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Figure 1: We propose QGF (Q-Guided Flow), an RL algorithm that guides denoising steps of a policy trained via flow
matching with critic gradient at test time. Our critic gradient estimator avoids both taking gradient at noisy action not seen
during training and performing expensive, high-variance backpropagation through time, and performs better than other
test-time RL methods while being competitive with the best train-time baseline.

Expressive continuous control policies, such as diffusion and flowmodels, form the backbone of recent advances
in scaling imitation learning for simulated and real robot control. While they are known to scale stably in the
supervised imitation learning setting, incorporating them into reinforcement learning (RL) pipelines for policy
improvement has proven more difficult. It often requires specialized training objectives or backpropagating
through denoising processes, which cause well-known issues with stability and affect scalability. In this paper we
study the question of whether simple policy improvement schemes at test time alone, leaving stable supervised
policy training intact, can be a competitive alternative which sidesteps these issues. To this end, we propose
QGF (Q-Guided Flow), an RL algorithm that performs policy optimization entirely at test time. QGF works by
pre-training both a reference flow policy (via a standard behavioral cloning objective) and a value function
critic and, at test time, using the value gradient to guide the reference policy to generate higher-value actions
without any additional policy learning. Empirically, QGF outperforms prior test-time RLmethods on single-task
and goal-conditioned offline RL benchmarks with high-dimensional action spaces, and is competitive with
state-of-the-art training-time algorithms while being much cheaper to run. Moreover, it exhibits favorable
scaling with model size by avoiding the instability of actor-critic training, offering a practical and effective
alternative RL algorithm with expressive policies. Code: github.com/zhouzypaul/qgf

1. Introduction
Reinforcement learning (RL) is a powerful framework for optimizing reward-maximizing behavior, but scaling
RL algorithms—especially in the offline or off-policy setting—remains a significant challenge. A key difficulty
lies in the complexity and instability of policy optimization: unlike simple supervised learning objectives that
optimize towards a known fixed target, RL typically alternates between learning a value function and optimizing
an actor to maximize this learned function. This coupled training dynamic makes RL policy training sensitive
to hyperparameters and prone to optimization instability [61, 16, 21], making it hard to scale. This challenge is
particularly acute when using expressive policy classes such as diffusion and flow models. These models are
attractive because they can represent complex, multimodal action distributions and have been shown to scale
effectively when performing standard supervised learning via behavioral cloning (BC). However, incorporating
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them into RL pipelines typically requires designing specialized training objectives [5, 50, 28, 4] or backpropagating
through long denoising processes [63, 20, 9, 69, 62, 11, 40], which undermines their scalability and stability.

This tension motivates an alternative approach: rather than designing a more scalable RL objective for policy
optimization, can we train the actor with standard supervised learning and use test-time compute to optimize it
against a value function? Concretely, we want to train a policy with standard behavior cloning (we will refer to this
policy as the reference policy in the following), and learn a critic separately using standard temporal-difference
(TD) learning methods. Then, at inference time, we want to use the critic to “guide” the reference policy towards
higher-value actions, without changing the policy parameters. Such an approach would then avoid the instability
of needing to train an actor to maximize a changing critic, but instead directly leverage well-understood and
scalable supervised objectives during policy training, and apply reward optimization dynamically at test time.

A straightforward way to implement this idea is to combine sampling from the reference policy with
optimization of actions against the learned critic. Previous successful attempts to use test-time compute in this
way have mostly relied on a best-of-N (BFN) sampling strategy [57, 19, 35], where one draws 𝑁 actions from
the policy and then picks the value-maximizing action according to the critic. However, BFN sampling can be
prohibitively expensive in high-dimensional action spaces. One might wonder whether, instead of sampling,
we can rely on the critic gradient ∇𝑎𝑄(𝑠, 𝑎) to directly steer action generation towards high-value directions.
Unfortunately, gradient-guidance methods are not straightforward to implement for flow and diffusion models,
since actions are generated by an iterative denoising process. The most naïve way to guide this denoising process
is to use the gradient of 𝑄 with respect to intermediate “noisy” actions by backpropagating through the entire
denoising process [63, 20, 9, 69, 62, 11, 40], which is computationally expensive, unstable [50], and has high
variance (see Fig. 3). One cannot simply avoid such backpropagation because the critic has not been trained to
handle intermediate noisy actions, and directly using gradients there leads to biased guidance (see Fig. 2).

In this paper, we introduce a method, QGF (Q-Guided Flow), that effectively utilizes critic guidance during
sampling from flow policies. QGF circumvents backpropagation through time and critic gradient at untrained
noisy actions by using the critic gradient at an approximate action derived from following the learned velocity
flow field for a single, large, Euler integration step (see Fig. 1). We conduct extensive empirical analysis in
an offline RL setting (both single-task and goal-conditioned) and show that QGF achieves strong performance
compared to both other test-time RL algorithms and state-of-the-art RL algorithms that explicitly train policies
to achieve high reward values. In addition, we find that QGF scales well as we increase the model size, since we
avoid optimizing the policy against an evolving critic during training, and only train with a stable supervised
learning loss. Overall, we establish that gradient-based test-time RL is a promising direction for optimizing
generative action models that is stable, scalable, and easy to use in practice.

2. Related Work
Offline RL studies how to learn a reward-maximizing policy solely from a fixed dataset without any interactions
and environment feedback. The key challenge is to extract optimal behavior from a mixed-quality offline dataset,
while preventing erroneous extrapolation that deviates too far from dataset behavior. Prior work has extensively
studied both value learning methods that prevent erroneous extrapolations [2, 17, 29, 31, 66] and policy extraction
techniques [3, 15, 19, 44, 51, 59, 64]. The predominant approach in this setting optimizes the policy to maximize
rewards during training, and directly samples from such policy at test time. Our approach, on the other hand,
does not train the policy to be reward-seeking. In contrast, we train the policy with standard behavioral cloning
to imitate the policy that collected the mixed-quality dataset, and perform policy optimization entirely at test
time, with guidance from the value function gradient.

Flow and diffusion policies for RL. Previous works have explored different ways of using expressive models
such as diffusion and flow models to train the policy for continuous control in RL, including policy gradient
methods [54, 43], importance-weighted methods [52, 12, 8, 70, 4, 67], and actor-critic methods [63, 20, 9, 69, 62,
40, 5, 50, 28, 4]. Using these iterative denoising methods for actor-critic style algorithms is especially challenging
since the actor 𝜋𝜃(𝑎 ∣ 𝑠) is trained with the critic gradient ∇𝜃𝑄(𝑠, 𝜋𝜃(𝑎 ∣ 𝑠)). For single-step Gaussian policies, the
actor can leverage the gradient through the reparameterization trick [18]; for flow and diffusion policies however,
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leveraging the gradient requires backpropagating through a multi-step denoising process [63, 20, 9, 69, 62, 40],
which is expensive and can be unstable in practice [50]. Previous works have attempted to avoid unstable
backpropagation by (1) distilling the multi-step policy into a single-step policy [50, 4], (2) using a single-step
Euler-integration approximation of the multi-step denoising process [25], or (3) simply ignoring the denoising
process and taking the critic gradient at noisy actions 𝑎𝑡 (i.e., ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡)) [53, 68, 13, 36]. Approach (1) requires
training a separate distilled network, which is expensive and can suffer from expressivity issues; approach (2)
is much cheaper and doesn’t require additional training, but can suffer from approximation error, though we
find it to perform better in practice (see Fig. 4); approach (3) is the simplest, but leads to biased guidance (see
Fig. 2). Most similar to our work is EDP [25], which takes approach (2) above. We also use a single-step Euler
integration to approximate the denoising process. However, we leverage the critic gradient with respect to the
action, while EDP uses the critic gradient with respect to policy parameters. More importantly, EDP requires
training the actor with RL objectives at training time, whereas our method pre-trains a value function and uses
its gradient to optimize policy actions at test-time during the action denoising process of a behavior flow policy.

Test-time methods in RL often focus on using a value function to refine actions from a reference policy at
test time. This can be done by either using the critic to rank action samples and pick the best one [35, 19], or
hill-climbing on the critic value with additional gradient steps on fully denoised actions [41, 65]. Another line
of methods can also control the optimality of the policy at test time not by using the critic, but by training a
policy that is conditioned on optimality [14, 30]. Most similar to our work is QFQL [24], which uses the critic
gradient to guide the action denoising process. However, QFQL takes the critic gradient at a noisy action step
(i.e., ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡)), where the noisy action may often go out-of-distribution for the critic that has only been trained
on fully denoised actions. In contrast, our method leverages the critic gradient directly on approximations of
fully denoised actions, and performs better in practice (see Figs. 5 and 8).

