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Abstract—Behavioral cloning (BC) is a foundational imitation 

learning paradigm, but many standard continuous-control BC 

baselines rely on unimodal Gaussian policies or other relatively 

low-expressivity action parameterizations. Consequently, they 

struggle to capture the complex, multi-modal strategies present in 

diverse offline datasets, such as those containing human, medium-

quality, or mixed trajectories, leading to a significant performance 

gap. To address this limitation, we introduce the Flow Matching 

Policy (FMP), a highly expressive representation for continuous 

control BC. Our approach models the conditional action 

distribution as a continuous-time normalizing flow, learning an 

observation-conditioned velocity field to transport a simple base 

noise distribution into the empirical action distribution. 

Evaluations against strong Gaussian and diffusion policy baselines 

across standard continuous control benchmarks demonstrate that 

the FMP consistently achieves competitive or superior 

performance. These results suggest that continuous-time flow 

models are a promising alternative for capturing highly complex 

and varied behaviors from noisy data. 

Keywords—behavioral cloning, flow matching policy, Gaussian 

policy, diffusion policy 

I. INTRODUCTION 

Machine learning and robotics applications are often 

constrained by limited datasets, typically consisting of human-

generated demonstrations of varying quality. Despite these 

challenges, behavioral cloning (BC) serves as a common and 

effective baseline, training a policy in a supervised manner using 

state-action pairs [1], [2]. In continuous control settings, these 

policies are often modeled using Gaussian distributions. While 

this approach is simple and computationally efficient, it suffers 

from fundamental limitations in environments where multiple 

distinct actions may be optimal for a given state. In such cases, 

unimodal Gaussian policies tend to average across possible 

actions, often resulting in suboptimal or unsafe behavior. 

As an alternative, recent advances in generative modeling 

have introduced methods based on differential equations for 

modeling continuous data distributions [3]. Building on these ap-

proaches, this work investigates the Flow Matching Policy 

(FMP) as an alternative to the Gaussian formulation. Flow 

Matching provides a framework for learning transformations 

from simple noise to complex data distributions [4]. By formu-

lating the action generation process as a continuous-time vector 

field regression problem, this approach enables greater policy ex-

pressivity and potentially improves the modeling of complex, 

multimodal action spaces. 

To investigate this, we evaluate both approaches across an 

array of continuous control benchmarks, including tasks from the 

MuJoCo [5] and D4RL suites [6]. We systematically compare 

the FMP against strong Gaussian and diffusion policy baselines 

to observe their respective behaviors in environments with vary-

ing levels of complexity and data quality. Our results indicate 

that the FMP offers a viable alternative to the standard baseline, 

showing particular utility in environments characterized by mul-

timodal or mixed-quality data, such as the D4RL Pen, AntMaze 

and Kitchen tasks. In these settings, the flow-based model miti-

gates the action-averaging issue often observed in unimodal 

baselines. However, we also note that this expressivity comes at 

the cost of increased computational and methodological com-

plexity. Ultimately, this work adapts the flow matching frame-

work for continuous-control BC and provides a comparative 

analysis to better understand the trade-offs between simple 

Gaussian formulations, diffusion policies, and continuous-time 

normalizing flows in offline imitation learning. 

II. RELATED WORK 

A. Diffusion-Based Behavioral Cloning 

Recent advancements in offline imitation learning have 

heavily leveraged diffusion models to overcome the limitations 

of explicit likelihood models. Methods such as Behavioral 

Cloning via Diffusion [7] and Diffusion Policy [8] frame action 

generation as a sequential denoising process, allowing the policy 

to capture highly multimodal and asymmetric data distributions 

without relying on mode-seeking objectives. While these 

diffusion-based policies achieve strong performance on complex 

manipulation and locomotion tasks, their reliance on iterative 

Langevin dynamics or denoising diffusion probabilistic models 

(DDPM) [9] introduces significant inference latency. Our flow 

matching approach serves as a natural evolution of this line of 

work, retaining the ability to model arbitrary action distributions 

while replacing the computationally costly reverse diffusion 

process with a highly efficient, deterministic ordinary 

differential equation (ODE) solver. 

