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Abstract: Diffusion and flow matching policies have recently demonstrated remark-
able performance in robotic applications by accurately capturing multimodal robot
trajectory distributions. However, their computationally expensive inference, due to
the numerical integration of an ODE or SDE, limits their applicability as real-time
controllers for robots. We introduce a methodology that utilizes conditional Op-
timal Transport couplings between noise and samples to enforce straight solutions
in the flow ODE for robot action generation tasks. We show that naively coupling
noise and samples fails in conditional tasks and propose incorporating condition
variables into the coupling process to improve few-step performance. The proposed
few-step policy achieves a 4% higher success rate with a 10X speed-up compared
to Diffusion Policy on a diverse set of simulation tasks. Moreover, it produces
high-quality and diverse action trajectories within 1-2 steps on a set of real-world
robot tasks. Our method also retains the same training complexity as Diffusion
Policy and vanilla Flow Matching, in contrast to distillation-based approaches.

Keywords: Flow Matching, Optimal Transport, Imitation Learning

1 Introduction

Continuous-time generative models, such as Diffusion Models (DM) [1] and continous normalizing
flows trained by flow matching (FM) [2], have recently proven to be an excellent choice for imitation
learning of visuomotor robot policies from datasets of expert demonstrations [3, 4, 5]. This success
stems from these models’ ability to capture high-dimensional multimodal distributions, in this case,
over actions conditioned on observations. Conversely, explicit models [6, 7, 8] try to learn a direct
mapping between robot observations and actions, most often using Behavior Cloning (BC).

Continuous-time generative models come with a high computational cost for sampling actions, as
inference requires numerically solving an ODE [9, 2] or SDE [10]. The cost of generating a sample
grows with the number of time discretization steps used for integration, and the number of steps
needed to generate high-quality samples may be large. ODEs can typically produce accurate actions
in fewer integration steps than SDEs, but even 20 steps [11] is prohibitive for real-time inference.
Over the past years, there have been significant efforts to reduce the computational cost of inference
in continuous-time generative models. These efforts have been initiated mostly in the context of
image generation [12, 13, 14].

The high latency of action generation using DM/FM policies has a direct impact on their real-world
applicability, since it significantly reduces the frequency with which the policy can provide new
actions to the robot. This in turn can lead to intermittent robot motions [5], where the robot follows
a short-horizon trajectory and then stops to compute the next trajectory, or inability to solve tasks
within dynamic environments (e.g., manipulating deformable objects [15]).

Recently, interest has also emerged in accelerating robot policies [11, 16, 17]. The most common
methodology for learning high-quality one-step models is by using distillation techniques that amor-

9th Conference on Robot Learning (CoRL 2025), Seoul, Korea.


https://ansocho.github.io/cot-policy/

tize integration of an ODE over a time interval into a single-pass computation [12, 13, 14]. However,
distillation requires a trained expert or multiple sequential re-trainings of a flow model [18], signifi-
cantly increasing the time required to train high-quality one-step models. This can be prohibitive when
training large policies on rich datasets with many high-dimensional exteroceptive robot observations.

In this paper, we present COT Policy, a FM methodology for training high-quality few-step visuomotor
policies which preserve multimodality without a need for additional training phases. Our method is
based on the use of Optimal Transport (OT) couplings [19] between noise and target actions. We
demonstrate that naively using unconditional OT in FM for training conditional robot policies yields
biased flows and is sometimes even worse than vanilla FM. Instead, we reformulate the OT problem to
account for joint distributions of target samples and conditions, similar to recent works in conditional
OT (COT) couplings [20]. Our main claims and contributions are the following:

(1) We introduce COT couplings and a technique for handling continuous conditions by dimension-
ality reduction and clustering.

(2) We use COT to train flow-based policies that outperform standard FM and OT-CFM in few-step
performance on several robotic tasks.

(3) We analyze the diversity of sampled trajectories and show that COT Policy maintains the
multimodality of the action distribution necessary for robust control at low inference cost.

2 COT Policy

In this section, we review the preliminaries on flow matching as relevant to our setting and present
the proposed approach. Additional background and related work can be found in Appendix A.

2.1 Preliminaries: Conditional Flow Matching for Generative Modeling

Neural ODE generative models. The problem of generative modeling with continuous normalizing
flows, or neural ODEs [21], asks to find an ODE that transforms an initial noise distribution p over
R4 into a target distribution p1, where samples from both po and p; are available. Given an ODE

dx =vg(t,x)dt, (1)
where vy : R x RY — R is a vector field parametrized by a neural network with parameters 6
taking x and ¢ as input, one aims to find 8 such that if x(0) = x¢ ~ pg, then the distribution over x(1)
induced by integration of the ODE (1) from ¢ = 0 to ¢ = 1 with initial conditions x(0) matches p;. In
our setting, pg is a fixed Gaussian noise distribution N (0, 1), so approximate samples from p; can
be generated from the trained model by sampling x(0) ~ N (0, I;) and integrating the ODE (e.g., by
euler integration). (The time variable ¢ in the ODE is part of the probabilistic model and is not to be
confused with the robot timestep 7, to be introduced later.)

Conditional flow matching. Conditional flow matching (CFM) assumes the choice of two objects:
a coupling distribution g (xg, x1) whose marginals over x and x; equal pg and p1, respectively, and
a choice of an interpolating path from x( to x; for every (xg, x1). The latter is an ODE dx = u(¢,x |
X0, X1) dt whose solution with initial conditions x(0) = xo has x(1) = x;. In this paper, we always
use a linear interpolant: u(t,x | xg,x1) = x1 — Xxg, yielding x(¢) = tx1 + (1 — t)xg, so the solution
moves from xg to x; along a line segment at a uniform rate as t moves from O to 1.

In CFM with linear interpolants, the network v is trained through the stochastic regression objective:

interpolant
—_——
2
Lcpm(0) = E | ve (t,tx1 + (1 = )x0) = (x1 = x0) || )
t~’u([0,1]) ————
X0,X1~¢ (X0,X1) learned vector field target

The key mathematical fact making this objective correct is that (under smoothness conditions that
we always assume to be satisfied), the vector field v¢ that minimizes the loss (2) among all time-
conditional vector fields transforms the initial distribution pg at ¢ = 0 into the target distribution p; at
t = 1, that is, solves the generative modeling problem introduced above. Notably, training with the
objective (2) does not require any ODE integration, making CFM a simulation-free algorithm.



Optimal transport couplings. Different choices exist for the coupling ¢(xg,x1). In Indepen-
dent Coupling CFM (I-CFM), which we use interchangeably with CFM for the rest of the paper,
q(x9,x1) = q(x0)g(x1). Another option, which was shown in [19, 22] to reduce objective variance
and straighten integration curves, takes g to be a minibatch optimal transport (OT) plan computed
from batches of samples xq, x1. Such a coupling approximates the OT plan between pg and p;.