3. Preliminaries and Problem Setting
Markov decision process and Q-learning. We consider a Markov Decision Process (MDP) [58]  =
( ,, 𝑃 , 𝑟 , 𝛾 ), where  is the state space,  is the action space, 𝑃(𝑠′|𝑠, 𝑎) ∶  ×  → Δ() is the transi-
tion function, 𝑟(𝑠, 𝑎) ∶  × → ℝ is the reward function, 𝛾 ∈ [0, 1) is the discount factor. The goal is to learn a
policy 𝜋𝜃 ∶  → Δ() that maximizes expected discounted return: 𝐽 (𝜋) = 𝔼𝑎𝑡∼𝜋(⋅∣𝑠𝑡 ),𝑠𝑡+1∼𝑃(⋅∣𝑠𝑡 ,𝑎𝑡 ) [∑

∞
𝑡=0 𝛾 𝑡𝑟(𝑠𝑡 , 𝑎𝑡)].

The 𝑄-function approximates the expected discounted return from state 𝑠 after taking action 𝑎 and following
the policy 𝜋: 𝑄𝜋(𝑠, 𝑎) = 𝔼𝜋 [∑∞

𝑡=0 𝛾 𝑡𝑟(𝑠𝑡 , 𝑎𝑡) ∣ 𝑠0 = 𝑠, 𝑎0 = 𝑎]. 𝑄-functions are typically trained by minimizing
the temporal difference (TD) loss: 𝔼𝑠,𝑎,𝑠′∈(𝑄(𝑠, 𝑎) − 𝑟(𝑠, 𝑎) − 𝛾𝔼𝑎̂1∼𝜋[𝑄𝜙̄(𝑠

′, 𝑎̂1)])2. Notably, this loss relies on
sampling from 𝜋. Since we are interested in finding 𝜋 only at test time, we instead rely on Implicit Q-learning
(IQL) [29], which allows us to learn a Q-function for near optimal policies using actions from the dataset alone.
In particular, IQL minimizes loss 𝑄(𝜙) = 𝔼(𝑠,𝑎,𝑟,𝑠′)∼ [(𝑟(𝑠, 𝑎) + 𝛾𝑉𝜓(𝑠′) − 𝑄(𝑠, 𝑎))2], where 𝑉𝜓 is a state value
function trained to regress to the upper expectile of 𝑄: 𝑉 (𝜓) = 𝔼(𝑠,𝑎)∼[𝐿𝜏2 (𝑄(𝑠, 𝑎) − 𝑉𝜓(𝑠))]. Here 𝐿𝜏2 is the
expectile regression loss 𝐿𝜏2(𝑢) = |𝜏 − 𝟏(𝑢 < 0)| 𝑢2 and 𝜏 ∈ (0.5, 1].

Behavior-regularized RL. In the offline RL setting, the agent does not have access to the environment and must
instead learn from a fixed dataset  = {(𝑠𝑖, 𝑎𝑡 , 𝑠′𝑖 , 𝑟𝑖)}

||
𝑖=1 of transitions collected by a behavior policy 𝜋̂. Policy

optimization is then often performed by both maximizing 𝑄-values while regularizing the policy towards the
data distribution. Regularization is necessary since, without access to the environment, the policy can exploit
out-of-distribution 𝑄-values that are never corrected by real experience. To address this, methods regularize
the policy from deviating too much from the behavior policy’s distribution. Specifically, we consider the KL-
regularized RL objective with respect to the behavior policy 𝜋̂ where 𝛽 > 0 controls the strength of the behavioral
regularization:

𝐽 (𝜋𝜃) = 𝔼𝜏∼𝜋𝜃 [

∞
∑
𝑡=0
𝛾 𝑡𝑟(𝑠𝑡 , 𝑎𝑡)]

− 𝛽 𝔼𝑠∼𝑑𝜋𝜃 (𝑠)[𝐷KL(𝜋𝜃(⋅ ∣ 𝑠) ‖ 𝜋̂(⋅ ∣ 𝑠))]. (1)
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Flow matching. Flow matching [39] generative models are parameterized by a time-dependent velocity field
𝑣𝜃(𝑥, 𝑡) ∶ ℝ𝑑 × [0, 1] → ℝ𝑑 that transports samples from a simple noise distribution 𝑝0 =  (0, 𝐼𝑑) to a target
data distribution 𝑝1 = 𝑝(𝑥) via an ODE: d𝑥̂𝑡 = 𝑣𝜃(𝑥̂𝑡 , 𝑡) d𝑡, 𝑥̂0 ∼ 𝑝0. The velocity field is trained to match the
direction of linear interpolants 𝑥𝑡 = (1 − 𝑡)𝑥0 + 𝑡𝑥1 between noise and data samples via flow matching:

FM(𝜃) = 𝔼𝑡∼ [0,1], 𝑥0∼𝑝0, 𝑥1∼𝑝1 [‖𝑣𝜃(𝑥𝑡 , 𝑡) − (𝑥1 − 𝑥0)‖22] . (2)

To use flow matching for policy training, we condition the velocity field on the state 𝑠 and train on dataset actions
as targets. At inference time, actions are generated by integrating the ODE from 𝑥̂0 ∼ 𝑝0 to 𝑥̂1, which serves as
a valid sample from the policy distribution 𝜋𝜃(𝑎 ∣ 𝑠). Throughout the paper, we will refer to samples from the
policy as “denoised actions”, and the intermediates produced by integration as “noisy actions”.

4. Test-Time Gradient Guidance in RL
Recall that our goal is to optimize the KL-regularized reward maximization objective in Eq. (1). It is well-known
in the literature [6, 1, 51] that the solution to this optimization problem is given via the closed form:

𝜋(𝑎 ∣ 𝑠) ∝ 𝜋̂(𝑎 ∣ 𝑠) ⋅ exp(𝑄(𝑠, 𝑎))1/𝛽 , (3)

where we take the reference policy 𝜋̂(𝑎 ∣ 𝑠) to be a flow policy that is trained via behavioral cloning loss in Eq. (2).
We would like to transform this equation into one that tells us how to sample from high likelihood regions

of 𝜋 by making use of the gradient ∇𝑎𝑄(𝑠, 𝑎). Unfortunately, the likelihood of our reference policy 𝜋̂(𝑎|𝑠)
(represented by a flow matching or diffusion model) cannot be evaluated exactly. However, diffusion (and under
some constraints flow matching) can be interpreted as optimizing a lower bound on the log-likelihood [27]; and
diffusion models learn a score function directly. Using this perspective (assuming the flow corresponds to the
score function ∇𝑎 log 𝜋̂(𝑎|𝑠)) we can write the score for 𝜋 from Eq. (3) as

∇𝑎 log 𝜋(𝑎 ∣ 𝑠) = ∇𝑎 log 𝜋̂(𝑎 ∣ 𝑠) + 1/𝛽 ⋅ ∇𝑎𝑄(𝑠, 𝑎). (4)

Additionally, following prior work [13], we can extend this definition to an extended action space with noisy
perturbations of actions stemming from the intermediate steps of integrating the diffusion denoising process:

∇𝑎𝑡 log 𝜋(𝑎𝑡 ∣ 𝑠) ≈ ∇𝑎𝑡 log 𝜋̂(𝑎𝑡 ∣ 𝑠) + 1/𝛽 ⋅ ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡), (5)

where 𝑎𝑡 corresponds to the partially denoised action at denoising step 𝑡. This suggests that in order to sample
from the improved policy 𝜋, we can modify the denoising process to integrate over the score function of the
reference policy plus a guidance term ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡). A higher weight on the guidance term leads to a policy that is
less constrained by the reference policy, and maximizes the 𝑄 function to a higher degree. This is analogous to
performing classifier guidance [7] with a learned Q function replacing the classifier.

Problems with naïve Q gradient guidance. The guidance term in Eq. (5) is the gradient of the 𝑄-function at
noisy actions 𝑎𝑡 . This gradient can be unreliable since the critic 𝑄(𝑠, 𝑎) is only trained on the denoised action
space and querying it at out-of-distribution noisy actions may require the gradient of the Q-function to be correct
far from its training data, which is not generally guaranteed. We therefore refer to ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡) as the “OOD
gradient”. Taking the gradient at noisy action 𝑎𝑡 is also problematic because 𝑎𝑡 ∈ ℝ|𝔸| might not even correspond
to a valid action in.

