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Abstract

Expressive policies based on flow-matching have
been successfully applied in reinforcement learn-
ing (RL) more recently due to their ability to
model complex action distributions from offline
data. These algorithms build on standard policy
gradients, which assume that there is no unmea-
sured confounding in the data. However, this con-
dition does not necessarily hold for pixel-based
demonstrations when a mismatch exists between
the demonstrator’s and the learner’s sensory capa-
bilities, leading to implicit confounding biases in
offline data. We address the challenge by investi-
gating the problem of confounded observations in
offline RL from a causal perspective. We develop
a novel causal offline RL objective that optimizes
policies’ worst-case performance that may arise
due to confounding biases. Based on this new
objective, we introduce a practical implementa-
tion that learns expressive flow-matching policies
from confounded demonstrations, employing a
deep discriminator to assess the discrepancy be-
tween the target policy and the nominal behav-
ioral policy. Experiments across 25 pixel-based
tasks demonstrate that our proposed confounding-
robust augmentation procedure achieves a success
rate 120% that of confounding-unaware, state-of-
the-art offline RL methods.

1. Introduction
Offline reinforcement learning (RL) offers an alternative
paradigm to traditional online RL, enabling effective pol-
icy learning for decision-making from previously collected
observational data when active exploration in the under-
lying environment is costly, unsafe, or even impractical
(Lange et al., 2012; Levine et al., 2020). The standard
offline RL problem can be interpreted as a constrained opti-
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mization: the agent seeks to maximize long-term rewards
while remaining close to the state-action distributions of
the observed trajectories (Levine et al., 2020). More re-
cently, there is a growing body of offline RL that attempts
to represent more complex, multimodal policy distributions
using an expressive policy class that explicitly learns the pol-
icy’s velocity field via deep generative modeling (Mandlekar
et al., 2022; Lipman et al., 2024). These expressive policy
classes include denoising diffusion (Wang et al., 2023) and
flow-matching (Park et al., 2025b). They enable modeling
more complex policy distributions in the dataset, thereby
enforcing accurate behavioral constraints which is critical
to offline RL algorithms (Tarasov et al., 2023).

Despite these progresses, all the algorithms described above
build on the standard off-policy policy gradient framework
(Sutton, 2018), which relies on the key assumption that the
demonstrator’s behavioral policy and the learner’s target
policy share the same support over the state-action domain
(Precup et al., 2000). When such conditions fail to hold,
implicit confounding biases can be introduced into the ob-
servational data, consequently posing significant challenges
for training RL systems from offline data (Bareinboim et al.,
2024; Li et al., 2025b).

Example 1 (Confounded Pixel-Based Observations). Fig. 1
shows an example that illustrates challenges of implicit con-
founding bias in offline RL. Specifically, the expert actions
are sampled based on true state observations, whereas the
final pixel-based offline dataset pairs those actions with the
corresponding image observations. The robot arm is tasked
to move the colored cubes into the desired translucent posi-
tions. But pixel observations in Fig. 1b, a blurry front-view
with occlusion, cannot fully capture the true state informa-
tion shown in Fig. 1a, which underlies the expert’s decisions.
Learning from such datasets under the MDP assumption re-
sults in significant performance degradation despite that the
same method works well in the same task with a structured
state-observation space as the demonstrator does (Park et al.,
2025b; Dong et al., 2025). ■

The problem of addressing confounding bias in decision-
making has been studied under the rubrics of causal in-
ference (Pearl, 2009) and, more recently, causal reinforce-
ment learning (Bareinboim et al., 2024). Most methods
explore additional prior knowledge about the underlying
causal mechanisms under which the effect of the target
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(a) State Observations. (b) Pixel Observations. (c) Performance Drop.

Figure 1. Confounding biases in offline data causes performance loss. Left-middle: For pixel based tasks in offline RL datasets, expert
actions are sampled based on true state vectors but presented with pixel observations during the offline learning stage. Right: SOTA
offline RL algorithm performance drops sharply with pixel observations despite using image augmentations and strong neural encoders.

policy is uniquely determined (i.e., identifiable) from the
observational data (Pearl & Robins, 1995; Bareinboim et al.,
2024). When the causal knowledge is not available or too
weak to ensure identifiability, partial identification meth-
ods could be incorporated with standard RL algorithms to
reason about the optimal actions in the worst-case environ-
ments compatible with observations (Kallus & Zhou, 2018;
Zhang & Bareinboim, 2019; Namkoong et al., 2020; Zhang
& Bareinboim, 2024; Li et al., 2025a;b; Hess et al., 2025).
Functional approximators have been used to evaluate the
worst-case policy return from confounded observations for
environments with complex states but a simple, discrete ac-
tion domain. Still, significant challenges remain in learning
a robust policy from confounded, offline observations in an
expressive policy class with continuous actions. 1

We overcome this challenge by formalizing the confounding
issue in offline RL, developing a novel offline RL objective
and then employing flow-matching to model the complex
state-action distributions in observed trajectories. More
specifically, our contributions are as follows: (1) We intro-
duce a novel offline RL objective that is robust against the
implicit unobserved confounding in the offline data. Opti-
mizing this objective leads to a safe policy selecting optimal
actions in the worst-case environment. (2) We develop an
algorithm, called Causal Flow Q-Learning (CFQL), to op-
timize the newly proposed confounding robust objective
over an expressive policy class, leveraging flow-matching to
model the observed state-action distributions. We evaluate
CFQL through extensive experiments. The result demon-
strate a 120% success rate improvement on average in 25
pixel-based offline RL tasks with some even surpassing
policies using true state observations. Due to the space
constraint, all proofs are provided in Sec. C.

Notations. We will consistently use capital letters (V ) to
denote random variables, lowercase letters (v) for their val-
ues, and cursive V to denote the their domains. We use bold

1For a more detailed discussion on offline RL and causal
decision-making, we refer readers to Sec. A.

capital letters (V ) to denote a set of random variables and
let |V | denote its cardinality of set V . Fix indices i, j ∈ N.
Let X̄i:j stand for a sequence {Xi, Xi+1, . . . , Xj}. We de-
note by P (X) a probability distribution over variables X .
We consistently use P (x) as abbreviations of probabilities
P (X = x); so does P (Y = y | X = x) = P (y | x).
Finally, 1Z=z is an indicator function that returns 1 if event
Z = z holds true; otherwise, it returns 0.

2. Confounding Robust Policy Learning
We investigate a sequential decision-making setting in which
the agent chooses a sequence of actions to optimize subse-
quent rewards. We assume a Confounded Markov Decision
Process (CMDP) to explicitly model the challenges of un-
observed confounding in offline RL (Zhang & Bareinboim,
2022; Bennett et al., 2021; Kallus & Zhou, 2020; Zhang &
Bareinboim, 2025; Li et al., 2025a;b).2

Definition 2.1. A Confounded Markov Decision Process
(CMDP) M is a tuple of ⟨S,X ,Y,U ,F , P ⟩ where (1)
S,X ,Y are, respectively, the space of observed states, ac-
tions, and rewards; (2) U is the space of unobserved exoge-
nous noise; (3)F is a set consisting of the transition function
fS : S ×X ×U 7→ S , behavioral policy fX : S × U 7→ X ,
and reward function fY : S × X × U 7→ Y; (4) P is an
exogenous distribution over the domain U .