B. Continuous Normalizing Flows and Neural ODEs 

The theoretical foundation of our approach is rooted in 

Continuous Normalizing Flows (CNFs) and Neural Ordinary 

Differential Equations [3]. Traditionally, training CNFs required 

computationally expensive simulations through ODE solvers to 

compute exact log-likelihoods [10], making them difficult to 

scale for high-frequency control tasks. The recent introduction of 

Flow Matching [4] and Rectified Flows [11] bypassed this 

limitation by framing the training process as a simulation-free 

vector field regression task. By adapting this framework to 

observation-conditioned action generation, our method inherits 

the theoretical guarantees of CNFs while avoiding prohibitive 

training overhead. 

C. Flow Matching Policy Gradients 

Recent literature has begun exploring continuous-time 

normalizing flows for decision-making, notably through 
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methods like Flow Matching Policy Gradients (FMPG) and 

related flow-based actor-critic frameworks [12]. These 

approaches integrate flow-based generative models into an 

online reinforcement learning setting, allowing agents to 

iteratively explore environments and refine their policies based 

on reward signals. While this demonstrates the theoretical 

viability of vector field regression for continuous control, it 

focuses heavily on the complexities of online exploration and 

value estimation. In contrast, our work isolates the generative 

capability of flow matching, applying it strictly within an offline, 

supervised behavioral cloning setting to directly evaluate its 

capacity for modeling fixed datasets. 

III. FLOW MATCHING POLICIES 

A. Gaussian Policies and Their Limitations 

In standard continuous-control behavioral cloning (BC), the 

policy is typically parameterized as a conditional Gaussian 

distribution [1]. A neural network processes the state to output 

the mean vector and the covariance matrix. The model is trained 

by minimizing the negative log-likelihood of the expert actions. 

While computationally efficient and simple to implement, 

Gaussian policies suffer from a fundamental limitation: they are 

strictly unimodal. When trained on diverse or mixed-quality 

datasets, where an expert might demonstrate multiple distinct, 

equally valid ways to navigate a state, the maximum likelihood 

objective forces the Gaussian to fit all modes simultaneously. 

This leads to mode-averaging, where the policy predicts the 

mean of the possible actions, often resulting in suboptimal or 

catastrophic behavior [13], [14]. To model highly expressive, 

multimodal expert behaviors, a paradigm shift from simple 

likelihood maximization to generative sequence modeling is 

required. 

B. Flow Matching 

Flow Matching (FM) [4] provides a simulation-free 

framework for training Continuous Normalizing Flows (CNFs) 

[10] to model complex data distributions. The core intuition is to 

construct a continuous-time transformation that gradually 

reshapes a simple base noise distribution (e.g., standard normal) 

into a target empirical data distribution. This transformation is 

governed by an ODE defined by a time-dependent vector field:  

 
dz

dt
 = 𝑣(𝑧, 𝑡),  𝑡 ∈ [0,1] () 

where 𝑧 is the point being transformed, 𝑡 ∈ [0,1] is time, and 

𝑣(𝑧, 𝑡) is the vector field. Instead of simulating the ODE during 

training to compute exact log-likelihoods, which requires 

prohibitive computational overhead [10], FM constructs a 

known target vector field based on marginal probability paths. 

By defining a simple linear interpolation between a noise 

sample and a data sample, the network can be trained via direct 

regression to predict the trajectory's velocity, entirely bypassing 

the need for ODE solvers during the backward pass [11]. 

C. Proposed Flow Matching Policy 

Building upon this generative framework, we propose a FMP 

tailored for offline continuous control. We formulate action 

generation as the integration of a state-conditioned vector field. 

To capture environmental context, the state is processed by a 

multi-layer perceptron (MLP) feature extractor to produce a 

hidden representation. The continuous integration time is 

embedded using high-frequency sinusoidal positional encodings 

followed by an MLP, similar to the representations utilized in 

GLIDE [15]. This ensures the network is highly sensitive to the 

temporal dynamics of the ODE. 

We sample the base noise from a Gaussian distribution. 