Alternatively, we could consider ways to query Q on denoised actions only. Since flow matching determinis-
tically maps each noisy action 𝑎𝑡 to a denoised action 𝑎1 by integrating through the ODE (i.e., 𝑎1 = ODE(𝑎𝑡) =
𝑎𝑡 + ∫ 1

𝑡 𝑣𝜃(𝑎𝜏 , 𝜏)𝑑𝜏), we can interpret the Q value of a noisy action to be the Q value of its denoised version:

𝑄(𝑠, 𝑎𝑡) ∶= 𝑄(𝑠,ODE (𝑎𝑡)). (6)

Thus, a more principled way would be to use ∇𝑎𝑡𝑄(𝑠,ODE (𝑎𝑡)). Computing this gradient requires back propa-
gation through the denoising process, which we call the “BPTT gradient”. While more principled, computing
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Figure 2: Illustrative example of 1D denoising process mapping Gaussian noise to a tri-modal distribution, with 𝑄 defined
as negative L2 distance to the optimal action 𝑎∗. We compare the base BC flow and three critic-gradient guidance methods
(BPTT, OOD, QGF) across three guidance weights. While BPTT and QGF converge to 𝑎∗, guidance with the OOD gradient
∇𝑎𝑡𝑄(𝑠, 𝑎𝑡) does not result in the optimal solution. Further, Fig. 14 shows BPTT can be highly unstable.

this gradient is expensive. Furthermore, we find that the BPTT gradient is very sensitive to noise and has a
high variance. This effect is clearly visible in Fig. 3, where we plot the cosine similarity between the gradient
evaluated at 𝑎𝑡 and a slightly perturbed noisy action 𝑎𝑡 + 𝜖, i.e., cos(𝐺(𝑠, 𝑎𝑡), 𝐺(𝑠, 𝑎𝑡 + 𝜖)) where 𝐺 corresponds
to the estimated gradient. Values closer to 1 correspond to gradient estimators that are less sensitive to noise.
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Figure 3: Sensitivity of different gradient estimators
to noise in the action space: for each gradient estima-
tor 𝐺, the plot shows the cosine similarity between
𝐺(𝑠, 𝑎𝑡) and 𝐺(𝑠, 𝑎𝑡 + 𝜖). Our proposed gradient es-
timator has the least variance and least sensitivity
to noise. Averaged over 20 tasks and 4 seeds.

Illustrative example of suboptimal 𝑄-gradient guidance.
We show a simple illustrative example in which using either of
the above described gradient estimators results in suboptimal
denoised actions. In Fig. 2, we visualize a 1D denoising process
where a flow matching model tries to map input noise distri-
bution to a tri-modal action distribution. The “Q-function” in
this didactic example is the negative squared distance to the
optimal action. We visualize the analytical solution to the base
behavioral cloning (BC) flow and the solution when it is guided
by three different gradients: the OOD gradient ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡), the
BPTT gradient ∇𝑎𝑡𝑄(𝑠, ODE(𝑎𝑡)), and the approximate gra-
dient we propose in Section 5. As we can see, regardless of
the guidance weight, using the OOD action gradient always
misguides the flow and “bias” it to a suboptimal action after
denoising. Section 6 also corroborates this illustrative example
and shows that test-time guidance with the OOD gradient
(following [24]) results in poor performance. While the BPTT
gradient is less “biased”, it is still highly sensitive to noise (see Fig. 3) and therefore leads to instability for policy
optimization, as we find in Fig. 14. On the other hand, the gradient estimator that we propose below, QGF, has
much smaller variance (see Fig. 3) and results in stable optimization towards the optimal action.

5. Q-Guided Flow
In this section, we will show that we can derive a gradient estimator that: i) does not query the critic on OOD
inputs, ii) is cheaper than BPTT through ODE integration, and iii) has lower variance and consequently more
effectively optimizes actions to maximize 𝑄-values. We start by noting that, instead of fully integrating the
denoising ODE, we can obtain a cheap, first-order approximation to the ODE solution by taking a single large
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Euler integration step, following the local velocity field at action 𝑎𝑡 all the way to a denoised action:

𝑎̂1 = 𝑎𝑡 + 𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡) ⋅ (1 − 𝑡), (7)

where 𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡) is the flow velocity function of the reference policy 𝜋̂(𝑎 ∣ 𝑠) at time step 𝑡. As we will show in
Fig. 4, using this first-order approximation is not just a convenience. Perhaps surprisingly, it is actually more
effective than running the full denoising process because it is less constrained to the exact dataset distribution.
From this, we can approximate the ground truth gradient as

∇𝑎𝑡𝑄(𝑠, 𝑎1) ≈ ∇𝑎𝑡𝑄(𝑠, 𝑎̂1) = (
𝜕𝑎̂1
𝜕𝑎𝑡 )

⊤

∇𝑎̂1𝑄(𝑠, 𝑎̂1), (8)

which is a product between the gradient of 𝑄 and the Jacobian of the denoised action with respect to the noisy
action, 𝐽 = 𝜕𝑎̂1

𝜕𝑎𝑡 . Empirically, we find that 𝐽 can be ill-behaved since it requires differentiating through 𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡),
and replacing it with the identity entirely (𝐽 ≈ 𝐽 ∶= 𝐼 ) yields better performance, effectively computing

∇𝑎𝑡𝑄(𝑠, 𝑎1) ≈ 𝐽
⊤ ∇𝑎̂1𝑄(𝑠, 𝑎̂1) where 𝑎̂1 = 𝑎𝑡 + 𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡) ⋅ (1 − 𝑡), 𝐽 = 𝐼 . (9)

Algorithm 1: QGF (Q-Guided Flow) inference.

Inference time

Input: state 𝑠, ref. flow 𝑣𝜃, 𝑄, guid. weight 1
𝛽 , 𝛿 = 1/𝑇

𝑎0 ∼  (0, 𝐼 )
for 𝑡 = 0, 𝛿, 2𝛿 … , 1 − 𝛿 do ◀ flow denoising

𝑎̂1 ← 𝑎𝑡 + (1 − 𝑡) 𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡)
𝑔 ← ∇𝑎̂1𝑄(𝑠, 𝑎̂1) ◀ QGF grad. est.

𝑎𝑡+𝛿 ← 𝑎𝑡 + 𝛿 ⋅ (𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡) +
1
𝛽 𝑔) ◀ Q guidance

end for
return 𝑎1

In summary, we use a first-order approximation
to denoise action 𝑎𝑡 , and take the critic gradient at the
denoised action. QGF uses this 𝑄 gradient to guide
the denoising of a reference policy during inference
time, essentially adding a weighted value of this gra-
dient to the velocity of the reference policy to steer it
towards more optimal actions. The full algorithm is
described in Algorithm 1. Two design choices in QGF
may appear to be crude approximations: we drop the
Jacobian entirely and use a first-order approximation
of the denoised action. Both look like approximations
one would only tolerate for efficiency. Surprisingly,
we find that neither is merely a compromise and both
outperform their more “exact” counterparts. In the analysis below, we show that these choices yield a lower-
variance gradient estimator that is better at optimizing 𝑄-values.
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Figure 4: 𝑄-values of the denoised action with different
gradient guidance, which roughly correlate with perfor-
mance. Averaged over 20 OGBench environments. QGF
is the best gradient-based optimizer, getting close
to the performance of the best-of-n oracle.

Analysis of the Jacobian. We shall refer to Eq. (9) as the
QGF estimator and Eq. (8) as the QGF-Jacobian estimator.
Calculating the Jacobian essentially requires taking partial
derivative through 𝑣𝜃, and can be ill-behaved at times, e.g.,
in early steps when Eq. (7) is a crude approximation of the
ground truth denoising process. We empirically find two
ways to address this: regularizing the Jacobian (see Fig. 15)
or replacing it with the identity. Indeed, Fig. 3 shows that
including the Jacobian in the gradient estimator can make it
more sensitive to noise in the input. This high sensitivity to
noise in turn makes QGF-Jacobian a worse “optimizer” for
𝑄-values than QGF: we can view each gradient estimator
that guides flow denoising as an “optimizer” that tries to
optimize for high𝑄 value actions, which we find to roughly
correlate with performance. Fig. 4 shows the𝑄 value of the
final denoised actions when following different gradient
guidance during denoising, and shows QGF achieves a
higher𝑄 value than QGF-Jacobian. We compare both 𝐽 = 𝜕𝑎̂1

𝜕𝑎𝑡 and 𝐽 ≈ 𝐼 in our experiments below, and find that in
fact not using the Jacobian performs better (see Fig. 5), especially on hard environments (see Fig. 8). We note that
there is a large body of work that shows that such approximate gradients are often sufficient [37, 46, 23, 32, 42].
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First-order approximation. To analyze the impact of the first-order approximation, we compare to a variant
where the denoised action is obtained by following the entire denoising chain: 𝑎1 = ODE(𝑎𝑡). We compare both
gradient estimators (∇𝑎𝑄(𝑠, 𝑎)|𝑎=𝑎̂1 v.s. ∇𝑎𝑄(𝑠, 𝑎)|𝑎=𝑎1 ) without the Jacobian (i.e., 𝐽 ≈ 𝐼 ) since that leads to better
performance and avoids the instability of BPTT. We will refer to this variant as the QGF-chain estimator. Similarly,
we find that QGF-chain is more sensitive to noise in Fig. 3, making it also a worse optimizer for 𝑄-values in Fig. 4.
Indeed, we find in Fig. 15 that QGF-chain underperforms QGF. We hypothesize this is due to QGF being better at
mode selection: following the full denoising process of the base BC flow restricts the denoised action to cover the
full dataset distribution, while QGF allows deviation from the exact dataset distribution and allows the flow to
choose only certain modes of the dataset distribution. This ability to choose good modes enables QGF to guide a
base BC policy to select better actions at test time.