We next recall some preliminaries about OT. The static OT problem aims to find a coupling of
minimal cost between two distributions. Given a cost function C(-, ) : R4 x R? — R, we search for
a solution to the optimization problem:

OT(po,p1) = _inf  E(xyx1)~x[C(x0,x1)], 3)
nell(po,p1)

where I1(pg, p1) denotes the space of probability measures whose left and right marginals equal
po and p1, respectively. Intuitively, we seek a way to (stochastically) transport particles distributed
according to pg so as to make them distributed according to pi, minimizing the total cost of
transportation. The infimum in (3) is called the OT cost, and a minimizer is called an OT plan.' In the
case where C(xq,x1) = ||xo — x1]|? is the squared Euclidean distance, the square root of the distance
in (3) is called the 2-Wasserstein distance and denoted Wa(pg, p1).

Under basic conditions, the 2-Wasserstein OT plan exists, is unique up to a null set, and deterministi-
cally transports xg ~ po to x; ~ p;. Describing this transport plan as the solution of an ODE, which
translates particles from x to x; through time, leads to the dynamic form of the OT problem, also
called the Benamou-Brenier form [24]. We refer to [19] for details, but remark that (1) the dynamic
OT plan moves points in a straight line segment at uniform rate from xq to x1; (2) if g(xg,x1) is taken
to be the 2-Wasserstein OT plan, then the minimizer of the CFM objective (2) among all vector fields
is precisely the dynamic OT ODE. These properties motivate the use of approximate OT plans as the
coupling ¢(xg,x1): the resulting integration paths are more straight and thus the ODE can be solved
to suitable precision with fewer euler integration steps.

Conditional generative modeling with CFM. The CFM framework can be extended to conditional
generative modeling. If the distribution p; varies with a additional variable ¢ € C, we simply use
a coupling ¢(xg,x1 | ¢) whose marginals are py and p;(- | ¢) and fit a conditional vector field
vg(x,t | ¢), integration of which from # = 0 to # = 1 would transform the noise distribution pg to
the conditional target p; (- | ¢). A conditional form of the static OT problem exists, which aims to
minimize transport cost for all values of the condition ¢ simultaneously [25], and Kerrigan et al. [20]
introduced an equivalent Benamou-Brenier dynamic form for the conditional problem, which would
be solved by performing CFM with conditional OT couplings g(xo, X1 | ¢).

The technical challenge that motivates this paper is that when the condition variables ¢ differ for all
samples in a dataset, OT couplings are no longer possible to construct, since we cannot construct
batches of samples that share the same condition ¢ and use them to approximate the OT plan from pg
to p1(- | c); see §2.2.

Imitation learning as conditional generative modeling. As will be described in detail in §2.3,
we treat the learning of actions given expert demonstrations as a conditional generative modeling
problem. Assume a dataset of observation-action sequence pairs D = {(o'?, a(i))}:?:l is given. We
treat the a(*) as samples from a target distribution p1(a | 0) with conditions 0 = 0?). Approximating
this distribution by learning a neural ODE, conditioned on o, that transforms pg to p1 (- | 0), would
allow sampling actions a given observations o not seen in training.

In our setting, o and a represent observation histories and action sequences over short time horizons,
respectively. The dataset O of short-horizon sequences is formed by extracting short sequences
from expert demonstrations of longer duration. The observations consist of raw RGB images and
proprioception [5, 12] but could also include point clouds [26] or force-torque data [27, 28].

Under some conditions, e.g., squared Euclidean cost and pg absolutely continuous with finite variance, the
infinimum is achieved and the minimizer is unique [23].



2.2 Optimal Transport Couplings for Finite Conditional Tasks

For unconditional tasks, taking the coupling ¢ in
CFM to be the OT plan between pg and p; results in
a flow that solves the dynamic OT problem. However,
if we are aiming to sample a conditional distribution
p1(- | ¢), then naively taking ¢ to be the OT plan
between the noise distribution p and p;’s marginal NEED] NEE=100
distribution over x; would not yield a solution to the i ey
conditional generative modeling problem, as can be
seen in Fig. 1, where we train an ODE that transforms
po (mixture of Gaussians) to p1(- | ¢) (two moons,
where ¢ = 0, 1 indexes the two halves of the moon).
Such a naive use of OT-CFM causes noise samples
from the top Gaussians to pair almost exclusively
with targets from the top moon. During inference,
while the paths remain nearly straight, sampling noise
from one of the upper Gaussians with ¢ = 1 leads to
out-of-distribution targets. This occurs because few
regression targets were established during training to
connect the bottom moon to the upper Gaussians.

Ground Truth

CFM

OT-CFM

We first consider conditional tasks with condi-
tion variables (or observations) ¢ € C, where
C = {ci,co...,cx} is a finite set.  Given
a batch of N samples with conditions B; =
{(xgl),c(l)),(xf),c(z)),...,(x%N),c(N))}, where
x%i) € RY and ¢ e (C, from the dataset,
we construct a batch of noise observations By =

1 (1 (2) .(2) (N) _(N) '
{(xg (’i)co ): (?0 2Co )reees (g o cg ) Where oo L (1)CFM, OT-CFM, and COT-CEM
the x;’ are independent samples from po and flows trained to generate the two moons dis-
c(l), e céN ) is a uniform-random permutation of tribution from the 8 Gaussians distribution.
Generation with 100 (top row) and 1 (bot-
tom row) euler integration steps is shown.
CFM gives curved flows that cannot be inte-
grated accurately in one step, while OT-CFM

_ 2 2 ives biased samples. Our proposed COT-
c((xp,co), (x1,C =|lxo —x + c c g p prop
((x0. o). (x1. 1)) = lIxo il Iy (e 1)|14) CFM avoids both issues.

COT-CFM (ours)

¢, ..,c¢™), We then compute the empirical OT
map between the empirical sets of sample-condition
tuples By and B, using the cost function

where vy is a hyperparameter. This results in a empirical coupling 7 (xg, x1), which is used for training
the conditional vector field v¢ (7, x | ¢) conditioned on ¢) using the CFM loss:

interpolant condition
—_——
; . i 2
Lepu(9) = E [vott,txf? +(1=nxo | @ )=(" -x) " ©®
1~U([0,1]) S e
(x{".c@)~U(By) learned conditional vector field target

(x0,¢0)~7(x0]x{")

The cq are only used in computing the OT plan, and taking the cq to be a permutation of the observed
conditions c¢; ensures that the two batches of conditions come from the same distribution. We term
CFM augmented with this COT pairing as COT-CFM (conditional OT conditional flow matching).