Because the FM formulation operates optimally in unbounded 

spaces, we map the bounded expert actions to an unconstrained 

latent space using the inverse hyperbolic tangent, resulting in the 

target. We define a linear, constant-velocity interpolation path: 

 𝑧𝑡 = (1 − 𝑡)𝑧0 + 𝑡𝑧1  () 

where 𝑧0 is the starting point, 𝑧1 is the target datapoint, 𝑡 ∈ [0,1] 

is the interpolation time, and 𝑧𝑡 is the point along the linear path 

from 𝑧0 to 𝑧1 at time 𝑡. The target velocity along this path is the 

time derivative of 𝑧𝑡. We parameterize a neural velocity field to 

predict this target velocity, given the current interpolated point, 

the state representation, and the time step. The resulting BC 

objective is the mean squared error between the predicted and 

target velocities: 

 ℒ(𝜃) = 𝔼𝕥,𝕫𝟘,𝕫𝟙
[𝜔(𝑡) ‖𝑣𝜃(𝑧𝑡 , ℎ(𝑠), 𝑡) − (𝑧1 − 𝑧0)‖2

2] () 

Here, 𝜃 represents the parameters of the neural velocity field. 

The expectation is taken over t ∼ 𝑝(𝑡) , initial noise 𝑧0 ∼
𝒩(0, 𝐼), and empirical expert actions 𝑧1 ∼ 𝒟  (mapped to the 

unbounded latent space). The variable 𝑧𝑡 is the linearly 

interpolated point at time 𝑡, and the target velocity is the constant 

vector (𝑧1 − 𝑧0).  

To optimize the network, the time variable 𝑡 is sampled from 

a Logit-Normal distribution [16],  𝑝(𝑡) , which concentrates 

sampling density around 𝑡 =  0.5. This intentionally biases the 

sampling toward intermediate time steps, as the geometry of the 

vector field exhibits the highest curvature and is most 

challenging to learn during the middle stages of the transport 

process. Furthermore,  𝜔(𝑡) acts as a temporal weighting 

function. Since gradients can become unstable near the boundary 

conditions ( 𝑡 → 0  and 𝑡 → 1 ), applying this parabolic 

weighting scheme down-weights the loss at the extremes, 

ensuring stable and robust optimization throughout training. 

During training, we maintain an Exponential Moving 

Average (EMA) of the model weights. The EMA significantly 

smooths the learned vector field and prevents training collapse, 

a technique proven critical for stabilizing continuous-time 

generative models [4], [9]. 

During evaluation, the action is generated by numerically 

simulating the learned ODE using the Euler method. To ensure 

stable and deterministic evaluation, a standard requirement for 

continuous control benchmarks, we fix the base noise at the 

origin (i.e., initialize it as a zero tensor). The velocity field is 

integrated over a fixed number of discrete equidistant steps:  

 𝑧1 = 𝑧0 + ∫ 𝑣𝜃(𝑧𝑡 , ℎ(𝑠), 𝑡)d𝑡
1

0
  () 



where 𝑧1is the updated state, 𝑧0 is the initial state, 𝑡 is the time 

variable, and 𝑣𝜃  is the learned vector field that determines how 

𝑧 evolves over time. The final environmental action is obtained 

by squashing the integrated variable back into the valid action 

range via 𝑎 = 𝑡𝑎𝑛ℎ(𝑧1). 

Our approach can be contrasted with recent developments in 

online reinforcement learning, such as FMPG [12]. While FMPG 

utilizes a continuous-time flow for action generation, it optimizes 

the vector field dynamically using a Q-function critic to 

maximize expected future rewards through active environment 

interaction. In contrast, our formulation isolates the generative 

capacity of the flow model strictly for offline imitation learning. 

By directly regressing the empirical expert vector field, our 

policy avoids the instability of temporal difference learning and 

value overestimation, providing a simulation-free training 

paradigm for extracting expressive behaviors from fixed 

datasets. The implementation is publicly available at: 

https://github.com/mradovic38/flow-bc. 

