size 512, and run 500 epochs
for each task. In each iteration, source—target mini-batches
are sampled, and the corresponding coupling strategy is
applied. For evaluation, we measure: (1) Wasserstein dis-
tance between generated and target samples using exact 2-
Wasserstein distance; (2) trajectory curvature, computed by
discretizing the integrated trajectories, normalizing tangents,
and measuring second-order directional change. Lower cur-
vature corresponds to straighter probability paths.

H.3. CIFAR-10

We experiment with unconditional generation on CIFAR-
10 [19], where the input to the model is 32 x 32 x 3 in pixel
space. We evaluate Fréchet Inception Distance (FID) [13]
using S0K generated images. Optimal Transport is computed
using the publicly released implementation from [44].

To ensure a fair comparison with Rectified Flow [23], our
implementation follows their setting. We train the models for
600 epochs with a batch size of 128 using Adam optimizer
with 81 = 0.9, 8> = 0.999, ¢ = 1 x 108, and no weight
decay. The learning rate is set to 2 x 10~* and we apply
gradient clipping with a maximum norm of 1.0. The back-
bone is an NCSN++-style UNet, and detailed parameters
are provided in Table 6. We maintain exponential moving
average (EMA) weights with decay rate of 0.999999.

For comparison with MeanFlow [11], we adopt their
experimental configuration. We train the models for 240
epochs with a batch size of 512. We used Adam optimizer
with 51 = 0.9, 82 = 0.999 and no weight decay. The learn-
ing rate is set to 0.0001. The UNet architecture follows [40],
with model parameters summarized in Table 6. We maintain
EMA weights with a decay rate of 0.99999.

H.4. ImageNet

We experiment with conditional generation on ImageNet [7]
256 x 256 with full dataset. The input to the model is 32 x
32 x 4 in latent space obtained from the VAE. We evaluate
Fréchet Inception Distance (FID) [13] using SOK generated
images. Optimal Transport is computed using the publicly
released implementation from [44].

Our implementation is slightly modified from the setting
of a non-official PyTorch implementation [49] to 1-RF. The
images are augmented through horizontal flipping. Both 1-
RF and COT-FM are trained for 190 epochs in total; COT-FM
is fine-tuned from a pre-trained RF model after 160 epochs,
requiring only 30 additional epochs of training. We use a
batch size of 256 with the Adam optimizer with 5; = 0.9,
By =0.95,¢ =1 x 108 and no weight decay. We set the
learning rate to 1 x 10~* and apply gradient clipping with a
maximum norm of 1.0. The backbone is Scalable Interpolant
Transformers(SiT) [25]. We maintain EMA weights with
a decay rate of 0.9999. We set w to 2.5 and 2 for SiT-B/4
and SiT-B/2, respectively. All other hyperparameters remain



identical to the original configuration.

H.S. LIBERO

The LIBERO benchmark [22] uses a Franka Emika Panda
robot with end-effector control and camera control. We
evaluate on Spatial for spatial relationships and Long for
long horizon tasks. Each task starts with 50 different initial
points and we record the average success rate for each task
with 3 different seeds. The hyperparameters are the same as
FLOWER [32], shown in Table 8.

We train the reinforcement learning model over 15 passes
of the offline dataset. After collecting 51,200 samples in each
pass, we perform Proximal Policy Optimization (PPO) [37]
training for the conditional model, where condition ¢ con-
tains language instructions and the current visual observa-
tions. During PPO training, the discount factor ~ is set to
0.99, the clipping parameter € to 0.2, and the learning rate to
1 x 10~°. Each PPO training session runs for 10 epochs.

For finetuning FLOWER, we follow the setting reported
in FLOWER, as summarized in Table 7. To ensure train-
ing stability, we only finetune the Action Encoders, Action
Heads, and Flow Transformer.

I. Additional Generated Results

We present additional generated images for CIFAR-10 in
this section. We use the same noise for those sampled from
N (0, I') and same noises for those sampled from our method
for consistency.

Component Rectified Flow MeanFlow
Channels 128 128
Channel multiple (1,2,2,2) 2,2,2)
Residual blocks per resolution 4 4
Normalization GroupNorm GroupNorm
Nonlinearity Swish Swish
Attention resolution 16 16
Dropout 0.15 0.2
Embedding type Fourier Positional

Table 6. UNet architecture for CIFAR-10 experiments.

Components Number of Parameters
ViT 360M
VLM 205M
Action Encoders 3.2M
Action Heads 31.8K
Global-AdaLN 28.3M
Cond Linear Proj. 1.0M
Timestep Embedder 1.3M
Cond Norm 1.0K
FreqEmbedder 1.3M
Action Space Embedder 1.3M
Flow Transformer 339M
¢ (ours) 17M
Total Parameters FLOWER 964M

Table 7. The parameters of all model components in FLOWER.

Settings LIBERO

Action Space Encoders
Action Space Decoders

2-layered MLP
Linear Attention

Number of Flow-T Layers 18
Latent Dimension 1024
Number of Heads 16
Position Embedding 1D Rope
Sampling Distribution Uniform
Attention Dropout 0.1
MLP Dropout 0.1
Residual Dropout 0.1
Act Seq Length 10
Denoising Steps 4
Multistep 4
Camera Views [Primary Static, Wrist]
Use Proprio False
Action Space Delta EEF
Frequency 10

Table 8. LIBERO hyperparameters of FLOWER.
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Figure 2. Visualization of CIFAR-10 for different flow-based methods under 10-step and 50-step generation settings.
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Figure 3. Visualization of CIFAR-10 for MeanFlow under 1-step generation settings.
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