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Abstract—Offline reinforcement learning often relies on con-
straint optimization techniques that enforce policy improvement
to remain close to the behavior policy. However, such approaches
fail to distinguish between high-value and low-value actions in
their penalty components. We introduce Guided Flow Policy
(GFP), which couples a multi-step flow-matching policy with
a distilled one-step actor. The actor directs the flow policy
through weighted behavior cloning to focus on cloning high-value
actions from the dataset rather than indiscriminately imitating
all state-action pairs. In turn, the flow policy constrains the
actor to remain aligned with the dataset’s best transitions while
maximizing the critic. This mutual guidance enables GFP to
achieve state-of-the-art performance across 144 tasks from the
OGBench, Minari, and D4RL benchmarks, with substantial gains
on suboptimal datasets and challenging tasks.

Index Terms—Reinforcement Learning, Behavior Cloning,
Flow Matching, Penalty Method

I. INTRODUCTION

Offline Reinforcement Learning (RL) aims to learn policies
from static datasets without further interaction with the envi-
ronment [1f], [2]. This paradigm is suited to robotics settings
where online exploration can be unsafe or costly. However,
standard online off-policy algorithms such as DDPG [3] and
SAC [4], tend to underperform in offline settings since the
RL agent cannot interact with the environment. The main
challenge is extrapolation error, corresponding to the inability
to properly evaluate out-of-distribution (OOD) actions [S]]—[8]].

Two main lines of work have been proposed to address
this challenge. The first one focuses on learning a critic
without querying the values of actions outside the dataset [9]],
[10]. The second one, known as the Behavior-Regularized
Actor—Critic (BRAC) family, mitigates these errors by forcing
the learned policy to stay “close” to the unknown behavior
policy that generated the dataset [5]], [[11]-[[14]. The key idea
is that OOD state—action pairs are especially vulnerable to Q-
value overestimation, so staying near the empirical distribution
reduces extrapolation errors. This is achieved either using
constrained optimization or by adding a behavior cloning
penalty to regularize the policy toward some dataset actions.
This approach raises a trade-off: regularizing too strictly to
a potentially suboptimal dataset action may restrict the policy
from exploiting higher-reward actions contained in the dataset.

Until recently, most offline RL algorithms were based on
Gaussian policies. Recent development of flow and diffusion-
based expressive models [[15]—[/17]], led to new RL algorithms
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to capture complex and multimodal action distributions [18]—
[21]. However, they come at the risk of high computational
overhead: iterative sampling slows inference, and directly op-
timizing the values of output actions would result in unstable
backpropagation through time (BPTT). To address these chal-
lenges, [22] proposed a BRAC method with a flow-matching
BC model distilled into a one-step policy that also optimizes
the critic, enabling expressive policy learning while avoiding
BPTT and iterative sampling at inference. Still, a central
limitation remains: the flow-based BC component, similar to
standard BC, does not incorporate reward information.

We propose Guided Flow Policy (GFP), a dual-policy
BRAC framework with a bidirectional guidance mechanism
between a multi-step flow-matching policy, termed Value-
aware Behavior Cloning (VaBC), and a distilled one-step actor.
VaBC acts as a distributional regularizer for the actor, encour-
aging it to remain within the support of the behavior policy.
VaBC is trained via a weighted-BC mechanism, close to [21],
[23]], but leveraging the actor and the critic to prioritize cloning
high-value actions from the dataset. Unlike previous BRAC
approaches, in which the BC regularization indiscriminately
treats all state-action pairs [[11]], [22]], VaBC is a value-aware
regularizer. In turn, the actor optimizes the critic while being
distilled toward VaBC, allowing it to align with the dataset’s
high-value actions in a given state while maximizing expected
returns. Fig. E]illustrates the GFP framework, Tab. E] shows how
it differs in the regularization part compared to other BRAC
methods, and Fig. 2] is a broader overview of related works.

We extensively evaluate GFP on 144 tasks from offline
RL benchmarks, showing strong performances with substantial
gains on suboptimal datasets and challenging tasks. This
workshop paper is based on a larger work accepted at ICLR
2026. For more details, please refer to the full paper [24].

TABLE I: Overview of regularization mechanisms within
the BRAC framework.