The purpose of vy is to prioritize pairing of tuples with similar conditions. In the limit of y — oo, the
second term in (4) dominates over the first: samples (xg, ¢() are paired with samples (x1, c1) with
co = c1, and for each given c, « is the OT plan between the batches of xy and x; having condition c.
On the other hand, if y = 0, we recover OT-CFM, which ignores the conditions when computing the
coupling even while the vector field takes ¢ as an input, leading to biased conditional generation. We



can thus control the trade-off between an exact solution to conditional dynamic OT (y — o) and
smoothness and generalization (y — 0) [20]. An investigation of the effect of y on the solutions of
minibatch OT can be found in Appendix E.1.

The COT-CFM algorithm is applicable even when the set of conditions C is not finite. However, as
we explain next, when the conditions lie in high-dimensional continuous spaces, they will undergo
dimensionality reduction and quantization before the OT is computed.

2.3 COT-CFM as a Robot Policy

Continuous condition tasks. In robotic tasks, the conditions for computing robot actions are
derived from the robot’s sensor observations. In our case, these observations o include RGB images
and proprioceptive data, both of which take continuous values.

Intuitively, the conditional distribution of robot actions is not sensitive to small changes in the state of
the environment and the robot. Small deviations in the robot’s position or the workspace it operates
in do not influence the plan of actions. Therefore, we can treat similar states or observations as a
single condition in the calculation of 7 (x¢, x1). Effectively, we can obtain an approximation of the
continuous conditional OT plan by discretizing the observations and applying the approximation to
the conditional OT pairing described in §2.2. This involves the operations: e = £(0), ¢ = Q(e),
where & is an encoder for the observations and Q is a discretization function. The encoder is solely
dependent on the modality of the observation, while the discretization function can be any suitable
discretization scheme, such as a quantizer [29, 30] or a clustering algorithm.

Robot policies. Our pipeline for learning
a generative policy includes encoding raw
RGB observations using a vision encoder that Input: Noise distribution pg, data-conditions
is trained end-to-end with the policy, as is dataset D, condition weight v, initial network v,
often done in imitation learning using genera-  encoder &, discretizer Q.

tive models [5]. We implement & as PCA on while training do i) (NN .
each image batch, leaving the proprioceptive Sample data batch {(a'”, 0"")};; ~ D, noise

Algorithm 1 COT Policy training

vector unchanged. For the discretizer Q, we batch {X(()l)},l-\:ll ~ Do {® }5\:]1 ~U(0,1)
perform K-means clustering into K clusters /" Noise-action pairing with COT

and represent each point by the centroid of e — &), ¢ —Q(e)

the cluster it belongs to. The resulting repre- c% """ N randperm(cg1 """ N))
sentations ¢ = Q(E(0)) are used to compute m « OT plan with cost (4) _

the OT coupling, while the unprocessed ob- from {(xg), c;lo))}f\il to {(a®, cg))}f\il
servations o are used for conditioning the x(()i) ~ (- | XY)) {paired initial point}
flow vg(t,x | 0) (see Appendix B.1 and Ap- // CFM loss and update

pendix B.3 for details of the architecture of x 1 Dg) 4 (1 - t(i))xéi) {interpolant}
the model v¢ (¢, x | 0)). This choice of & and Update 6 with loss (5):

Q, althoygh 51mp1f3, is easy to (?x'tend to any ) ||va(t(i),xt(l) [ o®) = (a) - xé‘))”2
observation modality, adds negligible compu- end while

tational overhead, and avoids the training of
additional networks. The pipeline for our policy, called COT Policy, can be seen in Algorithm 1.

Training complexity. In contrast to distillation methods, which require an increased number of
forward model passes [14] or two separate training phases [11, 16, 31], COT policies do not require
extra training time. Although they include extra processing steps compared to their CFM counterparts,
i.e., performing dimensionality reduction and clustering, they add negligible computation time if
implemented in a GPU-accelerated framework.

3 Experiments

We evaluate COT Policy’s action-distribution learning capabilities and ability to capture multimodality.
Details of demonstration datasets, and implementation can be found in Appendix B and Appendix C.



Figure 2: Tasks used for the evaluation of COT Policy.

Method NFE | threading d0 stack.dl coffee.dl square d0 push-t cup | Avg
CFM (Tong et al. [19]) 4 0.730 0.927 0.720 0.753 0.877  0.776 | 0.797
OT-CFM (Tong et al. [19]) 4 0.723 0.940 0.623 0.697 0.712  0.743 | 0.740
DP (DDIM) (Chi et al. [5]) 4 0.720 0.917 0.650 0.650 0.877  0.763 | 0.763
DP (DDIM) (Chietal. [5]) 20 0.720 0.940 0.650 0.707 0.881 0.787 | 0.781
Adaflow (Hu et al. [17]) 1.29 0.707 0.937 0.717 0.667 0.849  0.823 | 0.783
CFM (Tong et al. [19]) 2 0.737 0.913 0.730 0.690 0.870  0.797 | 0.790
OT-CFM (Tong et al. [19]) 2 0.667 0.897 0.613 0.630 0.694  0.753 | 0.709
COT Policy (Ours) 2 ‘ 0.750 0.937 0.787 0.707 0.878  0.847 ‘ 0.818

Table 1: Performance comparison of COT Policy with all baselines on the robot manipulation tasks.

Baselines. COT Policy is compared against 1) CFM, 2) OT-CFM [19], 3) Diffusion Policy (DP) [5],
and 4) Adaflow [17], a variance-based adaptive CFM sampler. These choices allow us to support our
claim that COT Policy outperforms ODE-based methods in few-step generation without compromising
action diversity and with comparable training cost. Although Adaflow requires two-phase training,
the second phase trains only linear layers and therefore adds negligible training overhead. Diffusion
Policy with a large number of function evaluations per step (NFE) is used for comparisons as a
state-of-the-art policy. For all results, unless stated otherwise, COT Policy is implemented with 64
clusters for discretization of the conditions (§2.3). See Appendix B.1 for all implementation details.

Tasks. To validate the proposed COT approach, we first consider two low-dimensional synthetic
tasks with discrete and continuous conditions (Fig. 1). Because the focus of this paper is imitation
learning for robot policies, this study is relegated to the Appendix (Appendix D.1).

In the main text, we consider three sets of simulation tasks: 1) four robot manipulation tasks
(Fig. 2) from MimicGen [32], which is a RoboSuite [33] and RoboMimic [6] extension, with realistic
manipulation environments and the ability to easily generate demonstrations (§3.1), 2) two toy
decision making tasks, namely, push-t (commonly used in Behavior Cloning [34, 5]) and cup from
dm-control [35] (§3.1), and 3) two Maze navigation tasks from D4RL [36] (§3.2).