In addition, Fig. 4 also shows QGF to be a better Q-optimizer than all the other gradient-based estimators
except for the OOD gradient, which we find to exploit the 𝑄 function with OOD actions and does not lead to
good performance (see Section D for a detailed discussion). Overall, our analyses shed some light on why QGF is
a particularly effective gradient-estimator for test-time guidance.

Implementation details. QGF is a test-time RL algorithm, using an approximated critic gradient in Eq. (9)
to guide action denoising. The algorithm is agnostic to the training of the reference policy and the critic. For
simplicity, in this paper, we train the reference policy with behavioral cloning and the value function with
IQL [29]. We purposely chose an in-sample value-learning algorithm for critic training so that we can fully
decouple value learning and policy extraction. See Section 6.5 for using QGF with other types of value functions.

6. Experimental Results
We conduct experiments to study how well QGF is able to optimize the policy at test-time on a range of long-
horizon challenging manipulation tasks. We focus on manipulation domains because offline datasets in these
environments typically have lower state-action coverage and are therefore harder for RL algorithms. Concretely,
we study the following research questions: (1) Can QGF optimize the policy well compared to other RL methods?
(2) Can more test-time compute increase the performance for QGF? (3) Can QGF be scaled to solve hard tasks in
goal-conditioned RL and utilize larger model architectures? (4) Can QGF work with different types of critics?

6.1. Experimental Setup
We consider seven different environments (5 tasks each) from OGBench [47] in the offline RL setting: scene,
puzzle-4x4 (p44),puzzle-4x5 (p45),puzzle-4x6 (p46),cube-triple (c3),cube-quadruple
(c4), cube-octuple (c8). We follow the action chunking setting [35] with a chunk size of ℎ = 5. In this
setting, the policy outputs a sequence of ℎ actions and executes them one by one in the environment. This
high-dimensional action space induces a much more complex distribution compared to using single-step atomic
actions, and therefore makes an ideal testbed to compare policy extraction methods. Since learning from the
default OGBench datasets (ranging from 1M to 3M transitions in size) has saturated performance for offline RL
with action chunking [33], we use the datasets with 100M transitions [35]. These larger datasets allow for a
bigger jump in performance (compared to the data collection policy). To stress test our method we also consider
the 1B transitions dataset for p46 and c8. Finally, we consider a challenging sparse reward setting for the harder
puzzles environments (p45 and p46).

6.2. Baselines
We compare QGF, as well as its variant QGF-Jacobian (which includes the Jacobian from Eq. (8)), to a representative
set of baselines from prior work. We group the baselines into two categories:

(1) Test-time methods, which use a policy pre-trained with BC and a learned critic to optimize sampled
actions at test time: BFN [35, 19] samples 𝑁 actions from the actor and picks the highest value one according
to the critic; GradStep improves fully denoised actions at test time by taking a few steps in the gradient
direction [41, 65]; QFQL [24] guides each denoising step with the OOD gradient in Section 4 (i.e., ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡));
BPTT, a novel baseline inspired by DQL [63], uses the BPTT gradient estimator for guidance; CFGRL [14],
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Figure 5: Offline RL performance at 500k training steps (20 tasks, 10 seeds): QGF beats all previous test-time methods and
is competitive with the best training-time method. See task breakdown in Fig. 11.

which trains a policy by conditioning it on advantage values and samples with classifier free guidance at test time;
RobustQ, a novel baseline inspired by robust classifiers [55, 26, 60, 22] in classifier guidance, takes gradients on
a “robust” 𝑄 function 𝑄(𝑠, 𝑎𝑡 , 𝑡) trained with noisy actions and denoising time steps as inputs.

(2) Training-time methods, which train the policy to maximize 𝑄(𝑠, 𝑎) during training: FQL [50] learns a
distilled one-step policy for ascending on the critic gradient; EDP [25] uses a first-order Euler approximation
of the denoised action; QAM [33] uses adjoint matching to replace back propagating through the denoising
process; DAC [13] trains a diffusion model to match base BC distribution tilted by exp(𝑄(𝑠, 𝑎)); QSM+BC add
BC regularization to QSM [53], which uses a diffusion model to match the gradient of 𝑄(𝑠, 𝑎).

See a more detailed description of these methods in Section I. To ensure a fair comparison of policy extraction
methods, the same critic 𝑄(𝑠, 𝑎) is used across all methods. We use the IQL [29] Q-value function described in
the previous section. See Section 6.5 for details on different critic formulations.

6.3. Comparing QGF with Test-Time and Train-Time Baselines
Fig. 5 shows that QGF outperforms previous gradient-based guidance algorithms (QFQL, BPTT, RobustQ)
significantly. This shows the strength of our proposed gradient estimator in Eq. (9). We speculate that this is due
to its lower variance as shown in Fig. 3. QGF also significantly outperforms CFGRL and GradStep, indicating
that gradient guidance during each denoising step is more effective than classifier free guidance, and than using
the critic gradient to change the fully denoised action only. In addition, QGF also outperforms QGF-Jacobian,
showing that not using the Jacobian in the gradient estimator improves performance, which is also confirmed
later in Fig. 8 on harder OGBench tasks.

Compared to methods that explicitly train the policy to maximize Q functions (which we call training-time
methods), QGF only trains the policy with a standard flow matching loss, and uses the Q function gradient
to guide action sampling at test-time. Training-time methods typically require tuning a hyperparameter that
balances reward maximization against a behavioral constraint (such as the weight for the behavioral constraint
in EDP), and good performance usually requires extensive tuning of this hyperparameter. In comparison, QGF
does not need to tune such a parameter during training. Instead, its behavior can be adjusted at test time without
needing to re-train a policy. However, we still compare to representative training-time methods (FQL, EDP, QAM,
DAC, QSM+BC). Surprisingly, QGF outperforms most training-time methods and is competitive and slightly
better than the best. This demonstrates that test-time RL is a powerful policy optimization technique. We note
that the best training-time baseline method, EDP, also uses a first-order approximation of the denoised action,
showing the effectiveness of this approximation.

Scaling test-time compute. One effective way to improve policy performance when additional test-time
compute is available is to incorporate best-of-N (BFN) sampling. In BFN, multiple samples are generated from a
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Figure 6: Compute requirements for different test-time
methods: BFN needs orders of magnitude more FLOPs
compared to QGF and GradStep.
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Figure 7: Offline RL performance at 500k training steps (20 tasks,
10 seeds) evaluated with best-of-N sampling. QGF outperforms
BFN (N=4), and QGF+BFN matches BFN with much higher test-
time compute budget. See task breakdown in Fig. 12.
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Figure 8: Offline goal-conditioned RL performance at 1M training
steps (25 tasks, 10 seeds): While QGF underperforms the best baseline
on the simplest task, it is consistently the best performing method for
the harder tasks, showing that the gradient estimator scales well to long
horizon tasks. See task breakdown in Fig. 13.
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Figure 9: Scaling model size of QGF:
compared to training-time methods such as
QAM [33], QGF benefits much more from
increasing the model size. Averaged over 5
tasks in c3.

reference policy and we select the sample with the highest Q-value. This has proven to be an effective policy
extraction method for both robotic control [35, 19, 45] and language modeling [56]. However, BFN is very
expensive since it requires rolling out the entire denoising process multiple times to select a promising action. In
fact, Fig. 6 shows that BFN is orders of magnitude more expensive than QGF and other test-time methods that we
consider. In Fig. 7, we compare QGF to methods that utilize best-of-N sampling. We introduce a variant of our
method, QGF+BFN, which samples 𝑁 actions from QGF and picks the highest value one ranked by the critic.
As we can see, while BFN (N=4) alone uses drastically more test-time compute than QGF, it actually performs
worse, indicating that QGF is a more effective value maximizer on its own. With even more test-time compute,
BFN (N=16) catches up, achieving similar and slightly better performance than QGF. However, when given more
compute, QGF+BFN is able to beat QGF, and match BFN (N=16) with a smaller test-time compute budget, only
requiring 4 samples instead of 16.