Regularization target Value-aware regularization ~ Expressive variant

TD3+BC [11

ReBRAC |12] < dataset actions X Diffusion-QL [20]
FQL |22 < learned BC policy v
GFP (ours) < learned value-aware BC policy v v

II. BACKGROUND

Actor-critic framework. RL problems are formalized as a
Markov Decision Process (S, A, p,, p,7) [25], [26]. Here, S
denotes the state space, A the action space, p the transition
dynamics, r the reward function, p the initial state distribution,
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Fig. 1: Overview of Guided Flow Policy. GFP consists of three components: (i) in yellow, VaBC, a multi-step flow policy ., trained via weighted BC using
the guidance term gy, (ii) in green, a one-step actor 7y distilled from the flow policy, and (iii) in gray, a critic Q4 guiding action evaluation. 7, regularizes
the actor toward high-value actions from the dataset D; in turn, the actor shapes the flow and optimizes the critic following the actor—critic approach. Each
drawing represents the probability distribution of actions a € A of a policy, in a current state s, except for the gray ones, where it is the value of actions

a € A in state s, according to the critic.

and 7 € [0, 1) the discount factor. The agent is governed by a
policy 7, mapping states to probability distributions over ac-
tions. The objective is to maximize the expected discounted re-
turn Eq, wr(.[s,) [Dopeo V75t ar)]. In actor-critic approaches,
the policy m, referred to as the actor, is trained jointly with a
critic ), which approximates the state—action value function:
Q™ (s,a) = Eqon(|s) [Dpao V7 (st,a¢) | so = s,a0 = a], es-
timating the expected return after taking action a in state
s and subsequently following 7. Both actor and critic are
parametrized as neural networks, with parameters 6 and ¢,
and optimized by alternating gradient descent steps on:
LAG)=E sup, [—Qsls,a0)],
ag~mo(-|s)

EC(¢) =E(s.0,r,5)~D [(Q¢(s, a) — (r+ 'YQ(;z(s’, a/))>2} 2)

o/ ~org(C]s)

0]

LA and £€ are the actor and critic losses, and D is a set of
transitions (s, a, 7, s'). Qg is a target Q-function parameterized
by a slow Polyak averaging update of weights ¢.

Constrained optimization in offline RL. In offline RL,
the agent learns exclusively from a static dataset D, consisting
of transitions (s, a,r,s") generated by an unknown behavior
policy mg. At a state s, the distribution of actions of such
mg is illustrated on the left of Fig. E} This introduces a key
challenge compared to the online setting: the distributional
shift [1]], [7], [26]. The value estimates of OOD actions can be
inaccurate, and a default actor may select actions outside the
dataset’s support. The BRAC approach constrains the policy
Ty to remain close to the behavior policy [7], [13], e.g.,

)[Q¢(s,a9)] s.t. d(w(-|s),7r5(~|s)) <e (3)

As emphasized in [[11], a simple and effective relaxation of
Eq. [3| consists of adding a BC term directly into the actor
objective:

max E sop
T ag~me(-s

BC term

—_———
LA0) = E (sap, | — Quls.a0) + allag — al?]
ag~wo(-|s)
where « is a hyperparameter that balances between exploiting
high @-values and staying close to the behavior policy. This
objective encourages actions that both achieve high-expected
returns and remain within the support of the dataset.
Behavior cloning with flow matching. Flow Matching [[15]
is a generative modeling framework that learns a transfor-
mation, or flow, mapping a simple base distribution (e.g. a
standard Gaussian) to a target data distribution. This transfor-
mation is defined through intermediate time-dependent distri-
butions governed by an ordinary differential equation (ODE).
In the context of BC, the flow models the behavior policy 7
underlying the dataset D. This is achieved by learning a state
and time dependent velocity field v, : [0,1] x S x R — R4
that governs the dynamics of a flow, where d is the action
dimension. We adopt the simplest optimal transport variant of
conditional flow matching [27], using linear interpolation with
uniformly sampled times [15]. For (s,a) ~ D, ¢ ~ N(0, 1),
and ¢ ~ U([0, 1]), the interpolated point is a; = (1 —t)e +ta,
and target velocity is a — €. The velocity field v,, is trained
by least-squares regression toward this reference, yielding the
conditional flow-matching BC loss:

LM(W) =E (s p~p, [lw(t,s,ae) = (a = €)ll3]-
e~N(0,14),
t~U([0,1])
Once trained, the flow 1, : [0,1] x S x R? — A that follows
vy through the ODE, represents a behavior cloning policy 7,
approximating the behavior policy mz. At inference, from state
s, an action is obtained by sampling randomly z ~ N(0, I)
and integrating the flow from O to 1 using an explicit Euler
method. We denote by p,(s,2) := ¥,(1,s,z) the value of
the integrated flow at time 1.
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Fig. 2: Overview of some offline-RL frameworks. The symbol « indicates the use of a diffusion or a flow model, and specifically in which component.
Each box, provides the name of the component (e.g. critic) and the working principle that is used to train it (e.g. TD learning). The arrows indicate how the
components depend on each other, while the dashed arrow is optional (see Eq. @)

Flow policy for offline RL. Following the idea of Diffusion
Q-Learning by [20]], for offline RL, one can directly replace
the BC term in the actor loss (Eq. @) with the flow-matching
BC loss (Eq. [5). However, the iterative sampling procedure
makes training expensive, due to recursive backpropagation
through time (BPTT) in the actor loss, and also results in a
slow inference at test time. To mitigate these limitations, [22]
suggests distilling the iterative flow-matching BC policy into
a one-step policy that also maximizes the critic, see Fig.