Furthermore, we evaluate our policy on real hardware in three manipulation tasks (§3.4).

3.1 Simulated Robot Manipulation Tasks

We assess the performance of COT Policy in robot manipulation tasks. We choose four tasks from
the MimicGen benchmark along with push-t and cup. We evaluate all policies on 150 rollouts and
2 different seeds for the noise distribution, except for Push-T, which is evaluated on 600 rollouts in
total. For each task we report the average success rate over all rollouts and seeds, except push-t, for
which we report the average percentage of coverage of the goal from the T block, consistent with
evaluation metrics from prior work. For Adaflow we use the trained CFM policy and fine-tune the
variance predictor as explained in [17]. For CFM, OT-CFM, and COT Policy we use the midpoint
solver to sample action trajectories, for Diffusion Policy we use DDIM [37], and for Adaflow we use
the variance adaptive solver with 2 maximum steps to have a fair comparison with COT Policy.

2-step COT Policy outperforms all baselines. From Table 1 it can be seen that COT Policy
outperforms all compared methods on average. COT Policy achieves the highest success rate across
tasks with NFE = 2 and even exceeds CFM, OT-CFM, and DP when those models are evaluated with
NFE = 4 or DP with NFE = 20. OT-CFM again lags behind all the other methods since it does not
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Figure 3: Left: Evaluation of the ability of CFM and COT Policy to encode multiple modes in the
maze navigation task for 1, 2, and 5 euler steps (NFE). Right: Trajectory Variance of CFM and
COT Policy in the two Maze tasks and coffee_d1 task for NFE = 1 on the top and NFE = 2 on the
bottom. The percentage of successful rollouts is written above each bar.

take into account the observations when coupling action trajectories with noisy trajectories, yielding
a biased optimal flow. We hypothesize that Adaflow performs worse than 2-step CFM, despite having
an adaptive step size, because it takes a maximum of 2 euler steps instead of the 2 steps that are
needed for one iteration of the midpoint method in the other flow-based policies.

3.2 Evaluating Multimodality

We further evaluate the diversity of actions generated by COT Policy and by a CFM policy. To measure
trajectory diversity, we introduce the Trajectory Variance (TV) metric. For a set of n trajectories
A ={ai,as,...,a,}, we calculate TV as the mean squared Dynamic Time Warping [DTW; 38]
distance between each trajectory in A and the barycenter (or Fréchet mean) of A, calculated using
DWT Barycentric Average [DBA; 39], as implemented in the zslearn package [40]. The barycenter
Hq acts as a ‘mean trajectory’ and is defined as p, = argmin, 3\i; d%WT(ai, ), where dpwr is the
DWT distance between two trajectories. Using u,, we calculate TV as TV = % T dZWT(ai, Ha).
We view TV as an analogue of variance in the space of trajectories and use it to measure the diversity
of action plans generated by the two policies. (In the case of one-step trajectories with the same
initial point, TV exactly recovers the trace of the empirical covariance matrix of the velocity vectors.)

Out of 50 rollouts with the same environment seed, only successful ones are considered for the
calculation of TV in the results presented in Fig. 3.

COT Policy generates diverse actions even for low NFE. Based on the results shown in Fig. 3,
COT Policy exhibits more diversity (higher TV) for all tasks, which is in accordance with the
trajectories shown on the left side of the same figure. The TV and success rate of CFM increases
when we use 2 euler steps instead of 1, while for COT Policy we observe an average increase in
success rate but slightly lower TV. This is potentially due to discarding unsuccessful rollouts in the
calculation of 7V. Discarding certain trajectories can lead to either an increase or decrease of TV
depending on which mode they represent. See Appendix D.2 for additional results.

—— COT == CFM NFE=2 ~ ® NFE=3 A NFE=5

3.3 Ablations
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Effect of cluster number in COT Policy. The number of
clusters K used in COT Policy directly impacts the performance.
From Fig. 4 it is evident that COT with too few clusters exhibits
similar degradation to OT-CFM. For a number of clusters close
to the batch size we observe the greatest advantage of COT
over CFM. This is potentially due to the diversity of clusters
in each l.)a.tc.h this choice induces, whi.ch should not be too Figure 4: Success rates of COT Pol-
low (exhibiting close to OT-CFM behavior) or too close to the icy on the push-t task for K =
batch size (exhibiting close to CFM behavior as each condition  §°32 64, 128 and NFE = 2, 4, 10.

:}

@
)

Success Rate (%)
\N

84

8 32 128

64
Number of Clusters



CFM  —— COT - DDiM oT

Success Rate vs. NFE (Euler) Success Rate vs. NFE (Midpoint) Success Rate vs. Epochs (Midpoint)
Reo| == . 20 S
E .
560 N ‘ 88
Y 40 8754 ="
() \
S 85.0 86
520 75 100 125
"

25 50 7.5 10.0 12.5 150 17.5 8455 50 75 100 125 150 175 0 100 200 300 400 500 600 700
NFE NFE Epochs

Figure 5: Success rates on the push-t task with varying NFE with the Left: euler solver and
Middle: midpoint solver. Right: success rate over training epochs.

is unique). As the number of clusters increases and approaches the dataset size, the behavior of
COT-CFM asymptotically resembles that of CFM. Further discussion can be found in Appendix E.2.
Additionally, we show the importance of observation discretization by providing a comparison of
COT Policy with and without clustering in Appendix D.3.

Effect of NFE and solver type. From Fig. 5 and the rest of the results presented in this section,
it is clear that NFE has a direct impact on the quality and diversity of the generated samples from
any method. The number of solver steps, despite heavily impacting all methods, has a more subtle
effect on COT Policy as sample diversity and success rates only slightly benefit from increases in
NFE. Furthermore, the choice of the fixed-step solver used plays a role according to Fig. 5 as there is
a consistent increase in performance with the midpoint solver for the same NFE.