Throughout this paper, we assume the action domain X to
be continuous unless specified otherwise, while the state
domain S could be complex and continuous; the reward
domain Y is bounded in a real interval [a, b] ⊂ R. Consider
a demonstrator agent interacting with a CMDPM, gener-
ating the off-policy data. For every time step t = 1, . . . , T ,
the environment first draws an exogenous noise Ut from
the distribution P (U); the demonstrator then performs an
action Xt ← fX(St, Ut), receives a subsequent reward
Yt ← rt(St, Xt, Ut), and moves to the next state St+1 ←

2See Sec. C for a detailed discussion on causal foundations and
CMDPs as a relaxation to MDPs.
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Figure 2. Causal diagram representing the data-generating
mechanisms in a Confounded Markov Decision Process. Bi-
directed arrows represent information used by the expert’s policy
but unobservable to the learner in the offline dataset.

fS(St, Xt, Ut). The observed trajectories of the demonstra-
tor (from the learner’s perspective) are summarized as the
observational distribution P (X̄1:T , S̄1:T , Ȳ 1:T ).

Fig. 2 shows a graphical representation (Bareinboim et al.,
2022) illustrating the generative process of the observational
data in CMDPs. More specifically, solid nodes represent
observed variablesXt, St, Yt, and arrows represent the func-
tional relationships fX , fS , fY among them. By convention,
exogenous variables Ut are often not explicitly shown in the
graph; bi-directed arrows Xt ←→ Yt and Xt ←→ St+1

indicate the presence of an unobserved confounder (UC)
Ut affecting the action, state, and reward simultaneously.
These bi-directed arrows (highlighted in blue) represent the
unobserved confounders among action Xt, reward Yt, and
state St+1 in the off-policy data, violating the condition of
no unobserved confounder (NUC) (Robbins, 1985; Barein-
boim et al., 2024). Such violations lead to challenges in
offline RL as we have seen above.

A policy π in a CMDP M is a decision rule π(xt | st)
mapping from state to a distribution over action domain
X . An intervention do(π) is an operation that replaces
the behavioral policy fX in CMDPM with the policy π.
Let Mπ be the submodel induced by intervention do(π).
The interventional distribution Pπ(X̄1:T , S̄1:T , Ȳ 1:T ) is
defined as the distribution over observed variables inMπ ,

Pπ(x̄1:T , s̄1:T , ȳ1:T ) =

P (s1)

T∏
t=1

(
π(xt | st)T (st, xt, st+1)R(st, xt, yt)

)
(1)

where the transition distribution T and the reward distribu-
tionR are given by, for t = 1, . . . , T ,

T (st, xt, st+1) =

∫
U
1st+1=fS(st,xt,ut)P (ut), (2)

R(st, xt, yt) =
∫
U
1yt=fY (st,xt,ut)P (ut). (3)

For convenience, we write the reward function R(s, x) as
the expected value

∑
y yR(s, x, y). Fix a discounted factor

γ ∈ [0, 1]. A common objective for an agent is to optimize
its cumulative return Rt =

∑∞
i=0 γ

iYt+i.

Offline RL. In offline RL, when there is no unobserved con-
founder introducing spurious correlations between actions
and subsequent outcomes, one can identify the parameteriza-
tions of the transition distribution T and the reward function
R from offline data. This means that the expected return
of candidate policies can be estimated from the sampling
process of the offline data. An optimal policy is then ob-
tainable by maximizing the estimated return (under proper
behavioral regularization).

For example, let the state-action value function Qϕ(s, x) =
Eπ[Rt | St = s,Xt = x] denote the expected return of a
target policy policy π conditioning on state s and action x
with parameter ϕ. Let θ denote the parameter of π. The
basic offline RL objective with behavior regularization is
defined as (Wu et al., 2019; Fujimoto & Gu, 2021; Tarasov
et al., 2023):

L(θ) = Ex,s∼D,
x′∼πθ

[
−Qϕ(s, x′)− α log π(x|s)

]
, (4)

where D is the offline observations; and α are some coef-
ficients that control the strength of the behavioral cloning
(BC) regularizer. The Q-value critic Qϕ is trained by em-
pirical Bellman loss on the offline dataset. Target policy
is learned by applying gradient-based optimization to the
objective in Eq. (4). When the NUC condition holds in the
data, the target policy is guaranteed to improve and con-
verge to the optimum under standard convexity assumptions
(Zhang et al., 2020).

Causal Reinforcement Learning. However, the NUC con-
dition does not always hold in real-world applications. Con-
founding bias can arise when the sensory capabilities of the
demonstrator and the learner differ, posing challenges for
offline learning algorithms.

Example 2 (Confounded Pixel Observations (continued)).
Consider the example in Fig. 1 again, which illustrates the
presence of implicit confounding bias in offline RL data.
Fig. 1c shows the return of flow policies trained on pix-
els in comparison to the ones trained on the same task but
structured state observations (Park et al., 2025b; Dong et al.,
2025). We see a consistent trend of performance loss across
the board, with some even suffering a nearly 80% drop. All
success rate under pixel-based observations are normalized
with respect to the performance under structured state obser-
vations of the same algorithm and averaged over all 5 tasks
in each category from OGBench (Park et al., 2025a). ■

Recently, there has been a growing body of work in causal
inference (Kallus & Zhou, 2018; Zhang & Bareinboim,
2019; Joshi et al., 2024b; Namkoong et al., 2020; Li et al.,
2025b) and safe reinforcement learning (Kumar et al., 2020;
Nakamoto et al., 2023) to address the challenges of data bias
and distribution shifts in policy learning. Closest to our set-
ting, Zhang & Bareinboim (2025) addressed the challenges
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of confounding bias in off-policy evaluation by deriving a
novel Causal Bellman equation to bound the value function
from confounded observations. Specifically, the value func-
tion Qπ(s, x) of a policy π is lower bounded by a function
Qπ(s, x) given by,

Qπ(s, x) = µ(¬x | s)
(
a+ γmin

s′
Vπ(s

′)

)
(5)

+ µ(x | s)
(
R̃ (s, x) + γ

∑
s′,x′

T̃ (s, x, s′)Vπ(s
′)

)

where state value bound Vπ(s) =
∑
x π(x | s)Qπ(s, x)

and P (¬x | s) = 1 − P (x | s); T̃ and R̃ are nominal
transition distribution and reward function computed from
the observational distribution, i.e.,

T̃ (s, x, s′) = P (St+1 = s′ | St = s,Xt = x) , (6)

R̃ (s, x) = E [Yt | St = s,Xt = x] . (7)

The learner can then obtain an effective policy from con-
founded offline data by iteratively optimizing the above
value-function lower bound over the action space (Li et al.,
2025b). However, the existing causal Bellman equation is
limited to discrete actions and, consequently, cannot handle
complex, multimodal continuous action distributions. The
remainder of this paper will address this challenge.