6.4. Scaling QGF to Harder Tasks and Larger Models
To test whether our method can solve even harder tasks than those in Section 6.3, we also evaluate under the
goal-conditioned RL setting instead of single-task RL. We evaluate QGF and its variant QGF-Jacobian with the
two most relevant baselines that use critic gradients at test-time (BPTT, QFQL) on the five most challenging
environments in OGBench. Since these are hard long horizon tasks, we use the corresponding larger datasets
that support learning [49]. In this experiment, we train IQL value functions with DQC [34] since the tasks have
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a very long horizon. Fig. 8 shows that on the easiest task, p45, QGF actually underperforms QFQL. However,
as we move to harder tasks, QGF is consistently the best-performing method, showing that our critic gradient
estimator in Eq. (9) scales well on hard long horizon tasks. It is also worth noting that on the hardest tasks,
QGF consistently outperforms the QGF-Jacobian variant. This shows that it is beneficial to use a lower-variance
gradient estimator that does not include the Jacobian.

To evaluate whether QGF scales well with model size, we compare QGF at different model sizes to a training-
time baseline, QAM [33]. Fig. 9 shows the performance for the two agents using three model sizes for both the
actor and the critic, and we find that when scaling the model size from 800k parameters to 3.2M parameters,
QAM does not improve while QGF experiences a nearly 4× jump in performance. When we increase the model
size past a certain threshold (e.g., 12.7M parameters), both methods experience overfitting, though QGF suffers
less while QAM results in a policy that is unable to complete the task.

6.5. QGF with Different Critics
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Figure 10: QGF can work with different types of critics and
performs better when critics are better (20 tasks, 4 seeds).
See task break down in Fig. 19.

All the above results compareQGF and all baselinemeth-
ods with an in-sample learning critic using IQL [29].
Here, we ask whether QGF can also work with crit-
ics trained with actions sampled from the policy via 𝑄
bootstrapping [38, 16, 18] since these critics perform
extremely well when tuned carefully [48]. We choose to
train the critic with action sampling from QAM [33] be-
cause it is a top-performing method. Fig. 10 shows that
QGF using the QAM-based 𝑄 function performs much
better than IQL-based QGF, and also performs better
than QAM with 𝑄 bootstrapping. This shows that QGF
is an extremely effective policy extraction method that
can work with different types of 𝑄 functions.

7. Conclusion
We present QGF, a test-time RL algorithm for improving flow policies trained with behavioral cloning. By guiding
each denoising step with a critic gradient evaluated at an approximated clean action, QGF avoids unreliable
gradients at noisy actions as well as the cost and instability of backpropagating through the full denoising process.
Empirically, QGF outperforms prior test-time guidance methods, is competitive with strong training-time RL
baselines, and scales favorably to harder tasks and larger models. These results suggest that test-time gradient
guidance is a practical and scalable alternative to actor-critic policy optimization for expressive generative policies
in continuous control.
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A. Result Details
All performance result plots in the main paper and in the appendix report 95% confidence interval as the error bar.
Fig. 12 and Fig. 11 contain the performance of QGF and baselines for individual tasks for each of the singletask
OGBench domains. Fig. 13 contain the performance of individual tasks for the goal-conditioned OGBench
domains.
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Figure 11: Offline RL performance at 500k training steps per environment (10 seeds each).

15



Test-Time Gradient Guidance of Flow Policies in Reinforcement Learning

T1 T2 T3 T4 T5
0%

25%

50%

75%

100%

cu
be

-tr
ip

le

T1 T2 T3 T4 T5
0%

25%

50%

75%

100%

cu
be

-q
ua

dr
up

le

T1 T2 T3 T4 T5
0%

25%

50%

75%

100%

pu
zz

le
-4

x4

T1 T2 T3 T4 T5
Task

0%

25%

50%

75%

100%

sc
en

e

Av
er

ag
e 

Su
cc

es
s R

at
e 

(5
 ta

sk
s)

Test-time BFN (N=4) BFN (N=16) QGF QGF (N=4)

Figure 12: Offline RL with Best-of-N sampling at 500k training steps per environment (10 seeds each).

16



Test-Time Gradient Guidance of Flow Policies in Reinforcement Learning

task1 task2 task3 task4 task5
0.0

0.5

1.0

Su
cc

es
s R

at
e

puzzle-4x5  (3M)

task1 task2 task3 task4 task5
0.0

0.5

1.0

Su
cc

es
s R

at
e

cube-triple  (100M)

task1 task2 task3 task4 task5
0.0

0.5

1.0

Su
cc

es
s R

at
e

cube-quadruple  (100M)

task1 task2 task3 task4 task5
0.0

0.5

1.0

Su
cc

es
s R

at
e

puzzle-4x6  (1B)

task1 task2 task3 task4 task5
0.0

0.5

1.0

Su
cc

es
s R

at
e

cube-octuple  (1B)

BPTT QFQL QGF-Jacobian QGF

Figure 13: Offline goal-conditioned RL at 1M training steps (10 seeds each). See the domain-specific hyperparameters in
Table 4.

17



Test-Time Gradient Guidance of Flow Policies in Reinforcement Learning

B. Extra Analysis on BPTT Gradient Guidance
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Figure 14: We find that the BPTT gradient can be unstable for higher guidance weights and certain target distributions.

Here we offer another example of our 1-D illustrative denoising example described in Section 4. In this example,
we find that the BPTT gradient can be extremely unstable, as shown in Fig. 14. This suggests that using such
gradient guidance could lead to suboptimal results, as confirmed by our experiments in Fig. 5 and Fig. 8.

C. QGF Variants
We present in Fig. 15 the comparison between QGF and many variants of QGF. See the task specific breakdown
in Fig. 16. QGF, QGF-Jacobian, and QGF-chain are explained in Section 5, and we detail the other variants below:

QGF Distill / QGF-Jacobian Distill. Instead of using the first-order approximation in Eq. (7) to approximate
the fully denoised action, one can also train a “distilled” velocity field to denoise noisy actions. For any noisy
action 𝑎𝑡 at timestep 𝑡, we can train a velocity field 𝑣𝑑(𝑠, 𝑎𝑡 , 𝑡) with loss:

||𝑣𝑑(𝑠, 𝑎𝑡 , 𝑡) − ODE(𝑎𝑡)||2,

where ODE(𝑎𝑡) represent the full denoising chain of the reference policy (ODE (𝑎𝑡) = 𝑎𝑡 +∫ 1
𝑡 𝑣𝜃(𝑎𝜏 , 𝜏)𝑑𝜏). Then,

we approximate the clean action with 𝑎̂1 = 𝑣𝑑(𝑠, 𝑎𝑡 , 𝑡), and approximate the gradient with

∇𝑎𝑡𝑄(𝑠, 𝑎̂1) = 𝐽
𝑇 ∇𝑎̂1𝑄(𝑠, 𝑎̂1).

QGF-Jacobian Distill would calculate the Jacobian 𝐽 = 𝜕𝑎̂1
𝜕𝑎𝑡 by taking derivative through 𝑣𝑑 ; QGF Distill would

simply set 𝐽 ≈ 𝐽 = 𝐼 .

QGF-Jacobian Smooth. Since we found in Fig. 3 that QGF-Jacobian has higher “variance” than QGF, we explore
whether we can reduce the variance of the QGF-Jacobian estimator with some “smoothing” method. Here we
also use the one-euler-step approximation of 𝑎̂1 = 𝑎𝑡 + (1 − 𝑡)𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡), but replace the single-point Jacobian
𝐽 = 𝜕𝑎̂1

𝜕𝑎𝑡 with a Monte Carlo average over 𝐾 Gaussian perturbations of 𝑎𝑡 :

𝐽 (𝑎𝑡) =
1
𝐾

𝐾
∑
𝑘=1

𝜕𝑎̂1
𝜕𝑎𝑡

|||||𝑎𝑡+𝜖𝑘
, 𝜖𝑘

i.i.d.∼  (0, , 𝜎2𝐼 )

The rest of the chain rule is unchanged. The full Q-gradient is:

∇𝑎𝑡𝑄 = 𝐽 (𝑎𝑡)⊤∇𝑎̂1𝑄(𝑠, 𝑎̂1)
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QGF Regularized. We investigate an estimator where the Jacobian is regularized towards the identity:

∇𝑎𝑡𝑄(𝑠, 𝑎̂1) = ∇𝑎̂1𝑄(𝑠, 𝑎̂1) ⋅ (𝐼 + 𝜖 ⋅
𝜕𝑎̂1
𝜕𝑎𝑡

) (10)

where 𝜖 is some small value. We use 𝜖 = 0.1 in Fig. 15.

QGF-Jacobian Ortho This is another regularization method for QGF-Jacobian that orthogonalizes the Jacobian
matrix. We orthogonalize with Singular Value Decomposition (SVD): 𝐽 = 𝑈Σ𝑉 ⊤, then

𝐽ortho = 𝑈𝑉 ⊤.

This is the nearest orthogonal matrix to 𝐽 (in Frobenius norm). The gradient then becomes:

∇𝑎𝑡𝑄(𝑠, 𝑎̂1) = 𝐽
⊤
ortho∇𝑎̂1𝑄(𝑠, 𝑎̂1).