Training complexity. In Fig. 5, we see that COT Policy training converges at approximately the
same time as CFM and DP. Moreover, our choices for the encoder & and the discretizer Q (PCA and
K-means respectively) as well as minibatch OT add negligible computational overhead per batch
when implemented in GPU-accelerated frameworks, compared to performing a backward pass on the
flow model. Therefore, COT Policy requires approximately the same time as CFM and DP to train.

push-T cup-stacking cup-in-drawer

3.4 Real Robot Experiments

We evaluated the low-NFE performance of COT Pol-
icy and CFM Policy on three real-world robot tasks,
shown in Fig. 6, using a KUKA ITWA 14 robot and
two Realsense D415 cameras—one mounted on the
end-effector and one providing external view of the

Figure 6: Visualization of real tasks.

workspace. We collected expert demonstrations using g CFM policy COT policy

teleoperation and executed the policy in a PC with a SRT___Trel SR TTCL
push-T 02/04 54.4/447 08/0.6 357/358

NVIDIA GeForce RTX 2080. cup-stacking  0.4/02 44.5/51.1 0.6/08 32.2/24.0

cup-in-drawer 0.2/0.2 53.3/54.0 0.8/0.2 353/529

In all three tasks, CFM underperforms compared to COT
Policy, while a.lso requiring more Fime to solve the task Time to Completion (TTC; seconds) in the
(Table 2). The increased NFE required by CFM to accu- .1 tasks. Results in the format (euler—
rately generate actions from the multimodal distribution NFE=1 / midpoint-NFE=2).

of expert human demonstrations leads to intermittent

motions. In contrast, COT policy is able to solve all tasks with at most 2 inference steps.

Table 2: Success Rate (SR; 5 rollouts) and

4 Conclusions

We present COT Policy, a flow matching policy for fast inference in robot tasks and multimodal
action generation. We achieve this by pairing noise and action trajectories during training with an
approximation to the Conditional Optimal Transport plan. We have shown that 2-step COT Policy
outperforms other generative models in sequential decision making tasks while maintaining action
diversity. This allows COT Policy to be used for high-quality real-time action generation while
requiring only a handful of network evaluations to perform inference.



5 Limitations

One major limitation of our method is the introduction of two hyperparameters. Although the scale
factor y does not significantly impact performance, the choice of cluster K does. Different dataset
and batch sizes can impact the optimal choice of K. For robot manipulation tasks we suggest setting
K equal to the batch size however it is not evident if that choice is sensible for any task. Additionally,
although we are able to perform high quality 2-step action generation with the midpoint solver,
in some cases there is a gap between low and high NFE performance, especially as dimensionality
grows. It would be an interesting direction to address this gap by combining OT coupling with
distillation techniques that require a single training phase [14, 13].
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A Related Work

Diffusion and flow-based models in robotics. Diffusion and flow-based models have demonstrated
remarkable performance across various domains, ranging from image and video generation [41, 42,
43, 44] to monocular depth estimation [45, 46, 47]. Their ability to model complex, high-dimensional
probability distributions has naturally led to their widespread use in robotics, particularly in policy
learning [3, 4]. Chi et al. [5] proposed DMs as an alternative to standard explicit policy models [6],
learning distributions of short-horizon trajectories conditioned on the robot’s proprioceptive and
exteroceptive observations. Other methods [48, 49] have leveraged DMs to develop accurate planners
that integrate rewards into trajectory generation through conditional generation techniques, such as
diffusion guidance [50].

Recent work has explored the effectiveness of generative model (GM)-based policies conditioned
on robot-relevant observations, including point clouds [26], text [51, 52], and force-torque data
[27, 28]. In many cases, the geometric structure of the observations has been explicitly considered by
incorporating manifold variants of Flow Matching [53, 26] or employing equivariant Transformer
architectures for policy learning [54].

Despite their success in various robotic tasks, DMs and flow-based models suffer from slow infer-
ence speeds, posing a significant limitation for real-time deployment or scenarios with constrained
computational resources. Some approaches leverage FM to reduce the number of steps required for
action sampling. However, even in flow-based policies, few-step generation can significantly impact
the diversity of action trajectories and, potentially, the policy’s success rate.

Accelerated inference in continuous-time generative models. Efforts to accelerate inference in
DMs began with the development of alternative samplers [37, 55, 9], which replace computationally
expensive iterative denoising with more efficient, often deterministic, sampling schemes. While
these methods significantly improve inference speed, they still require multiple steps to generate
high-quality samples. To achieve competitive one-step inference quality, distillation methods [56, 13,
12,57, 14, 58, 18] are commonly employed.

This family of approaches primarily seeks models capable of directly predicting the solution to the
denoising SDE at any time step, enforcing consistency objectives [12, 57, 14] rather than explicitly
distilling few-step models using generated denoising SDE solutions. A major drawback of distillation
methods is their reliance on costly training procedures, often requiring multiple training phases
involving teacher DMs and student one-step models. Some high-quality one-step models [56, 18]
necessitate progressive training phases. While certain methods can be trained in a single phase
[12, 14], they require more training steps to converge, each step being computationally expensive,
and the performance gap between few-step and one-step inference remains large. Most robot policies
based on distillation methods [11, 16, 31] face similar limitations.

In this work, we build upon Conditional Optimal Transport principles to develop policies that train as
efficiently as CFM while achieving superior few-step performance. Our method serves as an efficient
alternative to CFM by implicitly improving few-step performance via learning straighter paths. This
is in contrast to distillation methods which explicitly learn few-step solutions of the denoising ODE.

B Implementation Details: Simulation

B.1 Training details

Training on manipulation and Maze tasks. All the baselines have been trained using the same
CNN-based U-Net architecture from [5]. The flow network for all flow-based techniques and the
noise network of DP utilize the U-Net as their architecture, with the same hyperparameters, totaling
approximately 240 million parameters (excluding the vision encoders). The image observations first
pass through a vision encoder. For more details on the vision encoder see Appendix B.3. We detail
further training decisions below:
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* CFM. For the implementation of the CFM-based policy we followed the methodology of Tong
et al. [19]. The only discrepancy is the addition of the observations as a conditioning variable in
the flow model.

* OT-CFM. OT-CFM uses the same setup as CFM with the addition of coupling noise and action
samples using OT. For that we use the tools provided by forchcfin [19, 59] for calculating the
minibatch OT plan with conditions. Since the noise and action samples are rearranged based on the
OT plan, the conditions are rearranged as well with the respective actions. To calculate the OT plan
we use the Earth Mover’s Distance (EMD) algorithm [60].

* Adaflow. We use the trained CFM models as the base flow models of Adaflow for each task.
We then train the variance estimation network, implemented as a 2 layer MLP, according to the
training procedure detailed in [17], for an additional 200 epochs. The flow network was frozen
during training of the variance estimation network. Since we were unable to find a recommended
number of training epochs for the variance estimation network we opted for a large enough epoch
count despite updating only the weights of some linear layers. The learning rate was held constant
throughout training. We set = 0.5 and €,,;,, = 2. The choice of €,,;, = 2 was made so that
Adaflow uses a maximum of 2 steps during inference, to ensure a fair comparison with other 2-step
methods. This value of 17 was chosen since slightly higher values led to Adaflow using NFE=2 and
slightly lower NFE=1 at every inference step.

* DP. The implementation of DP is identical to the one in Chi et al. [5].