III. GUIDED FLOwW PoOLICY

We now detail the GFP algorithm that builds on top of [[11]],
[22]. GFP integrates a Value-aware Behavior Cloning (VaBC)
flow policy with a distilled one-step actor through bidirec-
tional guidance. VaBC leverages the actor and the critic to
selectively clone high-value dataset actions, providing more
targeted regularization than in standard BRAC approaches.
The distilled actor, in turn, maximizes the critic while avoiding
BPTT and iterative sampling. GFP is composed of three main
components: the critic @, the actor 7y, and the VaBC policy
7. The approach is illustrated in Fig. [T} and we refer to the
full paper [24] for the detailed algorithm.

Step 1 - Learning the critic Q4. The critic is trained
using the Bellman mean-squared loss Eq. y(s,r,s")
r +vQg(s',a’) corresponds to the standard Bellman target
in actor-critic methods, which we use by default in this work.
Yet, since VaBC is designed to prioritize cloning the most
promising dataset actions for a given state, we have also
considered a more conservative variant of the Bellman target:

g0 (5,1, ') = 7+ 3 Qa5 (', ) + Qs (s’ )

(6)
where (s, z) denotes the action sampled from the actor
and p, (s, z) the action from the VaBC policy, from noise
z ~ N(0,1;). The Bellman target y¥*BC(s,r,s’) averages
two estimates of the Q-value: Qg(s’, ug(s’,2)) which can
overestimate the real Q-value; and Qz(s’, pw (s, 2)) which
can underestimate it. This choice can lead to substantial
performance improvements in certain situations, as further
studied in the full paper [24].

Step 2 — Learning the actor 7. The actor 7y is trained
by behavior regularized policy gradients, to maximize the Q-
function while distilling the distribution of valuable dataset
actions learned by the flow policy 7,:

LA60)=E o [~ Quls.so(s )+ S lo(s, )= po(s. DI
std (7)

The normalization term \ = is estimated over

1
o ~ 2 1Q¢(s,0)] o
mini-batches. The actor learns to select actions that maximize
return while avoiding OOD, the distillation term constrains it
to remain near the support of high-value dataset behaviors.
Step 3 — Learning the flow policy 7. The VaBC policy 7,

is optimized via a weighted flow-matching behavior cloning:

LY¥PNW) =E (s 0o, |9n(s,0) [va(t,s,a1) = (a = €)|3
e~N(0,14),
A ([0,1)

®)

where

exp(2 s,a
oo(5.0) = p(5@s(s,0))

exp(5Qy(s, a)) + exp(5Qu (s, o (s, 2)))

Intuitively, for a state-action pair (s,a) sampled from D,
gn(s,a) compares the quality between the dataset action a
and a proposal of the actor py(s,z) in a soft-max approach.
If the dataset action has a higher Q-value, then g, (s,a)>0.5,
placing greater emphasis on cloning it. Conversely, if the
dataset action is worse, g,(s,a) < 0.5 and it reduces its
influence. This ensures that VaBC selectively clones high-
value dataset behaviors. This makes sense because the actor
itself is constrained to remain close to the dataset’s action
distribution. Importantly, VaBC is learned jointly with the actor
and the critic, not beforehand.

A is the same Q-normalization factor used in the actor
loss, ensuring consistent scaling across components. 1 > 0
is a temperature hyperparameter that controls the sharpness of
the filtering. Small 7 makes g, (s, a) more selective, shifting
the policy from broadly imitating the dataset to emphasizing
higher-value actions. 7 is tuned to achieve the best trade-off,
prioritizing promising actions while preserving diversity.

The key contribution of GFP is to add value-awareness in
the behavior regularization component of a BRAC framework,
effectively combining the two predominant policy extraction
methods studied by [28]]: weighted-BC and behavior regular-
ized policy gradients, illustrated Fig[2d|and Fig[2c|respectively.
Note that different weighting functions g, could be tested
as alternatives to the soft-max Eq [0] An ablation study is
provided in the full paper [24]] using an advantage weighted
term, similar to AWR [23]] but using the actor to compute a
baseline.