Intuitively, 𝐽 rotates and scales; orthogonalization keeps the rotation but discards the scaling, so the guidance
direction is preserved but its magnitude is no longer amplified or shrunk by the singular values of the denoising
map.
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Figure 15: Offline RL performance at 500k training steps (20 tasks, 10 seeds) of different QGF variants. Methods that apply
the Jacobian are shaded. See task specific break down in Fig. 16.

Fig. 15 shows the offline RL performance of all the QGF variants on OGBench. Surprisingly, both QGF-Jacobian
Regularized and QGF-Jacobian Ortho actually performs similarly to QGF, and all three perform better than other
variants with the Jacobian. The further shows that including the Jacobian actually hurts performance (likely due
to the high variance of the gradient estimator). However, if one regularized the Jacobian, the performance can be
recovered. That said, the simplest method remains just setting 𝐽 ≈ 𝐽 = 𝐼 . Surprisingly, QGF Distill actually also
underperforms QGF, and performs similarly to QGF-chain. We hypothesize that it also suffers from the same
constraint that QGF-chain does, and places too much restrictions on strictly adhering to the dataset distribution.
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Figure 16: Full results for Fig. 15: Offline RL performance at 500k training steps (20 tasks, 10 seeds).

D. OOD Gradient Exploits 𝑄 function
Fig. 4 shows that QGF is an extremely effective optimizer for 𝑄-values and does better than QGF-Jacobian,
QGF-chain, and BPTT. It performs similarly to the oracle, which we take to be the best-of-n (BFN) sampling
agent. The BFN agent is known to be extremely effective at optimizing actions to maximize 𝑄-values [35, 19],
which aligns with our results in Fig. 7. Curiously, the OOD gradient is an even more effective optimizer than
BFN, leading to even higher 𝑄-values. However, Fig. 5 shows that the QFQL agent, which uses the OOD gradient,
does not perform well in practice. This implies that the OOD gradient may be exploiting the 𝑄 function by
generating actions outside the distribution of the dataset (which we will call OOD actions) since the gradient
itself is ill formed (see Section 4). This may not come as a surprise since it is well-known that critics trained with
offline RL can over-estimate 𝑄-values of OOD actions [31, 29, 15]. To investigate whether the actions from the
OOD gradient are out of distribution, we plot both its distance to the oracle BFN action and its nearest-neighbor
distance to actions from the offline dataset. Fig. 17 shows that actions from the OOD gradient has the largest
distance on both distance metrics out of all the gradient estimators, showing that it produces actions least similar
to dataset actions and optimal actions. This shows that the OOD gradient indeed denoised to some OOD actions
that exploits the 𝑄-values, and so such actions does not actually lead to good performance.
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Figure 17: The OOD gradient leads to a denoised action with higher 𝑄 value than all other methods by exploiting the critic
on OOD actions. (left): the OOD gradient leads to actions that are farthest away from the BFN oracle actions. (right): the
OOD gradient leads to actions that has the largest nearest-neighbor (NN) distance to dataset actions. Aggregated over 20
tasks, 256 observations, 4 seeds.

E. Sensitivity of Different Gradient Estimators to Noise
Fig. 3 shows the sensitivity of gradient estimators to noise in terms of cosine similarity between 𝐺(𝑠, 𝑎𝑡) and
𝐺(𝑠, 𝑎𝑡 + 𝜖). That plot averages over 20 different tasks in OGBench, and Fig. 18 shows the task-specific results.

F. Critic Training
We follow the action chunking setting [35] and learn both actors that produces action chunks and critics that are
conditioned on action chunks (i.e., 𝑎1∶ℎ for chunk size ℎ).

Singletask IQL critic. Our method is agnostic to the specific critic training recipe used. In practice we chose to
use IQL [29] as the main critic training method because it can be trained using only in-sample learning and we
can completely separate actor and critic training. All of the different methods in Fig. 5 are evaluated using an IQL
Q function, which is learned as follows:

For an offline dataset  = {(𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1)}, we train a critic 𝑄𝜃 and value function 𝑉𝜓 using the following
objectives:

𝑄(𝜃) = 𝔼(𝑠𝑡 ,𝑎𝑡∶𝑡+ℎ,𝑟𝑡∶𝑡+ℎ,𝑠𝑡+ℎ)∼[(𝑄𝜃(𝑠𝑡 , 𝑎𝑡∶𝑡+ℎ) − (
𝑡+ℎ−1
∑
𝑡′=𝑡

[𝛾 𝑡
′−𝑡𝑟 ′𝑡 ] + 𝛾

ℎ 𝑉𝜓̄(𝑠𝑡+1))
2
], (11)

𝑉 (𝜓) = 𝔼(𝑠𝑡 ,𝑎𝑡∶𝑡+ℎ)∼[𝐿
𝜏
2(𝑄𝜃̄(𝑠𝑡 , 𝑎𝑡∶𝑡+ℎ) − 𝑉𝜓(𝑠𝑡))], (12)

where 𝐿𝜏2(𝑢) = |𝜏 − 𝟏(𝑢 < 0)|𝑢2 is the expectile regression loss (expectile 𝜏), and 𝜃̄, 𝜓̄ denote target/stop-gradient
parameters. We train all IQL critics with an ensemble of 2 critics and aggregate them by taking the minimum
over the ensemble.

Goal-conditioned IQL critic. We train goal-conditioned IQL critics following the critic training procedure
in Decoupled Q Chunking (DQC) [34]. DQC decouples the chunk horizon for the policy (ℎ𝑎) and the critic (ℎ𝑐).
The chunk horizon used for the critic is usually much larger to speed up value propagation. We train a total of 2
critics, 𝑄𝑐 and 𝑄𝑎, which has chunk horizon ℎ𝑐 and ℎ𝑎 respectively.
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Figure 18: Full results for Fig. 3 on sensitivity of gradient estimator to noise for all 20 OGBench environments. 4 seeds each.

The long-horizon critic 𝑄𝑐 is trained using the same IQL objective as above:

𝑄𝑐(𝜃𝑐) = 𝔼(𝑠𝑡 ,𝑎𝑡∶𝑡+ℎ𝑐 ,𝑟𝑡∶𝑡+ℎ𝑐 ,𝑠𝑡+ℎ𝑐 )∼[(𝑄𝑐(𝑠𝑡 , 𝑔, 𝑎𝑡∶𝑡+ℎ𝑐 ) − (
𝑡+ℎ𝑐−1

∑
𝑡′=𝑡

𝛾 𝑡
′−𝑡𝑟𝑡′ + 𝛾 ℎ𝑐𝑉𝜓̄(𝑠𝑡+ℎ𝑐 , 𝑔)))

2
], (13)

with the corresponding expectile value objective

𝑉 (𝜓)𝔼(𝑠𝑡 ,𝑔,𝑎𝑡∶𝑡+ℎ𝑐 )∼[𝐿
𝜏
2(𝑄𝜃̄𝑐(𝑠𝑡 , 𝑔, 𝑎𝑡∶𝑡+ℎ𝑐 )𝑉𝜓(𝑠𝑡 , 𝑔))]. (14)

The short-horizon critic 𝑄𝑎 is trained by distilling the optimistic value of extending a partial action chunk
into a complete chunk. Concretely, for a partial chunk 𝑎𝑡∶𝑡+ℎ𝑎 , we regress 𝑄𝑎 towards an upper expectile of the
full-chunk critic values:

𝑄𝑎(𝜃𝑎)𝔼(𝑠𝑡 ,𝑔,𝑎𝑡∶𝑡+ℎ𝑐 )∼[𝐿
𝜅𝑑
2 (𝑄𝑐(𝑠𝑡 , 𝑔, 𝑎𝑡∶𝑡+ℎ𝑐 ) − 𝑄𝑎(𝑠𝑡 , 𝑔, 𝑎𝑡∶𝑡+ℎ𝑎))], (15)

where 𝜅𝑑 > 0.5 is the distillation expectile. This objective causes 𝑄𝑎 to approximate the value of the best
completion of the partial chunk under 𝑄𝑐:

𝑄𝑎(𝑠𝑡 , 𝑔, 𝑎𝑡∶𝑡+ℎ𝑎) ≈ max
𝑎𝑡+ℎ𝑎∶𝑡+ℎ𝑐

𝑄𝑐(𝑠𝑡 , 𝑔, [𝑎𝑡∶𝑡+ℎ𝑎 , 𝑎𝑡+ℎ𝑎∶𝑡+ℎ𝑐 ]). (16)

For policy extraction, we optimize and evaluate policies using only 𝑄𝑎. This allows the policy to operate with
a short execution horizon ℎ𝑎 while still benefiting from the faster value propagation provided by the long-horizon
critic 𝑄𝑐 .
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G. QGF with Other Types of Value Functions
In Section 6.5, we train the critic by minimizing the temporal difference (TD) error:

𝔼𝑠,𝑎,𝑠′∈(𝑄(𝑠, 𝑎) − 𝑟(𝑠, 𝑎) − 𝛾𝔼𝑎̂1∼𝜋QAM[𝑄𝜙̄(𝑠
′, 𝑎̂1)])2,

where we bootstrap to a 𝑄 function evaluated at a sampled action from the QAM policy 𝜋QAM.
To get the best critic possible, we following the original QAM paper [33] and train an ensemble of 10 𝑄

functions, and aggregate them by taking the mean of the ensemble values.
The full result is presented in Fig. 19. To avoid confusion, the QAM agent in Fig. 10 and Fig. 19 is trained using

the critic described above by minimizing TD error, while the QAM agent in Fig. 5 uses IQL critic for comparability
against other agents.
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Figure 19: Full Results for Fig. 10: QGF with a QAM-based critic performs even better than QGF with an IQL-based critic
on OGBench.