Hyperparameter ‘ Moons & Fork Maze MimicGen, Push-T & Ball-in-cup

| CFM & OT-CFM COT Policy | CFM & OT-CFM  COT Policy | DP CFM & OT-CFM  COT Policy
Learning rate le-3 le-3 le-4 le-4 le-4 le-4 le-4
Optimizer Adam Adam AdamW AdamW AdamW AdamW AdamW
Batch size 256 256 64 64 64 64 64
Weight decay 0.0 0.0 le-6 le-6 le-6 le-6 le-6
Epochs - - 1000 1000 1000 1000 1000
Training Steps 50000 50000 - - - - -
Learning rate schedule constant constant cosine cosine cosine cosine cosine
EMA decay rate - - 0.9999 0.9999 0.9999 0.9999 0.9999
Warmup steps - - 1500 1500 1500 1500 1500
Inference steps in training rollouts - - 2 (Euler) 2 (Euler) 100 (DDIM) 2 (Midpoint) 2 (Midpoint)
Action prediction horizon - - 60 60 16 16 16
Observation horizon - - 2 2 2 2 2
Action execution horizon - - 50 50 8 8 8
Image size 2(Moons)/1(Fork) 2(Moons)/1(Fork) 96x96 96x96 96x96 96x96 96x96
Number of Clusters - 2 - 16 - - 64
PCA features 100 - 100

Table 3: Training hyperparameters for COT Policy and baselines

Training on distribution tasks. We train CFM, OT-CFM, and COT-CFM using an MLP with 4
Linear layers with 64 neurons each and SELU activations. The conditioning and time variables are
concatenated with the samples and passed as inputs. For these two tasks we do not use positional
embeddings for the time variable. For the Fork task we do not encode the conditions as they are
already 1-dimensional, however we cluster them using K-Means with K = 2. We found that this
number of clusters works best for this task, potentially due to the fact that the distribution changes
based on two different sets of values for the condition variable, namely x < 0 and x > 0.

B.2 Clustering and dimensionality reduction in COT Policy

As mentioned in the main text, for COT Policy, we implement the encoder & as a PCA transformation
of the images and the discretizer Q as K-means clustering, with the centroids of the clusters being the
discretized values of the conditions. Both algorithms were implemented in pytorch to allow GPU
acceleration. The eigenvector matrix for PCA is calculated using SVD on the images from the entire
dataset before training and during training dimensionality reduction is performed by multiplying the
data matrix with the eigenvector matrix. Similarly the clusters are computed using the entire dataset
before training and during training each pair of PCA image features and proprioception is matched to
its closest cluster, based on Euclidean distance. Although the speed of these operations is negligible
compared to forward and backward passes of the U-Net, the storage of the eigenvector matrix for
PCA can have a significant impact on the GPU memory required during training.
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B.3 Visual Encoder

We train the visual encoder used for generating the embeddings that condition the flow, end-to-
end alongside the flow network, using a randomly initialized ResNet-18 [61]. This choice aligns
with [5], which reported that conditioning a DP with features extracted from pre-trained visual
representations (PVRs) (e.g., R3M [62]) led to suboptimal performance. However, recent advances in
3D spatial representations, fused with PVR-derived features while ensuring multi-view consistency,
have demonstrated promising results in downstream robotic tasks [63, 64, 65, 66, 67]. This has
sparked interest in leveraging such methods for conditioning diffusion policies [68, 51]. We argue
that this research direction is still in its early stages, with open challenges in effectively integrating
PVR features into imitation learning policies [69]. In future work, we aim to investigate how PVRs
can enhance policy generalization, particularly in out-of-distribution scenarios.

B.4 Demonstration collection

MimicGen. For all MimicGen tasks we use the datasets provided by the authors of [32]. These
datasets consist of 1000 demonstrations, synthetically generated from a total of 10 human demon-
strations. We only keep the first 100 demonstrations to keep training times within reasonable limits.
Synthetically generated datasets can have an immediate impact on the NFE needed to get the optimal
performance, as demonstrations collected using deterministic policies lack multimodality. Lack
of multimodality implies conditional distributions that lack variance and therefore few-step CFM
and COT-CFM performance should be similar. However, we found that for the MimicGen tasks
considered in this paper there was enough variation in the demonstrations. Ideally, human-collected
demonstrations would have the maximum variation, however we avoided using the tasks and demon-
strations used in Chi et al. [5], as most generative policies solve the majority of them with 100%
success rate.

PushT and BalllInCup. For the push-t task we used 90 demonstrations provided in Chi et al. [5].
For the cup task, we trained a PPO [70] agent and collected 100 demonstrations by executing the
learned policy.

Maze2D. We used the policy that comes with D4RL [36] for collecting demonstrations in the Maze
environments, implemented as a g-iteration policy combined with a waypoint controller. We modified
the policy by adding noise in the g values in order to generate diverse demonstrations when the
starting and goal positions are fixed. A total of 100 demonstrations were collected for each maze
environment.

B.5 Hardware

Training and evaluation for the simulated tasks were performed using a workstation with (CPU, RAM,
GPU): AMD Ryzen Threadripper PRO 5965WX 24-Cores, 128GB, 2x NVIDIA GeForce RTX 4090.

C Implementation Details: Real-robot tasks

C.1 Training details

For all real-robot task and for both CFM and COT policies we use the U-Net architecture for the
flow as described in Appendix B.1. The visual encoders were also trained end-to-end and followed
the same architecture described in Appendix B.3, with the only difference being the resolution of
the images used. We decided to use higher resolution images for push-T (e.g., 240x320 opposed
to 96x96 (or 96x120) used in simulation and real-robot manipulation tasks) in order to accurately
capture the pose of the T block and the target. For more details on the hyperparameters used for
training on the real-robot tasks, see Table 4.
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Hyperparameter \ push-T, cup-stacking, cup-in-drawer

CFM Policy COT Policy
Learning rate le-4 le-4
Optimizer AdamW AdamW
Batch size 64 64
Weight decay le-6 le-6
Epochs 1000 1000
Learning rate schedule cosine cosine
EMA decay rate 0.9999 0.9999
Warmup steps 1500 1500
Action prediction horizon 16 16
Observation horizon 2 2
Action execution horizon 8 8
Image size 240x320 (push-T) / 96x120 (others) 240x320 (push-T) / 96x120 (others)
Number of Clusters - 64
PCA features - 100

Table 4: Training hyperparameters for CFM Policy and COT Policy across real-robot tasks.