3. Causal Flow Q-Learning
In this section, we introduce a causal offline RL objective,
based on which we present Causal Flow Q-Learning.

We note that for any policy π, the state value function is
lower bounded by Vπ(s) =

∑
x π(x | s)Qπ(s, x), where

Qπ(s, x) is given by Eq. (5). After a few simplifications, a
closed-form solution can be derived, as shown next.

Theorem 3.1. For a CMDP environmentM with reward
signals Yt ∈ [a, b] ⊆ R, fix a policy π. The state value
function Vπ(s) ≥ Vπ(s) for any state s ∈ S, where the
lower bound Vπ(s) is given by as follows,

Vπ(s) = E x∼p(·|s)
x′,x∗∼π(·|s)

[
1x̸=x′

(
a+ γmin

s∗
Qπ(s

∗, x∗)
)

+ 1x=x′

(
R̃ (s, x) + γ

∑
s′

T̃ (s, x, s′)Qπ(s
′, x∗)

)]
(8)

Fig. 3 shows a backup diagram illustrating this update step.
As in the standard Bellman optimality equation (Bellman,
1966), Eq. (8) recursively updates the state value function
using the current estimates of the optimal value function.

(s, x)

S1

X1

s*
S2

=
x

̸=
x

Figure 3. Backup diagram
for causal policy gradient.

On the other hand, Eq. (8) ex-
plicitly accounts for the off-
poicy nature of the confounded
observations: when the behav-
ior policy takes the same ac-
tion xt = x as the target ac-
tion, the update follows stan-
dard Bellman equation and uses
the next sampled state st; when
the sampled action xt ̸= x dif-
fers from the target, our algo-
rithm updates, instead, using
the value function associated with the next worst-case or
best-case state s∗, corresponding to the estimation of the
lower bound and upper bound respectively.

Thm. 3.1 lower bounds the expected return of a policy π
that optimizes a worst-case CMDP instanceM compatible
with the confounded observations. Maximizing the lower
bound in Thm. 3.1 leads to a safe policy with a performance
guarantee in the underlying environment. In causal offline
RL objective, this bound is used as the Q loss in Eq. (4) and
can be calculated with function approximators. Specifically,
let θ denote the parameters of the target policy π, and D be
the finite set of offline observations. Then, the causal offline
RL objective is estimated from the observational data as,

L(θ) = E (s,x,y,s′)∼D
x′,x∗∼πθ(·|s)

[
D(s, x, x′)

(
y + γQπθ

(s′, x∗)
)

+ (1−D(s, x, x′))
(
a+ γmin

s∗
Qπθ

(s∗, x∗)
)]

(9)

Among the above quantities, D(s, x, x′) is a discriminator
that approximates the indicator function 1x=x′ at state s. It
takes as input a state action pair, s, x, and returns 1 if the
policy distribution πθ(x|s) agrees with offline data. x∗ is an
overloaded notation for next step actions in general sampled
from πθ. We will discuss the training details further next.

We incorporate the confounding robust Q-value target in
Eq. (9) to offline RL objective, based on Flow Q-Learning
(FQL) introduced by Park et al. (2025b). Note that the
proposed causal offline RL objective is not limited to FQL,
and could be incorporated into other gradient-based policy
learning to mitigate the influence of confounding bias. For
example, we demonstrate an alternative implementation in
Sec. G using value flows (Dong et al., 2025).

Similar to FQL, our proposed augmentation, called Causal
FQL (CFQL), focuses on learning two policies during train-
ing: (1) a behavioral cloning (BC) policy µω mimicking
the nominal behavioral policy distribution P (Xt | St) from
the observational data; (2) a target policy πθ deciding the
learner’s actions. Specifically, the BC policy µω(s, z) is a
continuous normalizing flow (Lipman et al., 2022) taking a
state s and an independent noise z as input. It transforms the
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noise z into an action x drawn from the nominal behavioral
distribution P (Xt | St) following a multi-step denoising
procedure. On the other hand, the target policy πθ(s, z) is a
one-step generative model directly mapping a noise z into
an instance x in the action domain.

Now we describe the details of our proposed algorithm,
Causal FQL (Algo. 1). CFQL contains four main com-
ponents: an ensemble of critic networks Qϕi

, a BC flow
policy µω, a one-step target policy πθ, and a discrimina-
tor Dψ differentiating the actions drawn from the BC and
target policies. More specifically, Steps 4-9 train the en-
semble of critic Q-networks Qϕi , i = 1, 2, . . . , N . Each
network Qϕi

is trained from the confounded observational
data following the standard minimization of the one-step
Bellman update (Step 8) over the average of Q ensembles
Q̄ϕ(s

′, x′) = 1
N

∑
iQϕi

(s′, x′).

From Steps 10 - 15, the algorithm trains the velocity field
vω(t, s, x

t) of a BC flow policy µω. It models the transfor-
mation of an independent noise x0 to the observed action
x1 as trajectories of a free particle moving at a constant
speed. The velocity field vω(t, s, xt) is a neural network
recording the gradient of the trajectory at any time step t.
The training follows the standard flow-matching procedure
(Lipman et al., 2022; 2024). Steps 16 - 20 train a discrim-
inator network Dψ in the causal policy gradient Eq. (9) to
differentiate the samples drawn from the BC flow µω and
target policy πθ. Specifically, the algorithm obtains samples
drawn from µω(s, z) and πθ(s, z) given the observed state
s and an independent noise z (Steps 17-19). The samples of
the BC flow policy are computed from the trained velocity
field following the standard Euler method (Algo. 2) The
discriminator Dψ’s training objective is then given by,

LDisc(ψ) =Es∼D,z∼N (0,Id)

[
logDψ(s, µω(s, z))

+ log(1−Dψ(s, πθ(s, z)))
]

(10)

Minimizing the above discriminator loss is equivalent to
solving a binary classification problem where class 1 repre-
sents the action x is from the BC flow policy µω while class
0 represents that the action is sampled from the one-step
target policy πθ given the current state s.

Finally, CFQL trains a one-step target policy πθ optimizing
the worst-case return compatible with the confounded ob-
servations in Steps 21 - 24. The key challenge here is to
obtain a reliable estimation for the worst-case value funci-
ton mins∗ Qπθ

(s∗, x∗) in Eq. (9) without being overly pes-
simistic. To address this challenge, instead of taking the
minimum over the whole state space or the whole batch of
data (Li et al., 2025b), we propose to learn ensembles of Q-
networks and take the minimum over the learned ensembles
to simulate the worst case scenario.