H. Guidance Sensitivity Analysis
We perform a sensitivity analysis of the guidance weight 1

𝛽 in Eq. (5) for QGF in Fig. 20. We can see that for most
environments, increasing guidance weight drastically improves policy performance. However, an overly large
guidance weight can also hurt performance since it can push the actions outside of the dataset support.

I. Details On Baseline Methods
(1) Test-time methods
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Figure 20: QGF performance against guidance weight: increasing guidance weight can drastically improve policy perfor-
mance, but overly large weight can also hurt performance by pushing actions off manifold.

Best-of-N (BFN) performs rejection sampling on the base behavior cloning policy 𝜋̂ trained with the flow
matching objective. Specifically, the output action 𝑎 is selected as:

𝑎 ← argmax
𝑎1,⋯,𝑎𝑁∼𝜋̂

𝑄(𝑠, 𝑎𝑡). (17)

BPTT is a baseline we consider inspired by DQL [63] that computes guidance by backpropagating the critic
objective through the entire denoising chain (i.e., full Backpropogation through time), yielding ∇𝑎𝑡𝑄(𝑠, 𝑎1) where
𝑎1 is the action produced after all denoising steps, and 𝑎𝑡 is the partially-denoised action at timestep 𝑡. We
compute the denoised action as

𝑎1 = ODE(𝑎𝑡) = 𝐷(1)
𝜃 ◦ ⋯ ◦ 𝐷(𝑡+𝛿)

𝜃 ◦ 𝐷(𝑡)
𝜃 (𝑠, 𝑎𝑡),

where 𝐷(𝑡)
𝜃 denotes the 𝑡-th denoising step of the policy. Then we can write the gradient as:

∇𝑎𝑡𝑄(𝑠, 𝐷
(1)
𝜃 ◦ ⋯ ◦ 𝐷(𝑡+𝛿)

𝜃 ◦ 𝐷(𝑡)
𝜃 (𝑠, 𝑎𝑡)), (18)

and taking the gradient at 𝑎𝑡 requires differentiating through the chain of denoising steps 𝐷(𝑡)
𝜃 → ⋯ → 𝐷(1)

𝜃 .

GradStep is a baseline we consider inspired by Policy Agnostic RL (PA-RL) [41] that first samples a denoised
action by running the full denoising process of our behavior cloning flow policy 𝜋̂, then performs policy
improvement by iteratively taking 𝐿 gradient ascent steps on the fully denoised action:

Algorithm 2 GradStep
Input: 𝐿, 𝛼step, 𝜋̂,
𝑎 ← 𝑎0, where 𝑎0 ∼ 𝜋̂
for 𝓁 = 1, … , 𝐿 do

𝑎 ← 𝑎 + 𝛼step∇𝑎𝑄𝜃(𝑠, 𝑎)
end for
return 𝑎

QFQL [24] also trains a behavior cloning actor via flow matching and critic using TD Learning, and perform
policy optimization at test time with 𝑄 critic gradeint guidance. QFQL uses the critic gradient at the intermediate
noisy action 𝑎𝑡 directly (i.e., ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡)), which is out-of-distribution for a critic trained only on clean actions.
During inference, the denoising step at time 𝑡 is characterized by:

𝑎𝑡+𝛿 ← 𝑎𝑡 + 𝛿 (𝑣𝜃(𝑠, 𝑎𝑡 , 𝑡) +
1
𝛽
∇𝑎𝑡𝑄(𝑠, 𝑎𝑡)) (19)
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RobustQ is a novel baseline we consider, inspired by the adversarially robust classifiers [55, 26, 60, 22] in the
text-to-image generation classifier guidance literature. To handle querying 𝑄 gradient at the noisy action step 𝑎𝑡 ,
we train a 𝑄 function 𝑄(𝑠, 𝑎𝑡 , 𝑡) to regress on the IQL 𝑄 with loss:

𝑙𝑟𝑜𝑏𝑢𝑠𝑡 = (𝑄(𝑠, 𝑎𝑡 , 𝑡) − 𝑄(𝑠, 𝑎))2. (20)

Then, we query the gradient ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡 , 𝑡) during inference time and use that as guidance.

CFGRL [14] also performs policy improvement during test time, but does not rely on critic gradient. During
training, CFGRL trains a base flow matching policy 𝑓 (𝑠, 𝑎𝑡 , 𝑡) and an optimality-conditioned policy 𝑓𝑜=1(𝑠, 𝑎𝑡 , 𝑡).
𝑜 is a binary indicator on whether the policy is “optimal”, and 𝑜 = 1 means it is. Following the original paper, we
define “optimal” as 0 < 𝐴(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) − 𝑉 (𝑠). The base policy 𝑓 maps Gaussian noise to the whole dataset
distribution, while the conditioned policy 𝑓𝑜=1 maps noise to the subset of the dataset distribution that is “optimal”.
During inference, CFGRL performs classifier free guidance (CFG) to combine the two policies into a single guided
policy:

𝑣cfg(𝑠, 𝑎𝑡 , 𝑡) = 𝑓 (𝑠, 𝑎𝑡 , 𝑡) + 𝑤(𝑓𝑜=1(𝑠, 𝑎𝑡 , 𝑡) − 𝑓 (𝑠, 𝑎𝑡 , 𝑡)),

where 𝑤 is the CFG weight that controls the balance between the two velocities.

(2) Training-time methods

Q-Score Matching (QSM) [53] trains a diffusion policy to follow the Boltzmann distribution of the Q-function,
𝜋(⋅ ∣ 𝑠) ∝ 𝑒𝑄(𝑠,⋅)/𝛽 by approximating the score of intermediate noised actions 𝑎𝑡 =

√𝛼𝑡𝑎 +
√
1 − 𝛼𝑡𝜀 directly with

the action gradient of the critic:

QSM(𝜃) = 𝔼𝜀∼ , 𝑡∼ {0, 1𝑇 …,1−
1
𝑇 } [

‖‖‖‖
−
1
𝛽
∇𝑎𝑡𝑄(𝑠, 𝑎𝑡) − 𝑓𝜃(𝑠, 𝑎𝑡 , 𝑡)

‖‖‖‖

2

2]
. (21)

Note that QSM essentially hill climbs with the OOD gradient direction (i.e., ∇𝑎𝑡𝑄(𝑠, 𝑎𝑡)) during training. In
practice, we find that QSM alone often does not perform well in offline RL settings. Therefore, we try to
improve its performance by augmenting the QSM objective with a standard DDPM behavior regularization term
DDPM(𝜃) = 𝔼𝜀∼ , 𝑡∼ {0, 1𝑇 …,1−

1
𝑇 } [‖𝜀 − 𝑓𝜃(𝑠, 𝑎𝑡 , 𝑖)‖

2
2]. We call this agent QSM-BC. QSM-BC has the overall actor

loss QSM−BC(𝜃) = QSM(𝜃) + 𝜂DDPM(𝜃).

Diffusion Actor-Critic (DAC) [13] is similar to QSM, but incorporates a behavior prior constraint: it aims to
learn policy 𝜋(⋅|𝑠) ∝ 𝜋̂(⋅|𝑠)𝑒𝑄(𝑠,⋅). Therefore, they assume that

∇𝑎𝑡 log 𝜋(𝑎𝑡 ∣ 𝑠) ≈ ∇𝑎𝑡 log 𝜋̂(𝑎𝑡 ∣ 𝑠) +
1
𝛽
∇𝑎𝑡𝑄(𝑠, 𝑎𝑡).