C.2 Demonstration collection

For each of the three tasks CFM and COT policies were tested on using real hardware, we collected a
total of 30 demonstrations using a 3D spacemouse. The actions used for learning the two policies
were end-effector twists that were commanded through the teleoperation device. For the push-T
task we only allowed translational motion of the end-effector, making the actions 2-dimensional. For
the rest of the tasks the actions were 7-dimensional (6 dimensions for controlling the twist of the
end-effector and 1 for controlling the gripper).

Despite having less demonstrations for the real tasks than for the simulation tasks, the real datasets
ended up highly multimodal and covered multiple initial configurations of the workspace and the
robot.

C.3 Evaluation details

Test protocol We evaluated the performance of both CFM and COT policies on 5 random envi-
ronment configurations for each task. The environment configurations were chosen a-priori and
were recreated as accurately as possible after every rollout. We further made sure that none of these
environment configurations appeared identical in our datasets.

For each task we tested both policies using the minimum amount of steps for each of the euler and
midpoint solvers (e.g., 1 and 2 respectively). The maximum allowed time before considering a
rollout a failure was chosen to be 1 minute. For each of the unsuccessful rollouts reported in Table 2.
their contribution to the average T7C was 60 seconds.

Discussion Throughout our experiments we have consistently found that COT policies outperformed
CFM policies for low-NFE inference. Moreover, we empirically observed that CEM policies would
often get stuck for extended periods of time or produce jerky motions. This was less frequent when
the midpoint solver was used, however success rates were still low. On the contrary, COT Policy
succeeded for most of the initial configurations in all tasks. We have observed that COT policy was
able to reproduce most of the modes existing in the dataset, even with 1-step euler inference, as
can be seen in Fig. 7, where the robot pushes the T block in the target with both clockwise and
anti-clockwise motions.

Although performance is similar when using the euler and the midpoint solver, there is a big gap
in the cup-in-drawer task. We suspect that this gap mainly stems from the intermittent motions
induced by the 2-step midpoint on a task that is dynamic and has a high risk of collision. Low
performance for CFM policy is consistent with the other tasks and stems from the inability of CFM to
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generate high quality samples with few-step inference and the reasons described above when it comes
to inference with the midpoint solver. Intuitively, intermittent motion for few-step inference could
be mitigated by having a faster GPU on the robot’s control computer, however this is not always
possible.

C.4 Hardware

Training for the real tasks was performed using a workstation with (CPU, RAM, GPU): AMD Ryzen
Threadripper PRO 5965WX 24-Cores, 128GB, 2x NVIDIA GeForce RTX 4090. Inference on
the robot was performed using a desktop PC with (CPU, RAM, GPU): Intel(R) i9-9900KF, 64GB,
NVIDIA GeForce RTX 2080.

Mode 1

Mode 2

Figure 7: Two modes of solving the real push-T task (e.g., by rotating the T clockwise and anti-
clockwise) uncovered by COT Policy with NFE=1 using the euler solver.

D Additional evaluation results

D.1 Low-Dimensional Distribution Learning

Task CFM OT-CFM COT-CFM
2 2 2
We evaluate how well CFM, OT-CFM, and COT- Wyl NFE W;] NFE Wy| NFE
CFM can recreate the 2D two-moon distribution  Moons g 490 1 0777 1 0345 1
N . . . oD 1094 2 0709 2 0322 2
shown in Fig. 1 starting from a ring of 8 Gaussian D o335 13 oess 74 025y 62
distributions and the 1D fork distribution adapted . . -
. . . o Fork g L1341 2678 1 0349 1
from [17], with a standard Gaussian noise distri- s 0575 2 0992 2 0125 2
bution (see Fig. 8). Both distributions are condi- D 0157 74 0981 62 0072 74

tional. In the moons distribution, 0 and 1 are con-
dition values indicating the top or bottom moon, Iable 5: 2-Wasserstein distance on the moons
respectively. The fork distribution is a continuous and fork dlstrlbut19ns evaluated using euler (E)
distribution over y conditioned on x, defined as and dormand-prince (D) solvers.

y=0ifx < 0and y = U({x,—x}) if x > 0. Since the condition variable is already low-dimensional,
we cluster it into 2 clusters.

COT-CFM improves sample quality with fewer steps. We report the 2-Wasserstein distance
between the recreated and target distribution in Table 5. For the same number of few euler steps,
COT-CFM outperforms the other two methods. In both tasks, 2-step generation from COT-CFM with
an euler solver outperforms > 60-step CFM and OT-CFM generation with the Dormand-Prince
Sth-order (doprib) solver, an adaptive solver commonly used for solving Neural ODEs. Furthermore,
COT-CFM is the only method capable of successfully recreating the two moons for NFE = 1 (see
Fig. 1). This is mainly due to the straight paths the COT couplings induce, which is also evident by
the reduced number of steps taken by the doprib solver. Interestingly, CFM evaluated with a 1-step
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euler solver approximately generates the conditional mean of the two conditional distributions,
while OT-CFM fails to model them accurately even with 100 steps. These results confirm the claims
made in §2.2 that (I-)CFM gives unbiased conditional samples with curved integration paths, OT-CFM
gives straight paths but biased samples, while the proposed COT-CFM achieves a balance between
the two. See Fig. 8 for further visualizations.

NFE=1 NFE=2 NFE=5
/
yd
o & ra
" hammmraaan: T ==
: ‘ \\
OT-CFM
A
y A-
Y Y
N N
h \\ N

COT-CFM

t=0 t=1

Figure 8: Qualitative performance of CFM, OT-CFM, and COT-CFM on generating the conditional
Fork distribution from standard Gaussian noise. Left: The distribution as time progresses from 0 to 1
and Right: the generated distributions for different NFE using the euler solver.

D.2 Additional Trajectory Variance results

Trajectory Variance for euler - NFE=1 Trajectory Variance for euler - NFE=2 Trajectory Variance for euler - NFE=9
200 200 200
. CFM . CFM . CFM
COT Policy COT Policy COT Policy
8150 8150 ¢ 150
g g g
s s s
100 100 100
S s 00w ™™ asox s -
g . eSO g o seoiszon 8 |am
E 50{ e son £ 50| rewmeeon ‘i £ s0
saow 760% g 0w . 740% g0 70.0% 160
0 - l [ | ° ] o u

coffees ma‘Le 29 1e'ld ‘\m?’%q“a‘e sla“ ead‘“q e ma‘Le 29 1e7-d ‘\m?’%q“a‘e s‘a“ ead‘“q _aftee” ma‘Le 1e7-d ‘\m?’%q“a‘e 5136\‘ ead‘“q

Trajectory Variance for midpoint - NFE=2 Trajectory Variance for midpoint - NFE=4 Trajectory Variance for midpoint - NFE=18

. CFM
COT Policy

200
s CFM

COT Policy

. CFM
COT Policy

96.0%90.0%

—
I3
o

26.0% g5 8205

96.0% 92.0%

I il I I
0 I

wc\‘ a0

Trajectory Variance
5
8
Trajectory Variance
Trajectory Variance

w
S

2o I I 70.0%

wc\‘ d\nq

o) 72.0%
035 .. o
T6.0% ﬂ o

wc\‘ d\nq

coi‘eefd;a‘”el:\aieﬁzm;\“‘a%g“a(e coffe®- malelixaieﬁxs\\tj‘“a%ﬂ“a(e coffe®- malelixaieﬁxs\\ti‘“‘a‘éa@(e
Figure 9: Trajectory variance comparison across six tasks using CFM and COT Policy Top: using the
euler solver and Bottom: using the midpoint solver. Trajectory variance and success rates were
computed over an average of 50 environemnt rollouts with random environment seeds (in contrast to

Fig. 3 where enviornment seed was the same for all rollouts).