Algorithm 1 Causal Flow Q-Learning (Causal FQL)

1: Input: Offline dataset D.
2: while not converged do
3: Sample batch {(s, x, y, s′)} ∼ D

▽ Train critic Qϕi

4: for i = 1, . . . , N do
5: z ∼ N (0, Id)
6: x′ ← πθ(s

′, z),
7: Update ϕi to minimize:

E
[
(Qϕi(s, x)− y − γQ̄ϕ(s′, x′))2

]
8: end for

▽ Train BC flow policy µω
9: x0 ∼ N (0, Id)

10: x1 ← x
11: t ∼ Unif(0, 1)
12: xt ← (1− t)x0 + x1

13: Update ω to minimize E
[
∥vω(t, s, xt)−(x1−x0)∥2

]
▽ Train discriminator Dψ

14: z ∼ N (0, Id)
15: x← µω(s, z)
16: x′ ← πθ(s, z)
17: Update ψ to minimize:

E
[
log(1−Dψ(s, x)) + logDψ(s, x

′)
]

▽ Train one-step target policy πθ
18: z ∼ N (0, Id)
19: x← πθ(s, z)
20: Update θ to minimize:

E
[
−Q∗(s, x) + α∥x− µω(s, z)∥2

]
21: end while
22: Return one-step flow policy πθ.

Algorithm 2 BC Flow Policy µω(s, z)

1: Input: Velocity field vω(t, s, z), time step M .
2: for t = 0, 1, . . . ,M − 1 do
3: z ← z + vω(t/M, s, z)/M
4: end for
5: Return sampled action z

With the discriminator Dψ , the value function evaluation in
the causal policy gradient can be approximated as,

Q∗(s, x) = Dψ(s, x)Q̄ϕ(s, x)

+ (1−Dψ(s, x))min
i
Qϕi

(s, x) (11)

And the one-step target policy is trained with optimizing the
following objective function:

Lπ(θ) = Es∼D,x∼πθ

[
−Q∗(s, x)

]
+ αLDistill(θ) (12)

where α is a hyperparameter controlling the strength of the
target policy regularizer; and LDistill(θ) is the distillation
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Table 1. Aggregated offline evaluation results. We report aggregated mean success rate and mean deviation across different task groups.
Causal-FQL consistently outperforms all baselines across the task groups. When comparing against the original FQL, the confounding
robust Causal-FQL achieves a 1.2× success rate improvement on average.

Gaussian Policies Flow Policies

IQL ReBRAC FBRAC IQN IFQL FQL Causal-FQL

visual-cube-single-play-singletask (5 tasks) 64± 17 82± 7 64± 10 58± 7 44± 9 65± 12 81± 6
visual-cube-double-play-singletask (5 tasks) 11± 6 1± 1 2± 1 1± 0 2± 2 6± 1 11± 3
visual-scene-play-singletask (5 tasks) 26± 5 28± 5 11± 1 41± 6 21± 2 41± 4 43± 1
visual-puzzle-3x3-play-singletask (5 tasks) 2± 3 20± 1 1± 0 19± 1 21± 0 20± 1 26± 2
visual-puzzle-4x4-play-singletask (5 tasks) 0± 0 5± 1 0± 0 13± 3 4± 7 11± 3 13± 2

Normalized Mean 0.72 0.95 0.55 0.92 0.65 1.0 1.21

loss following the definition of (Park et al., 2025b), i.e.,

LDistill(ω) = E s∼D,
z∼N (0,Id)

[
∥πθ(s, z)− µω(s, z)∥22

]
(13)

The CFQL proposed is similar to the original FQL, with an
additional discriminator training step and regularization to
improve worst-case value function estimation. This means
that the gradient-based policy optimization could be consis-
tently performed using the standard automatic differentia-
tion framework (Baydin et al., 2018).

4. Experiments
In this section, we evaluate the newly proposed Causal Flow
Q-Learning on 25 OGBench (Park et al., 2025a) visual tasks.
We aim to answer the following questions:

Q1: How does Causal FQL improve upon the vanilla
FQL on pixel-based tasks?

Q2: How sample efficient is Causal FQL on offline-to-
online pixel-based tasks?

Q3: What hyper-parameters matter for Causal FQL?

Experiment Setup. We evaluate our methods on offline
RL tasks from the recently proposed OGBench (Park et al.,
2025a). As we consider solving the confounding biases in
pixel-based offline RL tasks () Sec. 4, previous benchmarks
like D4RL (Fu et al., 2020) that only support structured state
observations are not within our considerations. OGBench
is originally proposed as a goal conditioned RL benchmark,
thus we use its -singletask variants for compatibility
with standard offline RL frameworks. More specifically, we
choose manipulation tasks due to their multi-modal nature
that is suitable for demonstration of flow based policy. For
all tasks, we provide agents 64× 64× 3 RGB image obser-
vations (e.g., Fig. 1b) with frame stacking and random crop
as image augmentations. To maintain a fair comparison, we
use similar sized value/policy/actor networks for all meth-
ods and use the image encoder from IMPALA (Espeholt
et al., 2018) in all tasks. For the full setup details, see Sec. F.

Figure 4. Pixel-based OGBench Tasks.

Baselines. We use the following algorithms representing
different policy extraction strategies as baselines to the of-
fline learning tasks. Due to high computational requirements
of visual tasks, we mainly use baseline algorithms that have
demonstrated consistent performance in prior work (Dong
et al., 2025; Park et al., 2025b). We choose IQL (Kostrikov
et al., 2021) and ReBRAC (Tarasov et al., 2023) as rep-
resentatives for the class of algorithms learning scalar Q-
values with a Gaussian policy. And we choose IQN (Dab-
ney et al., 2018) as distributional Q-values with flow policy
baselines, FBRAC, IFQL, and FQL (Park et al., 2025b)
as scalar Q-values critic flow policy baselines. FBRAC
and IFQL are flow policy based adoption to the original
algorithm of Diffusion-QL (DQL) (Wang et al., 2023) and
IDQL (Hansen-Estruch et al., 2023), respectively.

For offline-to-online experiments, we mainly use ReBRAC
and FQL as baselines because of their relatively strong
performance than other baselines in the offline experiments.

Evaluation. For offline experiments, we run 500K steps
training for all baselines and Causal-FQL proposed, aver-
aging results over 4 seeds and present the results with mean
and standard deviations. In the tables, we highlight entries
that are within 95% best performance on each task, follow-
ing (Park et al., 2025b). For offline-to-online experiments,
we use the same setup during the offline stage and extend
training to the online stage for an additional 500K steps. See
Sec. E and F for implementation and experiment details.

4.1. Offline Performance

From aggregated results in Table 1, Causal-FQL (CFQL)
achieves the best or near-best performance in all task
groups, surpassing the causal-unaware vanilla FQL by over

6



Causal Flow Q-Learning

Table 2. Full offline evaluation results. Causal-FQL outperforms the vanilla FQL on all domains and achieves the best or near-best
results in 19 out of 25 domains. Due to high computation requirements, we report results averaged over 4 seeds and bold values within
95% of the best performance of each domain and reuse results from prior work when available (Park et al., 2025b; Dong et al., 2025).