The actor is trained by matching 𝑓𝜃 to a linear combination of the behavior cloning target 𝜀 and the Q-gradient:

DAC(𝜃) = 𝔼𝜀∼ , 𝑡∼ {0,…,𝑇−1} [
‖‖‖‖
𝜀 −

1
𝛽
∇𝑎𝑡𝑄(𝑠, 𝑎𝑡) − 𝑓𝜃(𝑠, 𝑎𝑡 , 𝑡)

‖‖‖‖

2

2]
. (22)

DAC can be interpreted as a training-time version of QFQL, which ascends on the OOD gradient direction with a
behavior constraint.

Flow Q-Learning (FQL) [50] avoids the issue of backpropagating through the denoising chain by distilling a
flow matching behavior cloning policy 𝑓𝜃 ∶  × ℝ𝐴 × [0, 1] → ℝ𝐴 into a one-step policy 𝑓𝜔 ∶  × ℝ𝐴 → ℝ𝐴. 𝑓𝜃 is
trained with a standard flow matching objective, and the one-step policy objective is:

onestep(𝜔) = 𝔼𝑧∼ [𝛼FQL ‖𝑓𝜔(𝑠, 𝑧) − ODE(𝑓𝜃(𝑠, ⋅, ⋅), 𝑧)‖22 − 𝑄(𝑠, 𝑓𝜔(𝑠, 𝑧))] , (23)

where 𝛼FQL is a coefficient balancing proximity (in 2-Wasserstein distance) to the behavior policy 𝜋𝜃 with 𝑄-value
maximization.
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Q-learning with Adjoint Matching (QAM) [33] addresses the instability of BPTT by leveraging adjoint
matching [10] to directly incorporate the critic’s action gradient into the flow policy training without back-
propagating through the denoising process. Specifically, QAM targets the optimal behavior-constrained policy
𝜋(𝑎 ∣ 𝑠) ∝ 𝜋̂(𝑎 ∣ 𝑠)𝑒𝑄(𝑠,𝑎)/𝛽 by solving the following stochastic optimal control (SOC) objective via the adjoint
matching loss:

AM(𝜃) = 𝔼𝑠,{𝑎𝑡 }𝑡 [∫
1

0

‖‖‖‖‖

2(𝑓𝜃(𝑠, 𝑎𝑡 , 𝑡) − ̂𝑓 (𝑠, 𝑎𝑡 , 𝑡))
𝜎𝑡

+ 𝜎𝑡 𝑔̃𝑡
‖‖‖‖‖

2

2

𝑑𝑡
]
, (24)

where 𝑔̃𝑡 is the “lean” adjoint state propagated backwards through the base flow model ̂𝑓 via

𝑑𝑔̃𝑡 = −∇𝑎𝑡 [2
̂𝑓 (𝑠, 𝑎𝑡 , 𝑡) − 𝑎𝑡/𝑡] 𝑔̃𝑡 𝑑𝑡, 𝑔̃1 = −∇𝑎1𝑄(𝑠, 𝑎1)/𝛽. (25)

Unlike approximation-based methods (e.g., QSM, DAC), the adjoint state computation uses only ̂𝑓 rather than 𝑓𝜃,
avoiding backpropagating through the policy that is being optimized.

J. Hyperparameter and Tuning Details
For all the main results in Fig. 5, Fig. 7, and Fig. 8, we run 10 different seeds. All other ablations experiment
include 4 seeds or more.

Table 2 below denote the common hyperparameters and Table 3 denote the method-specific hyperparameters.
For each method, including QGF and all baseline methods, we tune the method-specific hyperparameter per
domain in the ranges specified in Table 5. Specifically, we tune hyperparameters per domain on task 2 and 4 only,
and re-run all 10 seeds on task 1 through 5. We choose this hyperparameter tuning since task difficulty gradually
increases from task 1 to task 5, and so tuning on task 2 and 4 represent the average performance on the domain.

Parameter Value

Batch size 1024
Discount factor (𝛾 ) 0.999

IQL Critic Expectile (𝜏) 0.9
Action chunk horizon (ℎ) 5

Flow steps 10
Offline training steps 5 × 105

Evaluation episodes 10
Critic Network Size [1024, 1024, 1024, 1024]
Actor Network Size [1024, 1024, 1024, 1024]

Learning rate 3e-4
Critic ensemble size 2

Critic aggregation method min

Table 1: Common hyperparameters used for singletask Offline RL experiments on OGBench 100M datasets.
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Parameter Value

Batch size 4096
Discount factor (𝛾 ) 0.999

Flow steps 10
Offline training steps 1 × 106
Evaluation episodes 50 per task
Critic Network Size [1024, 1024, 1024, 1024]
Actor Network Size [1024, 1024, 1024, 1024]

Learning rate 3e-4
Critic ensemble size 2

Critic aggregation method mean for puzzle-*, min for cube-*

Table 2: Common hyperparameters used for offline goal-conditioned RL experiments on OGBench.

Training-time Test-time

Domains DAC
QSM
+BC FQL QAM EDP

Grad
Step CFGRL BPTT QFQL

Robust
Q

QGF
Jac. QGF

QGF
BFN

(𝛼) (𝜏inv, 𝛼) (𝛼) (𝜏inv) (𝑤BC) (𝛼step, 𝐿) (𝜏cfg) (𝜏g) (𝜏g) (𝜏g) (𝜏g) (𝜏g) (𝜏g)

cube-triple-100M-* 100 (0.1, 10) 1000 0.1 100 (0.01, 3) 3.0 0.06 0.06 0.12 0.04 0.06 0.02
cube-quadruple-100M-* 100 (0.1, 10) 1000 0.1 300 (0.01, 3) 3.0 0.06 0.06 0.10 0.02 0.10 0.008
puzzle-4x4-100M-* 100 (0.1, 10) 1000 0.1 300 (0.01, 3) 2.0 0.008 0.02 0.10 0.008 0.02 0.004
scene-100M-* 300 (0.1, 10) 300 0.1 30 (0.01, 5) 5.0 0.12 0.04 0.12 0.008 0.12 0.02

Table 3: Domain-specific hyperparameters for single-task OGBench experiments.

Guidance weight (𝜏𝑔 ) DQC critic

Domains BPTT QFQL QGF-Jacobian QGF ℎ𝑐 ℎ𝑎 𝜏 𝜅𝑑
puzzle-4x5-3M 10 10 3 3 25 5 0.9 0.5
cube-triple-100M 3 3 3 3 25 5 0.93 0.8
cube-quadruple-100M 10 3 10 3 25 5 0.93 0.8
puzzle-4x6-1B 1 1 1 1 25 1 0.7 0.5
cube-octuple-1B 10 10 10 10 25 5 0.93 0.5

Table 4: Domain-specific guidance weights and DQC value function hyperparameters for goal-conditioned RL
experiments on OGBench. ℎ𝑐 and ℎ𝑎 are the critic and policy action chunk horizons; 𝜅𝑏 and 𝜅𝑑 are the backup and distillation
expectiles used by the Decoupled Q-Chunking (DQC) critic. These are tuned values taken from the DQC paper.
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Method Hyperparameter(s) Tuning Range

Training-time methods
DAC 𝛼 {100, 300, 1000}
QSM+BC (𝜏inv, 𝛼) {0.1, 3.0} × {10, 30}
FQL 𝛼 {10, 100, 300, 1000}
QAM (IQL) 𝜏inv {0.1, 0.3, 1.0}
EDP 𝑤BC {1, 10, 30, 100, 300}
CFGRL 𝜏cfg {1.0, 2.0, 3.0, 5.0, 10.0, 15.0}

Test-time methods
GradStep (𝜂, 𝐾) {0.01, 0.03, 0.1} × {1, 3, 5}
QGF 𝜏𝑔 {0.004, 0.008, 0.01, 0.02, 0.04, 0.06, 0.08, 0.1, 0.12}
QFQL 𝜏𝑔 {0.004, 0.008, 0.01, 0.02, 0.04, 0.06, 0.08, 0.1, 0.12}
BPTT 𝜏𝑔 {0.004, 0.008, 0.01, 0.02, 0.04, 0.06, 0.08, 0.1, 0.12}
BFN 𝑁 {4, 8, 16, 32}
QGF+BFN (𝑁 , 𝜏𝑔) {4, 8, 16, 32} × {0.004, 0.008, 0.01, 0.02, 0.04, 0.06, 0.08, 0.1, 0.12}

Table 5: Hyperparameter tuning ranges for OGBench experiments.

K. Limitations
Here we discuss the limitations of our proposed RL algorithm QGF. As discussed, our method relies on using the
critic gradient to guide action optimization at test time. While this is generally much cheaper than other test-time
RL algorithms such as best-of-N sampling, a critic parameterized by a large model may be expensive to take
gradients over. Further work is needed in this direction to optimize the inference compute requirement of our
method for large critics. Second, QGF relies on adjusting the output of a base reference model. If the base model
is under-trained or does not well represent the data distribution, using QGF to improve at test time would not be
efficient. One interesting direction of future research is better training recipe for reference models for QGF.
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