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Abstract

Contrastive reinforcement learning (CRL)
learns goal-conditioned values by associat-
ing state-action pairs with the states sub-
sequently reached, assuming that no unob-
served variable jointly affects the recorded ac-
tion and its outcome. When offline demon-
strations come from a demonstrator with in-
formation hidden from the learner, this as-
sumption fails and the critic absorbs spuri-
ous action—outcome associations. We formal-
ize this setting with confounded Markov de-
cision processes and introduce counterfactual
transitions that separate what the data iden-
tify from what they do not; minimizing over
all compatible transitions yields a worst-case
occupancy that lower-bounds the true one.
Causal Contrastive Reinforcement Learning
(CauCRL) learns a pessimistic counterfac-
tual transition from positive and negative of-
fline demonstrations and trains the critic on
counterfactual rollouts, substantially improv-
ing success rates over standard CRL on con-
founded goal-reaching tasks.

1 INTRODUCTION

Learning to make good decisions from sparse feedback
is a long-standing challenge in reinforcement learning
(RL) (Sutton and Barto, 2018). In many real-world
applications, the agent receives little or no reward sig-
nal: it may only observe expert demonstrations, or be
told whether a task has been accomplished. Among
various paradigms of learning from sparse feedback,
imitation learning (Pomerleau, 1989; Ross et al., 2011;
Ho and Ermon, 2016), which learns from demonstra-
tions without any reward signal, and goal-conditioned
RL (Kaelbling, 1993; Schaul et al., 2015), which learns
to reach goals specified at test time, have emerged as
crucial and popular directions. Goal-conditioned RL

is particularly appealing, since a single learned policy
can be reused across many tasks (Duan et al., 2016).

A variety of algorithms have been proposed for
goal-conditioned RL, including reward shaping (Ng
et al., 1999), hindsight relabeling (Andrychowicz et al.,
2017), goal-conditioned supervised learning (Ghosh
et al., 2021), and universal value function approxima-
tion (Schaul et al., 2015), to name a few; see Liu et al.
(2022) for a survey. Among them, contrastive RL is a
simple and effective framework that trains a critic to
distinguish future states of the same trajectory from
states of unrelated trajectories, and uses this critic as
a goal-conditioned value function (Eysenbach et al.,
2021, 2022). While successful in practice, these meth-
ods rely on the crucial assumption that the actions ob-
served in the offline data, along with the subsequent
states they produce, are not simultaneously influenced
by unobserved confounders. If this assumption is vio-
lated, the probability of reaching the goal following a
candidate policy becomes non-identifiable, i.e., it can-
not be uniquely determined from the available data
and model assumptions. The following example illus-
trates such challenges.

Example 1 (Challenges of Unobserved Confounding).
Consider the windy-corridor task described in Fig. 2
(left), where the agent must reach the goal without
touching the lava (Bo et al., 2026). A short route
passes through a corridor next to the lava, while a
longer route is safe. At each time step ¢, a wind U®
blows through the corridor; when it is unfavorable,
moving forward along the short route pushes the agent
into the lava. The learner cannot observe the wind. In-
stead, it observes demonstrations from an expert who
can: the expert moves forward along the short route
when the wind is favorable and pauses otherwise, while
a small fraction of demonstrations follow the longer
route. The wind U® thus becomes an unobserved
confounder affecting both the observed action and the
next state. We apply standard contrastive RL (Eysen-
bach et al., 2022) to these demonstrations. As shown
in Fig. 2 (right), it fails to achieve a high success rate:
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Figure 1: Overview of CauCRL. A pessimistic counterfactual transition 7, is learned from positive demonstrations
DT and negative demonstrations D, confounded by U. Its rollout from (s,a) yields a counterfactual future 5
that replaces the observed future s as the positive sample, contrasted against a negative sample s~ ~ P~ (s).
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Figure 2: Windy corridor (left) and success rate over
training (right): under confounded demonstrations, all
baselines stay below the expert success rate of 1.0.

since forward moves along the short route are almost
always followed by reaching the goal in the demon-
strations, the critic overvalues them, even though the
learner cannot determine when they are safe. O