IV. COMPARATIVE ANALYSIS OF RESULTS 

The results presented in Table 1 demonstrate a performance 

comparison between the unimodal Gaussian baseline, diffusion 

policy, and the proposed FMP. The diffusion policy baseline was 

implemented using DDIM-based [17] sampling with a DDPM 

[9] training objective, sharing the same backbone architecture as 

the Gaussian and FMP models to ensure a fair comparison. Our 

FMP demonstrates strong performance, frequently 

outperforming both baselines, particularly in MuJoCo 

environments requiring complex coordination (e.g., Humanoid) 

or D4RL tasks with highly multimodal data (e.g., Kitchen, 

AntMaze). 

A. MuJoCo Benchmarks 

In the standard MuJoCo locomotion tasks [5], displayed in 

Fig. 1, the FMP matches or exceeds the Gaussian and diffusion 

policy baselines in four out of six environments. Notably, in 

Humanoid environment, which represents the highest state-

action dimensionality in the suite, the FMP achieves a  

significantly higher mean return (8213.03) with a substantially 

reduced standard deviation compared to the Gaussian  and 

diffusion policies (36.86 compared to 1533..97 and 1838.37). 

This suggests that the continuous-time formulation of the FMP 

provides a more stable integration path for complex coordination 

tasks where minor deviations in action selection can lead to 

catastrophic balance loss. Conversely, in simpler environments 

like Swimmer and Walker2d, the Gaussian baseline remains 

highly competitive. We attribute this to the unimodal nature of 

the medium datasets for these specific tasks; when the expert 

data are concentrated around a single trajectory, the added 

expressivity of a flow-based model introduces unnecessary 

complexity without a corresponding performance gain. 

B. D4RL Benchmarks 

The most significant advantages of the FMP are observed in 

the D4RL suite [6], particularly in the Kitchen, Pen and AntMaze 

tasks, displayed in Fig. 2. The datasets used in Door, Kitchen and 

Pen tasks (human-v2 and mixed-v2) are intentionally designed 

to be non-ideal,  some containing sequences of human 

demonstrations that are inherently multimodal. For example, the 

mixed dataset for the Kitchen environment requires an agent to 

complete four sub-tasks out of seven possible interactions (e.g., 

toggling a switch, opening a microwave, moving a kettle, or 

sliding a cabinet). Because the dataset contains trajectories col-

lected from policies at different stages of training, including both 

suboptimal and near-optimal behaviors, the ordering of sub-task 

completion varies considerably across trajectories. One policy 

might open the microwave before moving the kettle, while 

another does the reverse. Consequently, the action distribution 

for a given observation in intermediate kitchen states is highly 

multi-modal. On the other hand, AntMaze introduces sparse-

reward navigation in a maze environment with structured but 

heterogeneous trajectory collections. In the medium-play setting, 

the dataset contains trajectories generated by partially trained 

policies exhibiting varying navigation strategies and path 

choices, resulting in a highly multimodal action distribution. 

Multiple distinct trajectories may successfully reach the same 

Environment Dataset 
Gaussian 

Policy 

Diffusion 

Policy 
FMP (ours) 

MuJoCo 

HalfCheetah medium-v0 
14871.47 ± 

3046.86  
15081.97 ± 

1440.60  
15499.46 ± 

51.01 

Hopper medium-v0 
3577.98 ± 

29.51 
3243.76 ± 

656.69 

3593.45 ± 

31.59 

Humanoid medium-v0 
7581.16 ± 
1838.37  

7775.93 ± 
1533.97 

8213.03 ± 

36.86 

Swimmer medium-v0 
274.17 ± 

19.95  

220.11 ± 

3.67 

227.50 ± 

12.08 

Walker2d medium-v0 
6235.86 ± 

29.79 

6150.82 ± 

106.45 

6204.74 ± 

79.81 

Ant medium-v0 
5769.32 ± 
1602.93  

5931.90 ± 
1272.18 

6027.36 ± 

1050.83 

D4RL 

Door human-v2 
158.00. ± 

203.86 

314.26 ± 

323.47 

279.99 ± 

327.75 

Pen human-v2 
2636.42 ± 

4007.15 

5143.41 ± 

4304.77 

5410.04 ± 

4336.66 

Kitchen mixed-v2 
603.38 ± 
234.78 

500.84 ± 
194.93 

740.16 ± 

151.83 

AntMaze 
medium-

play-v1 
0 ± 0.00 

12.83 ± 

64.96 

32.09 ± 

104.37  

   

   

Fig. 1. Tested MuJoCo environments: HalfCheetah (top left), Hopper (top 

middle), Swimmer (top right), Humanoid (bottom left), Walker2d (bottom 

middle), Ant (bottom right). 