Gaussian Policies Flow Policies

IQL ReBRAC FBRAC IQN IFQL FQL Causal-FQL

visual-cube-single-play-singletask-task1-v0 (*) 70 ± 12 83 ± 6 55 ± 8 5 ± 4 49 ± 7 81 ± 12 85 ± 6

visual-cube-single-play-singletask-task2-v0 59 ± 13 85 ± 6 70 ± 11 58 ± 9 45 ± 11 58 ± 12 81 ± 5

visual-cube-single-play-singletask-task3-v0 64 ± 35 88 ± 4 81 ± 4 83 ± 11 67 ± 6 73 ± 16 84 ± 5

visual-cube-single-play-singletask-task4-v0 68 ± 12 78 ± 9 56 ± 19 78 ± 3 34 ± 13 63 ± 8 74 ± 5

visual-cube-single-play-singletask-task5-v0 59 ± 14 76 ± 9 59 ± 10 64 ± 9 27 ± 10 49 ± 12 79 ± 7

visual-cube-double-play-singletask-task1-v0 (*) 34 ± 23 4 ± 4 6 ± 2 4 ± 1 8 ± 6 23 ± 4 43 ± 11

visual-cube-double-play-singletask-task2-v0 2 ± 1 0 ± 0 2 ± 2 0 ± 0 0 ± 0 0 ± 0 2 ± 1

visual-cube-double-play-singletask-task3-v0 7 ± 4 2 ± 2 2 ± 1 0 ± 0 1 ± 1 4 ± 2 4 ± 2

visual-cube-double-play-singletask-task4-v0 1 ± 1 0 ± 0 0 ± 0 0 ± 0 0 ± 0 0 ± 0 1 ± 1

visual-cube-double-play-singletask-task5-v0 11 ± 2 0 ± 0 0 ± 0 1 ± 1 2 ± 1 4 ± 1 4 ± 2

visual-scene-play-singletask-task1-v0 (*) 97 ± 2 98 ± 4 46 ± 4 95 ± 2 86 ± 10 98 ± 3 100 ± 0

visual-scene-play-singletask-task2-v0 21 ± 16 30 ± 15 0 ± 0 79 ± 15 0 ± 0 86 ± 8 92 ± 3

visual-scene-play-singletask-task3-v0 12 ± 9 10 ± 7 10 ± 3 31 ± 14 19 ± 2 22 ± 6 22 ± 1

visual-scene-play-singletask-task4-v0 1 ± 0 0 ± 0 0 ± 0 0 ± 0 0 ± 0 1 ± 1 2 ± 1

visual-scene-play-singletask-task5-v0 0 ± 0 0 ± 0 0 ± 0 0 ± 0 0 ± 0 0 ± 0 0 ± 0

visual-puzzle-3x3-play-singletask-task1-v0 (*) 7 ± 15 88 ± 4 7 ± 2 84 ± 1 100 ± 0 94 ± 1 98 ± 1

visual-puzzle-3x3-play-singletask-task2-v0 0 ± 0 12 ± 1 0 ± 0 6 ± 2 0 ± 0 0 ± 0 1 ± 0

visual-puzzle-3x3-play-singletask-task3-v0 0 ± 0 1 ± 1 0 ± 0 1 ± 0 2 ± 1 0 ± 0 3 ± 2

visual-puzzle-3x3-play-singletask-task4-v0 1 ± 1 0 ± 1 0 ± 0 3 ± 0 1 ± 0 5 ± 4 8 ± 3

visual-puzzle-3x3-play-singletask-task5-v0 0 ± 0 0 ± 0 0 ± 0 1 ± 0 0 ± 0 1 ± 2 19 ± 4

visual-puzzle-4x4-play-singletask-task1-v0 (*) 0 ± 0 26 ± 6 0 ± 0 21 ± 3 8 ± 15 33 ± 6 37 ± 4

visual-puzzle-4x4-play-singletask-task2-v0 0 ± 0 0 ± 0 1 ± 1 14 ± 2 1 ± 1 1 ± 2 4 ± 1

visual-puzzle-4x4-play-singletask-task3-v0 0 ± 0 0 ± 0 0 ± 0 9 ± 3 9 ± 15 16 ± 6 18 ± 4

visual-puzzle-4x4-play-singletask-task4-v0 0 ± 0 1 ± 1 0 ± 0 12 ± 4 2 ± 2 2 ± 1 6 ± 2

visual-puzzle-4x4-play-singletask-task5-v0 0 ± 0 0 ± 0 1 ± 1 11 ± 4 0 ± 0 1 ± 1 1 ± 1

20%. Notably, CFQL is able to match the prior state-
of-the-art Gaussian baseline (ReBRAC) performance in
cube-single in which vanilla FQL falls far behind.
Sec. 4 shows the full offline result in individual task of
each group. CFQL is able to obtain the best or near-best
performance in 19 out of 25 tasks. Especially in visual-cube-
double-play-singletask-task1, CFQL nearly doubles the per-
formance of vanilla FQL and in visual-puzzle-3x3-play-
singletask-task5, our method is the only one that obtains
non-near-zero success rate. We find that CFQL performs
at least as well as FQL, empirically verifying that the con-
founding robust objective function is an informative lower
bound on optimal Q-values. There are also tasks in which
both FQL and CFQL don’t perform well. We hypothesize
that the biggest challenges pertain in those tasks may not
be the confounding biases but rather on other dimensions
of offline RL, like representation learning or simply due to
limited state-action space coverage of the offline data.

4.2. Offline-to-Online Performance

We also study the offline to online finetuning perfor-
mance of Causal-FQL. Overall, Causal-FQL achieves strong
fine-tuning performance over vanilla FQL. It brings 8%
improvement on average over the prior SOTA, FQL’s

fine-tuning performance, suggesting wide applicability of
Causal-FQL in both offline and offline-to-online tasks. On
visual-puzzle-4x4, Causal-FQL is also the first algo-
rithm in the literature to fully solve task1. Fig. 5 shows the
full evaluation curves during training.

A notable difference between Causal-FQL and prior of-
fline RL work is that we find it necessary to use a different
objective during the online phase. Recall that in Fig. 1, con-
founding biases exist in the offline dataset because the data
collection policy (expert) is operating in the structured state
observation space while the learner’s policy is operating in
the pixel observation space. The actions from the expert de-
pend on information that may not be fully observable in the
pixel space, giving rise to the confounding biases. But when
it comes to online fine-tuning, the data collection policy is
the learner’s policy itself and there is no observation space
mismatch. Thus, we should switch back to the vanilla FQL
objective function during online fine-tuning in principle.

However, in implementation, the standard practice is to
gradually replace the offline trajectories in the replay buffer
with online experiences so that the training doesn’t suffer
from a sudden distribution shift. As a result, the actual
data provided to the agent during online phase is a mixture
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Figure 5. Offline-to-online evaluation. Causal-FQL converges to near optimal success rate in three representative tasks selected from
task types that are not solved near-optimal in offline evaluation. All results are averaged over 4 seeds.