©))

IV. EXPERIMENTS

We conducted extensive experiments over a suite of robot
locomotion and manipulation tasks, spanning three bench-
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Fig. 3: OGBench analysis. (a) Performance profiles for 50 tasks comparing GFP against a wide range of prior works, showing the fraction of tasks where
each algorithm achieves a score above threshold 7, using the evaluation reported by [22]. (b) Performance profiles on 105 tasks, including more challenging
ones, and carefully reevaluated prior methods. (c) Performance profiles restricted to 30 noisy and explore tasks.

TABLE II: Offline RL results. Due to space constraints, we highlight only a few aggregated results. See [24] Tabs 2, 8, 9, 10, 11, and 12, for full results.

Task Category

Offline RL algorithms

IQL ReBRAC FQL H GFP actor g

OGBench antmaze-giant-navigate-singletask (5 tasks) 4 +1 33.2+57 16.3%8.2 27.9 4+ 8.5
OGBench humanoidmaze-medium-navigate-singletask (5 tasks) 38 +2 59.2 &+ 12.1 58 + 5 72.0+ 28
OGBench humanoidmaze-large-navigate-singletask (5 tasks) 241 129+ 4.2 6.5+ 2.7 17.8 9.6
OGBench cube-triple-play-singletask (5 tasks) 0.1 +0.1 29+1.2 39415 15.9+ 2.0
OGBench cube-triple-noisy-singletask (5 tasks) 48+1.2 52+2.9 3.5%t16 24.5+t 28
OGBench puzzle-4 x4-play-singletask (5 tasks) 7+E1 17.1+1.3 17+2 26.1 +2.1
Average OGBench (105 tasks) 20.4 439 46.7 53.2

Average D4RL (18 tasks) 54.0 64.8 62.1 63.0

Average Minari (21 tasks) - - 65.9 74.1

marks: D4RL [29] (AntMaze and Adroit; 18 tasks), its suc-
cessor Minari [[30] (Gym-Mujoco Hopper, HalfCheetah, and
Walker, and Adroit; 21 tasks) and the more challenging
OGBench [31]] reward-based tasks [22] (9 locomotion and 11
manipulation environments, each with 5 tasks; in total 100
state-based tasks, and 5 pixel-based tasks). Overall, we bench-
mark GFP on 144 tasks, our Jax implementation is available at
github.com/Simple-Robotics/guided-flow-policy. Comparisons
are synthesized in performance profiles presented Fig. [3] fol-
lowing [32], and some aggregated results are reported Tab.

Comparison against many previous works. Fig. we
first compare GFP against 10 prior methods on the 50 OG-
Bench tasks reported by [22]. GFP clearly stands out compared
to all these prior works. Results against 6 methods on D4RL
and first evaluations on Minari are available in the full paper.

Extensive study on 144 tasks. GFP is further evaluated
against 3 baselines: (i) FQL [22], as it comes second only to
GFP on the first 50 tasks; (ii) ReBRAC [12]], as we were able
to improve its performance compared to previously reported
results substantially by adjusting implementation details, and
@iii) IQL [9] to represent in-sampling approaches. Tab.
summarizes our results, together with performance profile
plots Figs. 3b] and it confirms that GFP achieves state-
of-the-art performance, with particularly substantial gains on
noisy and challenging environments. For instance, on the cube-
double-noisy and cube-triple-noisy datasets, GFP achieves an
average score of 63 and 24, respectively, compared to 38

and 4 for FQL, and 20 and 5 for ReBRAC. Similarly, GFP
stands out in some very challenging locomotion tasks, such as
humanoidmaze-large-navigate (18 vs. 7 for FQL and 13 for
ReBRAC), and manipulation tasks, such as cube-triple-play
(16 vs. 4 for FQL and 3 for ReBRAC).

Additional experiments. We refer interested readers to
the full paper [24] for ablation studies (e.g. on the modified
Bellman target and an AWR guidance term), additional anal-
yses (e.g. on 17 and «) and details on how we improved the
performance of ReBRAC. Besides, while 7y is GFP primary
policy, we also evaluated the VaBC policy 7, as a byproduct.

V. CONCLUSION

Guided Flow Policy (GFP) couples a multi-step flow-
matching policy trained with value-aware behavior cloning
and a distilled one-step actor through a bidirectional guidance
mechanism. GFP leverages the expressiveness of flow policies
while adding value awareness directly in the flow part, without
the drawbacks of backpropagation through time. Our extensive
study on 144 offline RL tasks demonstrates GFP effectiveness.
Nonetheless, GFP depends on the availability of a sufficiently
accurate critic. Future research directions could explore ways
to reduce reliance on the critic or extend GFP to settings with
weaker or sparse reward signals.
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