TABLE I.  PERFORMANCE COMPARISON ON MUJOCO AND D4RL 

TASKS (AVERAGE RETURN OVER 100 EVALUATION EPISODES ± 

STANDARD DEVIATION). 



goal state, requiring the policy to model diverse long-horizon 

behaviors rather than collapsing toward averaged actions that fail 

to complete the task In this setting, Gaussian policies, diffusion 

policies, and FMP exhibit distinct trade-offs in performance and 

modeling capacity:  

• Mode averaging and dataset imbalance: The Gaussian 
policy’s lower performance in D4RL tasks is a classic 
symptom of mode averaging. Because a unimodal 
Gaussian must assign high probability to the mean of all 
expert actions, it often predicts an “average” action that 
corresponds to no valid expert behavior [8]. Diffusion 
policy does not explicitly average modes in the same 
way; however, its lower performance in this setting may 
be attributed to sensitivity to the highly imbalanced and 
heterogeneous trajectory distribution, where rare 
successful sub-task orderings are harder to consistently 
recover. FMP, by directly modeling structured vector 
fields over trajectories, more effectively concentrates on 
coherent multi-step sub-task sequences, resulting in 
higher returns. 

• Manipulation tasks (Door and Pen): In the Door task, 
diffusion policy achieves the highest performance, 
outperforming FMP and Gaussian policy. In the Pen task, 
both diffusion policy and FMP significantly outperform 
Gaussian policy, with FMP achieving the strongest mean 
return. Across both tasks, all methods exhibit high 
variance, reflecting the multimodal and stochastic nature 
of the human demonstration dataset. However, diffusion 
policy and FMP are both able to recover high-return 
trajectories more frequently than the Gaussian policy, 
which tends to average across inconsistent action modes. 

• AntMaze long-horizon navigation: A more pronounced 
distinction emerges in AntMaze. While the Gaussian 
policy fails to make meaningful progress, both diffusion 

policy and FMP are able to solve the task to some extent, 
with increasing performance from Gaussian to diffusion 
to FMP. Specifically, diffusion policy achieves modest 
returns, while FMP attains the highest average 
performance in the medium-play-v1 setting. However, all 
methods exhibit high variance, reflecting the difficulty of 
sparse-reward exploration and the stochasticity of long-
horizon trajectory rollouts. These results suggest that 
FMP may offer improved performance in sparse-reward 
navigation tasks, where maintaining coherent long-term 
behavior is important. 

C. Ablation Study on Integration Steps 

A defining characteristic of the FMP is the requirement to 

numerically solve the ordinary differential equation (ODE) dur-

ing inference. To quantify the trade-off between policy perfor-

mance and computational latency, we conducted an ablation 

study on the number of Euler integration steps (𝑁) utilized dur-

ing evaluation. We selected Humanoid-medium-v0 to represent 

high-dimensional locomotion stability and Kitchen-mixed-v2 to 

represent highly multimodal, multi-task behavior. To establish a 

reproducible baseline for CPU-bound robotic control, inference 

latency was measured using a batch size of 1 on a single thread 

of an Apple M4 Pro processor with 48GB of unified memory. 

As shown in the ablation data, in Table 2, simulating the vec-

tor field with only 𝑁 = 1 or 𝑁 = 2 steps resulted in near-total 

failure in the Kitchen task and sub-optimal performance in Hu-

manoid. This confirms that the learned mapping from noise to 

the empirical action distribution is highly non-linear and neces-

sitates continuous integration. Performance improved sharply as 

the step count increased, though the optimal integration resolu-

tion varied by environment complexity. For the high-dimen-

sional continuous control required in Humanoid, the FMP 

achieved optimal stability at 𝑁 = 12 steps, marked by the high-

est mean return and a dramatically reduced standard deviation. 