Figure 6. A suitably tuned discriminator loss coefficient and
number of critic ensembles boosts the performance.

of confounded and confounding free data. The objective
function selection is subject to tuning for specific tasks. In
visual-cube-single and visual-cube-double,
we find it better to fully switch back to FQL objective during
online phase while in visual-puzzle-4x4, we find it
better to use balanced sampling from both online and offline
replay buffer, and use the corresponding Causal-FQL/FQL
objective for each half of the batch. We believe a finer
control of the objective used during online fine-tuning for
Causal-FQL could bring further performance and sample
efficiency improvement.

4.3. Hyperparameter Tuning

In this section, we study how to tune the two fundamen-
tal components of the confounding robust Q-value objec-
tive (Eq. (11)), the discriminator and the Q-value ensem-
bles. We mainly tuned the hyperparameters in task 1 of
visual-cube-double for its moderate difficulty. For
each task group, we further tune the initial discriminator loss
coefficient for task 1. Here we present the major findings.
Detailed hyperparameters are presented in Sec. F.

Discriminator loss coefficient. We sweep the discrimi-
nator loss coefficient over {1, 5, 10, 15}. Sec. 4.3 shows

the full success rate curve over different coefficients. We
notice that for overly small coefficients, the method is close
to the original FQL and usually results in unstable conver-
gence towards the end of the offline training session. Similar
patterns are observed in other environments as well.

Number of the Q-network Ensembles. We vary the num-
ber of Q-value ensembles, using the values {2, 4, 6}, while
keeping all other parameters set to the optimal values identi-
fied in previous tuning. Our findings indicate that, in general,
fewer ensembles yield better results. This may be due to
the tendency to take the minimum from a larger number of
ensembles, which can lead to over-pessimism in the results.

5. Conclusion
We study the presence of implicit confounding biases in
pixel-based offline reinforcement learning tasks and intro-
duce Causal-FQL, a novel flow-based offline agent that is
robust to such confounding factors. Theoretically, we es-
tablish a novel objective for the causal policy gradient that
optimizes the target policy’s performance in the worst-case
environment. In practice, we propose a straightforward yet
high-performance approximation to the confounding-robust
offline RL objective, utilizing deep ensembles of discrimi-
nators and critics. Extensive experiments show that Causal-
FQL outperforms prior state-of-the-art methods in both of-
fline and challenging visual control tasks that transition from
offline to online settings. Causal-FQL is the first method to
fully solve certain tasks in the OGBench visual benchmark.
Finally, we emphasize the significance of principled causal
analysis in RL problems; although observation-space mis-
matches may appear benign in prior offline RL literature,
we demonstrate that they pose a major obstacle for visual
tasks. Future work will focus on exploring alternative im-
plementations of the causal policy gradient, using different
critic networks and more expressive policy classes.
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Impact Statement
This paper investigates the theoretical and algorithmic
framework for robust policy learning from an expressive
policy class using confounded offline data obtained by pas-
sively observing an expert demonstrator. Implicit confound-
ing bias arises when the input variables that the expert uses
to determine the action values are unknown and differ from
the observed state used by the learner. Example 1 illustrates
a situation where the expert has access to the underlying
structured states, while the learner is trying to learn from
video recordings of the expert’s natural trajectories.

Our framework can be applied in various fields, including
autonomous vehicle development, industrial robotics, and
chronic disease management, among others. Especially for
safety critical domains, our method mitigates the potential
risks associated with offline reinforcement learning (RL)
training from demonstrations that involve unobserved con-
founding. We believe building trusted AI decision making
systems are becoming increasingly crucial as the prevalence
of black-box AI systems grows while our understanding of
their long-term societal implications remains limited.
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A. Related Work
Off-policy Causal Reinforcement Learning. When the no unobserved confounding assumption does not hold, one would
need to either identify the reward and transition distributions before evaluating policy values or bound the possible policy
values. There is a rich line of literature in identifying policy values directly from confounded data (Shi et al., 2022; Miao
et al., 2022; Guo et al., 2022; Bennett & Kallus, 2024). But they usually invoke other critical learning assumptions such as
the existence of bridge functions in the line of proximal causal inference literature (Tchetgen et al., 2020). On the other hand,
without further assumptions, one can utilize the bounding method to account for the whole range of possible policy values.
Seminal work of Manski (Manski, 1989) developed the first bounds on causal effects in non-identifiable settings using
observational data in the single-stage treatment model with contextual information (i.e., a contextual bandit model). These
bounds were then expanded to the instrumental variable setting (Balke & Pearl, 1997; Imbens & Angrist, 1994), to partially
identify counterfactual probabilities of causation (Tian & Pearl, 2000), to construct reward shaping functions automatically
(Li et al., 2025a). This work is inspired by a recent work in partially identifying the policy values via bounding (Zhang &
Bareinboim, 2025) and confounding robust off-policy learning in discrete action space (Li et al., 2025b).

Offline Reinforcement Learning. Offline reinforcement learning (Levine et al., 2020) concerns the problem of learning
optimal policies from a static dataset collected by other behavioral policies while maintaining close affinity to the behavioral
state-action distributions in the dataset. Several different strategies have been studied in the literature to enforce this
constraint, including but not limited to conservatism (Kumar et al., 2020; Nakamoto et al., 2023), generative modeling (Chen
et al., 2021; Janner et al., 2021), OOD detection (Garg et al., 2023), and behavioral regularization (Fujimoto & Gu, 2021;
Tarasov et al., 2023; Park et al., 2025b; Dong et al., 2025; Agrawalla et al., 2025). After offline training, an online
finetuning phase can be added to further improve the agent’s performance. To avoid sudden distribution shift cased
unlearning (Nakamoto et al., 2023), one could use balanced sampling (Song et al., 2023; Yang et al., 2023), maintaining
offline data in the reply buffer (Park et al., 2025b; Nair et al., 2021; Ball et al., 2023) or penalize Q-values (Nakamoto et al.,
2023).

Flow Matching in RL. Due to the powerful multi-modal distribution modeling capability of flow matching and relatively
easy implementation compared against solving PDEs as in diffusion based methods, flow matching (Lipman et al., 2022; Liu
et al., 2022; Tong et al., 2024) has gained great attention in the RL community recently. Its applications in reinforcement
learning spans from planning (Nandiraju et al., 2025; Nguyen et al., 2025), learning world models (Liu et al., 2025;
Rohbeck et al., 2025; Lillemark et al., 2026), online learning (Lv et al., 2025), offline learning (Park et al., 2025b; Dong
et al., 2025; Agrawalla et al., 2025; Tiofack et al., 2025; Zhang et al., 2026; Ghugare & Eysenbach, 2025) to multi-modal
vision-language-action models (VLAs) (Black et al., 2026; Intelligence et al., 2025; Deng et al., 2025; Jiang et al., 2025).