D.3 COT Policies without clustering

As we explain in Appendix E.2, clustering alleviates the need for tuning y to a value that balances
condition and action coupling. To demonstrate the need for fine-tuning y we report the performance
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Method NFE | push-t coffee dl | Avg

COT Policy (w/o clustering) 2 0.858 0.690 0.774
COT Policy (with clustering) 2 0.878 0.787 0.833

Table 6: Performance comparison on push-t and coffee_d1 tasks.

of a variant of COT policy which uses Equation (6) for y and no clustering for the push-t and
coffee_d1 tasks. As per Table 6, clustering leads to increased success rates. Similar performance
could potentially be achieved for COT without clustering, however this would require expensive
tuning of y for every dataset. In contrast, clustering allows us to keep the number of clusters and y
fixed throughout all tasks and still observe higher success rates and multimodal behaviors for low
NFE.

E Hyperparameters of COT Policy

E.1 The effect of y on the minibatch OT solution

The hyperparameter vy, used in (4), regulates the effect the conditions cg, c; have in the coupling
process using unconditional minibatch OT. In order to retrieve an empirical coupling 7(xg,x1) that
approximates the conditional OT coupling between xg and x1, the second term of the cost (4) needs
to dominate (large ) the first to prioritize pairing by condition. If the two terms have similar
contributions to the cost (small y), then neighboring noise xg and target samples x; might be coupled
despite having different conditions. As already mentioned in §2.2, when y = 0 we recover OT-CFM
as noise and target samples are coupled solely based on their Euclidean distance.

To get the desired empirical coupling that prioritizes coupling by condition, we therefore need to set
v to a large value. However, it is possible that large values can lead to numerical instability. As can
be seen by Fig. 10, the OT matrix that we get from performing minibatch OT on the tuples (xg, cq)
and (x1, c1) is consistent for y = {10, 100, 1000, 10000}. For larger values (y > 10000) we observe
that the diagonal dominates the top part of the OT matrix. This practically means that the i-th target
point gets coupled with the (|B1| — i)-th source point. This coupling is similar to the independent
coupling (i-th target point get coupled with the i-th source point) and is the result of numerical errors
encountered while solving the optimization problem of the Earth-Movers Distance (EMD) problem.

To avoid behavior similar to (I)-CFM, while still prioritizing condition coupling, we set y for each
batch based on the following formula:

Avg. sample distance

|Bq| ) )
e =112
=10 =2 6
’ e w ©
||COJ _clj ”2
Jj=0

Avg. condition distance

With this choice of y the second term of (4) is scaled to be on average 10 times larger than the
first. We have empirically found that choosing y based on (6), numerical errors in the minibatch OT
calculations are avoided and in condition coupling is prioritized.

E.2 The effect of the number of clusters on COT Policy

Clustering the observations in COT Policy has a similar effect to setting y to a value that balances

sample and condition distance. This is because samples xéi),xy) from the same clusters (cg) = cgi))
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Figure 10: OT matrix for a range of condition scaling parameters y. The OT matrix is consistent for
medium to large values of y ([10, 10000]), but numerical errors are observed for larger values of y.

are coupled based on their Euclidean distance (according to Equation (4)), despite the fact that their
corresponding actual observations might be different (0(()’) # ogl)). Finding a suitable y for every
empirical distribution is not straightforward, but choosing a number of clusters is simpler based on
the following observation:

Proposition. In tasks with continuous conditions, like visuomotor control, given a large enough vy,
COT Policy approximates OT-CFM as K — 0 and (I)-CFM as K — |D)|.

Although we don’t provide full proofs for the above proposition, we give some intuitions about the
connection between CFM, OT-CFM, and COT-CFM in the extreme cases where K = 1 and K = |D)|.

Clustering with K = 1 cluster. When we have a single cluster, then c(()i) = c(li), Vi. This reduces
the cost of Equation (4) to:

c((x0, o), (x1,¢1)) = [lxo — x1]1? @)

As already explained in Appendix E.1, this renders COT-CFM (and consequently COT Policy)
equivalent to OT-CFM.

Clustering with K = |D| clusters. When the number of clusters is the same as the dataset size,
then every observation o(!) acts as a separate cluster and therefore cll) # cgj ), i # j. The noise

conditions in By are random permutations of those in B; and therefore c(()i) # céj ) , I # jand

céw * CY), i,j #1i,p(i), where p(i) is the index of the sample of B; that was permuted to sample
i in By. This basically means that every noise condition has exactly one identical target condition.
Assuming a large enough vy that renders the second term of Equation (4) dominant, a coupling that
would make it equal O would be the global optimum of the EMD optimization. That coupling exists
and is constructed by the pairs i, p(i), fori = 1,...,|B;| since céi) = c(lp(i)). This is equivalent to a
random permutation and therefore there is no dependency between the coupled samples. For this
reason, COT-CFM with K = |D)| is equivalent to (I)-CFM.

21



	Introduction
	COT Policy
	Preliminaries: Conditional Flow Matching for Generative Modeling
	Optimal Transport Couplings for Finite Conditional Tasks
	COT-CFM as a Robot Policy

	Experiments
	Simulated Robot Manipulation Tasks
	Evaluating Multimodality
	Ablations
	Real Robot Experiments

	Conclusions
	Limitations
	Related Work
	Implementation Details: Simulation
	Training details
	Clustering and dimensionality reduction in COT Policy
	Visual Encoder
	Demonstration collection
	Hardware

	Implementation Details: Real-robot tasks
	Training details
	Demonstration collection
	Evaluation details
	Hardware

	Additional evaluation results
	Low-Dimensional Distribution Learning
	Additional Trajectory Variance results
	COT Policies without clustering

	Hyperparameters of COT Policy
	The effect of gamma on the minibatch OT solution
	The effect of the number of clusters on COT Policy