Conversely, the highly multimodal and noisy Kitchen dataset re-

quired a slightly higher integration resolution, achieving peak 

performance and mode-separation at 𝑁 = 16 steps. 

Crucially, increasing 𝑁 beyond these optimal thresholds (to 

24, 36, or 50 steps) yielded no meaningful performance gains, 

while inference latency scaled linearly. In Humanoid 

environment, at 𝑁 = 12, the FMP requires 0.78 ms to generate 

an action, whereas 𝑁 = 50  increases the latency to 3.09 ms 

without corresponding behavioral improvements. This empirical 

analysis confirms that a remarkably low number of Euler steps 

(12 to 16) offers an optimal balance, achieving the expressivity 

required for complex control while minimizing the accumulation 

of inference latency inherent to continuous-time flow models. 

V. CONCLUSION, LIMITATIONS AND FUTURE WORK 

The empirical evaluation conducted in this work 

demonstrates that FM policies represent a robust and expressive 

alternative to traditional Gaussian formulations in BC. By 

replacing the restrictive unimodal likelihood objective with a 

continuous-time vector field regression, alternative to traditional 

Gaussian formulations in BC. By replacing the restrictive 

unimodal likelihood objective with a continuous-time vector 

field regression, the FMP successfully captures the diverse 

behaviors present in non-ideal datasets, such as the human-

Fig. 2. Tested D4RL environments: Door (top left), Kitchen (top right), Pen 

(bottom left), AntMaze (bottom right). 

  

  



collected and mixed-quality trajectories found in the D4RL suite 

[6]. The mitigation of mode-averaging in tasks like Kitchen and 

AntMaze suggests that the generative capacity of FM-based 

models is particularly well-suited for high-dimensional control 

problems where expert behavior is inherently varied and  

inconsistent [13]. 

Furthermore, the stability observed in high-dimensional 

MuJoCo tasks such as Humanoid [5] indicates that the 

integration of a learned velocity field provides a reliable control 

signal. Despite these advantages, the added expressivity of the 

flow matching framework involves specific methodological 

trade-offs. The most prominent limitation is the computational 

cost associated with numerical ODE integration during 

inference. Unlike the single-pass nature of Gaussian policies, the 

FM policy requires multiple sequential network evaluations to 

solve the ODE; while we found that a limited number of Euler 

steps (10 to 20) was sufficient for our benchmarks, this added 

latency may be prohibitive for ultra-high-frequency real-time 

robotics applications. Additionally, our results for structurally 

simpler tasks, such as Swimmer and Walker2d, suggest that for 

strictly unimodal or low-entropy datasets, the FMP may 

introduce unnecessary complexity without yielding a significant 

performance gain. In such cases, the computationally efficient 

Gaussian baseline remains a highly competitive and perhaps 

preferable choice. Moreover, an extensive investigation into the 

relationship between environment entropy and the performance 

gap of FM-based policies will be essential to better characterize 

when the benefits of generative expressivity outweigh the costs 

of computational overhead. Expanding these evaluations to long-

horizon manipulation and multi-agent coordination remains a 

critical area for validating the broader utility of continuous-time 

normalizing flows in embodied AI. 
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50 3.09 8034.26 ± 1178.72 

Kitchen-mixed-v2 

1 0.13 17.35 ± 61.87 

2 0.20 17.78 ± 78.61 

4 0.34 594.98 ± 236.30 

8 0.62 674.19 ± 161.76 

10 0.75 611.45 ± 286.67 

12 0.91 539.10 ± 295.77 

16 1.18 740.16 ± 151.83 

20 1.45 681.41 ± 213.52 

24 1.71 707.02 ± 206.12 

36 2.58 722.46 ± 172.70 

50 3.51 730.37 ± 166.26 

TABLE II.  ABLATION OF INTEGRATION STEPS ON PERFORMANCE 

AND INFERENCE LATENCY (AVERAGE RETURN OVER 100 

EVALUATION EPISODES ± STANDARD DEVIATION; LATENCY IN 

MILLISECONDS). 
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