B. Limitations
There are mainly two types of limitations of the proposed Causal-FQL. The first type of limitations pertain to FQL (Park
et al., 2025b) that 1) it requires numerically solving ODEs during training resulting in potentially slow training; 2) FQL only
deploys the simplest form of flow matching. Combining with recent advancements like rectified flows (Liu et al., 2022) and
optimal transport conditional flow matching (Tong et al., 2024) should bring faster convergence, stabler training and better
performance; 3) FQL does not have a built in exploration mechanism, which could limit its online fine-tuning performance.
The second type of limitations are from approximating the causal offline RL objective. As we introduce more components
to the pipeline of FQL, the combinatorial space of tunable hyper-parameters is even harder to tune than before. Given the
computational heavy nature of pixel-based offline RL tasks, a simpler confounding robust offline RL method is our next step
before larger scale applications.

C. Extended Preliminaries and Proof
Causal Foundations. We briefly recap on the foundations of causal inference to facilitate our discussion. Our definition
of CMDP is closely tied to the definition of Structural Causal Models (Pearl, 2009).

Definition C.1. An SCMM is a tuple ⟨U ,V ,F , P ⟩ where

• U is a set of exogenous variables;
• V is a set of endogenous variables;
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• F is a set of functions s.t. each fV ∈ F ;
• the exogenous distribution P (U).

fV decides values of an endogenous variable V ∈ V taking as argument a combination of other variables in the system.
That is, V ← fV (PAV ,UV ),PAV ⊆ V ,UV ⊆ U . Values of exogenous variables U are drawn from P (U).

A policy π over a subset of variables X ⊆ V is a sequence of decision rules {π(X|SX)}X∈X , where every π(X|SX) is a
probability distribution mapping from domains of a set of covariates SX ⊆ V to the domain of action X . An intervention
following a policy π over variables X , denoted by do(π), is an operation which sets values of everyX ∈X to be decided by
policy X ∼ π(X|SX) (Correa & Bareinboim, 2020), replacing the functions fX = {fX : ∀X ∈X} that would normally
determine their values. For an SCMM, letMπ be a submodel of M induced by intervention do(π). For a set Y ⊆ V , the
interventional distribution Pπ (Y ) is defined as the distribution over Y in the submodelMπ , i.e., PM (Y ;π) ≜ PMπ

(Y );
restrictionM is left implicit when it is obvious.

Each SCMM is also associated with a causal diagram G (e.g., Fig. 2), which is a directed acyclic graph (DAG) where nodes
represent endogenous variables V and arrows represent the arguments PAV ,UV of each structural function fV ∈ F .
Exogenous variables U are often not explicitly shown by convention. However, a bi-directed arrow Vi ↔ Vj indicates
the presence of an unobserved confounder (UC), Ui,j ∈ U affecting Vi, Vj , simultaneously (Bareinboim et al., 2022). We
will use standard graph-theoretic family abbreviations to represent graphical relationships, such as parents (pa), children
(ch), descendants (de), and ancestors (an). For example, the set of parent nodes of X in G is denoted by pa(X)G =
∪X∈Xpa(X)G . Capitalized versions Pa,Ch,De,An include the argument as well, e.g., Pa(X)G = pa(X)G ∪X . A path
from a node X to a node Y in G is a sequence of edges that does not include a particular node more than once. Two sets of
nodes X,Y are said to be d-separated by a third set Z in a DAG G, denoted by (X ⊥⊥ Y |Z)G , if every edge path from
nodes in X to nodes in Y is “blocked” by nodes in Z. The criterion of blockage follows Pearl (2009, Def. 1.2.3). For more
details on SCMs, we refer readers to Pearl (2009); Bareinboim et al. (2022).

From MDP to CMDP. In MDP, all the state variables are observable to the agent. When transitioning from the
demonstrator’s perspective to the learner’s perspective, this assumption is implicitly assumed apriori. However, as we have
demonstrated in the main text, this may not be usually the case. And we argue that the same problem also lurks in other
aspects of reinforcement learning (Bareinboim et al., 2024), like and off-policy learning (Joshi et al., 2024a; Zhang &
Bareinboim, 2019; Li et al., 2025b), curriculum learning (Narvekar et al., 2020; Li et al., 2024), and reward shaping (Li
et al., 2025a). This motivates our proposal of CMDP as a proper modeling of the confounding biases while maintaining the
Markov property for efficient policy learning.

Compared to MDP graphically, CMDP only adds three bi-directed arrows within each time step. From the definition of
causal diagram we discussed above, this indicates that the three variables, current time step action Xt, reward Yt and next
state St+1, may be affected by the same latent confounding variables. In the pixel-based offline RL tasks, those variables
could be occluded joint angles, exact angular velocities of the end effector or the precise location of an object, all kind of
information that the demonstrator’s policy relies on but not fully observable to the learner via pixel observations.

Proof of Theorem 3.1 We are now ready to provide the detailed proof for the causal policy gradient objective in Thm. 3.1.

Theorem C.2 (Restatement of Thm. 3.1). For a CMDP environmentM with reward signals Yt ∈ [a, b] ⊆ R, fix a policy π.
The state value function Vπ(s) ≥ Vπ(s) for any state s ∈ S, where the lower bound Vπ(s) is given by as follows,

Vπ(s) = E x∼p(·|s)
x′,x∗∼π(·|s)

[
1x̸=x′

(
a+ γmin

s∗
Qπ(s

∗, x∗)
)
+ 1x=x′

(
R̃ (s, x) + γ

∑
s′

T̃ (s, x, s′)Qπ(s
′, x∗)

)]
(14)

Proof. Since Vπ(s) =
∑
x π(x | s)Qπ(s, x), it follows from Eq. (5) that the state value function is lower bounded by

Vπ(s) =
∑
x

π(x | s)µ(¬x | s)
(
a+ γmin

s′
Vπ(s

′)

)
(15)

+
∑
x

π(x | s)µ(x | s)
(
R̃ (s, x) + γ

∑
s′,x′

T̃ (s, x, s′)Vπ(s
′)

)
(16)
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Following the simplification step used in (Zhang & Bareinboim, 2024, Theorem 1),

Vπ(s) =
∑
x

µ(x | s)π(¬x | s)
(
a+ γmin

s′
Vπ(s

′)

)
(17)

+
∑
x

µ(x | s)π(x | s)
(
R̃ (s, x) + γ

∑
s′,x′

T̃ (s, x, s′)Vπ(s
′)

)
(18)

The above equation could be further written as

Vπ(s) =
∑
x,x′

µ(x | s)π(x′ | s)1x̸=x′

(
a+ γmin

s′
Vπ(s

′)

)
(19)

+
∑
x,x′

µ(x | s)π(x′ | s)1x=x′

(
R̃ (s, x) + γ

∑
s′,x′

T̃ (s, x, s′)Vπ(s
′)

)
(20)

Finally, replacing the summation over the policy product µ(x | s)π(x′ | s) with the expectation proves the statement.

D. Additional Results
Other than manipulation tasks, we also test Causal-FQL in visual locomotion tasks like visual-antmaze series. The
results are not as amazing as those on manipulation tasks, which are as expected. We hypothesize that this is because
FQL and Causal-FQL sample actions from the policy directly without considering the noisy distribution of Q-values while
Gaussian policy extraction with rejection sampling handles uni-modal reward distributions better. Thus, prior Gaussian
SOTA like BRAC performs well in locomotion tasks. As an indirect proof to our hypothesis, in Sec. D, ReBRAC (Tarasov
et al., 2023) also outperforms its own flow-based counterpart, FBRAC (Park et al., 2025b), and IFQL (FQL with rejection
sampling) also outperforms FQL.

Table 3. Locomotion offline evaluation results. Both Causal-FQL and vanilla FQL are not on par with Gaussian based methods. We
report results averaged over 4 seeds and bold values within 95% of the best performance of each domain following prior work (Park et al.,
2025b).

Gaussian Policies Flow Policies

IQL ReBRAC FBRAC IQN IFQL FQL Causal-FQL

visual-antmaze-medium-navigate-singletask-task1-v0 (*) 78 ± 9 54 ± 15 27 ± 3 62 ± 7 81 ± 3 32 ± 3 40 ± 15

visual-antmaze-medium-navigate-singletask-task2-v0 90 ± 3 96 ± 1 42 ± 4 88 ± 2 87 ± 1 60 ± 2 61 ± 2

visual-antmaze-medium-navigate-singletask-task3-v0 80 ± 6 97 ± 1 32 ± 4 64 ± 5 92 ± 1 35 ± 8 45 ± 3

visual-antmaze-medium-navigate-singletask-task4-v0 89 ± 4 93 ± 2 23 ± 2 71 ± 6 84 ± 3 35 ± 2 39 ± 2

visual-antmaze-medium-navigate-singletask-task5-v0 84 ± 2 97 ± 1 25 ± 4 84 ± 1 89 ± 2 29 ± 7 29 ± 6

visual-antmaze-teleport-navigate-singletask-task1-v0 (*) 5 ± 2 2 ± 0 1 ± 1 2 ± 1 7 ± 4 2 ± 1 4 ± 2

visual-antmaze-teleport-navigate-singletask-task2-v0 10 ± 2 10 ± 3 6 ± 5 7 ± 3 13 ± 3 6 ± 1 7 ± 4

visual-antmaze-teleport-navigate-singletask-task3-v0 7 ± 7 4 ± 1 10 ± 4 6 ± 4 8 ± 9 9 ± 4 14 ± 5

visual-antmaze-teleport-navigate-singletask-task4-v0 4 ± 6 4 ± 0 10 ± 2 4 ± 2 18 ± 2 9 ± 1 11 ± 3

visual-antmaze-teleport-navigate-singletask-task5-v0 2 ± 1 2 ± 1 2 ± 1 2 ± 1 4 ± 2 1 ± 1 4 ± 2

E. Implementation Details
Causal-FQL is built upon the codebase of FQL (Park et al., 2025b)3. Causal-FQL inherits most of the architectural
design of FQL with minimum changes implemented for the causal offline RL objective. First, we add an action discriminator
and a confounding-robust Q weighting scheme: it builds an extra action discriminator network (the same size as the Q-critic),
uses it in actor loss to classify flow actions vs one-step target flow actions, computes factual weights from discriminator
logits, and mixes ensemble Q-values as Eq. (11); it also adds a discriminator loss term with optional exponential decay and
a switch during online learning phase that disables discriminator weighting and trains with plain mean Q values over the
ensembles. Due to limited computation resources, we don’t have the capacity to fully tune the full hyperparameter space of
Causal-FQL on visual tasks. But we do observe consistent performance improvement in all visual tasks over FQL using
the default FQL hyperparameters.

3https://github.com/seohongpark/fql
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F. Experiment Details
Tasks and Environments. We use pixel based tasks from OGBench (Park et al., 2025a) for evaluation. We use a total
of 25 visual tasks across 5 environments for evaluation. Below is a list of the datasets we used, each of which defines 5
reward maximizing tasks indexed from -task1 to -task5. In the main text, we evaluated manipulation tasks involving
multi-step of subtasks with rewards bounded by the negative of number of subtasks and 0. In Sec. D, we evaluate locomotion
tasks with rewards -1 or 0 indicating whether the goal is reached.

• visual-cube-single-play-singletask

• visual-cube-double-play-singletask

• visual-scene-play-singletask

• visual-puzzle-3x3-play-singletask

• visual-puzzle-4x4-play-singletask

Methods and Hyperparameters. We adopt the baseline implementation from FQL (Park et al., 2025b) and Value
Flows (Dong et al., 2025).4 Below we list the baseline methods we used. We take default hyper-parameters recommended in
FQL and Value Flows code base. See the attached link in footnote for detailed command to replicate the results.

• IQL (Kostrikov et al., 2021). Implicit Q-Learning use expectile regression to represent Q-values which is then used to
select optimal actions. We use the default inverse temperature α recommended in the codebase.

• ReBRAC (Tarasov et al., 2023). ReBRAC is a Gaussian policy based offline RL method that uses TD3 to learn values
with behavioral regularizations.

• FBRAC (Park et al., 2025b). A variant of BRAC with flow policies instead. It doesn’t use the one-step flow policy
extraction thus requiring backpropagation through time.

• IQN (Dabney et al., 2018). IQN is a distributional RL baseline that represents the Q-value distribution with quantile
values. Action selection is based on taking argmax over sampled actions’ Q-values.

• IFQL (Park et al., 2025b). A variant of Implicit Diffusion Q (IDQL, (Hansen-Estruch et al., 2023)) with flow poilcy
and rejection sampling action selection, which is first proposed in (Park et al., 2025b).

• FQL (Park et al., 2025b). FQL uses one-step flow policy to maximize the Q-values learned by an ensemble of critics.
It uses a BC flow policy as the behavioral regularization.

G. Causal Value Flows

Figure 7. Causal Value Flows outperform
vanilla Value Flows.

Here we describe the implementation details of Causal Value Flows and prelim-
inary offline evaluation results for applying the newly proposed causal offline
RL objective to Value Flows (Dong et al., 2025) as a demonstration on the
versatility of our method. We adopt the discriminator coefficient and number
of ensembles setup from Causal-FQL and hold other parameters as default in
value flows. As in Causal-FQL, we add an extra action discriminator network,
the same size as the Q-critic network. When calculating Eq. (11), we use the
values sampled by Euler method with the trained return vector field ensembles.
Then we reweight the mean Q-values and add the minimum Q-value as the
worst case value. Other parts of value flows stay unchanged.

Without further tuning, on task 1 of visual-cube-double-play, the
augmented causal value flow is able to achieve over 0.6 success rate within
400K offline training steps, almost doubles the vanilla value flow’s perfor-
mance, which only achieves 0.32 with 1M offline training steps.

4https://github.com/chongyi-zheng/value-flows
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