Recently, a growing body of literature has explored the
nuanced interactions between causal inference (Pearl,
2009; Bareinboim et al., 2022) and RL to address data
biases in decision-making under uncertainty, known as
causal reinforcement learning. Several algorithms have
been proposed for various policy learning settings, in-
cluding off-policy evaluation and learning (Kallus and
Zhou, 2018; Namkoong et al., 2020; Kallus and Zhou,
2020; Bennett et al., 2021; Zhang and Bareinboim,
2025), offline-to-online learning (Zhang and Barein-
boim, 2019), robust offline and deep RL (Joshi et al.,
2024; Li et al., 2025, 2026), meta-RL (Bo et al., 2026),
and imitation learning (de Haan et al., 2019; Zhang
et al., 2020; Ruan et al., 2024; Balazadeh et al., 2024),
to name a few. Despite these progresses, a systematic
approach for goal-conditioned RL under unobserved
confounding is still missing. It is unclear how one
can learn the goal-reaching occupancy underlying con-
trastive RL when the demonstrations that provide its
positive samples are confounded.

This paper aims to address this gap by propos-
ing Causal Contrastive Reinforcement Learning (Cau-
CRL; Fig. 1), which trains contrastive critics on pes-
simistic counterfactual rollouts that remain consistent
with the confounded demonstrations. More specifi-

cally, our contributions are summarized as follows. (1)
We formulate goal-conditioned RL from confounded
demonstrations and introduce counterfactual transi-
tions together with a worst-case occupancy measure
that lower-bounds the true probability of reaching the
goal (Sec. 2.1); (2) We develop a computational pro-
cedure for CauCRL that learns a pessimistic counter-
factual transition from positive and negative demon-
strations and uses its counterfactual rollouts as posi-
tive samples for contrastive critic learning (Sec. 3); (3)
Finally, we validate CauCRL through simulations on
goal-reaching tasks with confounded demonstrations,
ranging from discrete navigation to high-dimensional
continuous control (Sec. 4). Due to space constraints,
all proofs are provided in Appendix A.

Notations. We use capital letters to denote random
variables (X)), lowercase letters for their values (z),
and calligraphic letters for their domains (X). For a
set X, |X| denotes its cardinality. We write P(X) for
a probability distribution over X and P(Y | X) for
the set of conditional distributions P(Y | X = x) over
all realizations z. We abbreviate P(X = z) as P(x)
and P(Y =y | X =) as P(y | «). Finally, 1{Z = 2}
is an indicator that equals 1 if Z = z and 0 otherwise.

2 GOAL-CONDITIONED RL WITH
UNOBSERVED CONFOUNDING

We consider goal-conditioned RL (Eysenbach et al.,
2022) from offline trajectories of a demonstrator that
may use information unavailable to the learner, mod-
eled by a confounded Markov decision process (Zhang
and Bareinboim, 2016; Bo et al., 2026).

Definition 1. A confounded goal-conditioned Markov
decision process is a tuple M = (S, A, YV, U, F,P),
where (1) S, A, and Y = {0,1} are, respectively, the
spaces of observed states, actions, and rewards; (2) U
is the space of unobserved latent variables; (3) F is
a set of structural mechanisms fg: Sx A XU — S
and f4 : S xU — A, where fg determines the state
transition and f4 determines the behavioral policy of
the demonstrator; and (4) P is an exogenous distribu-



tion over U. Goals are states, s* € S, and the reward
indicates whether the goal is reached, Y = 1{S = s*}.

The process starts from an initial state S(©) ~ P(S().
At each time step t, a latent variable U®) is drawn in-
dependently from P(U), an action A®) is taken, and
the environment moves to SU+1) « fg(S®, A® U 1)
with reward Y® = 1{S®) = s*}. Since the struc-
tural functions and exogenous distributions are invari-
ant with regard to time steps, we write (S, A, S’) for
(S®, A® S+1)) when the time index is clear.

The learner acts through a policy m(a | s). Follow-
ing a policy is an intervention do(7) that replaces the
behavior mechanism f4 by 7 while leaving the remain-
ing mechanisms unchanged (Pearl, 2009); similarly,
do(A") = a) sets a single action to a. A subscript on a
random variable denotes the corresponding counterfac-
tual: S! is the next state had the action been set to a.
The resulting interventional transition is P,(s' | s) =
P(S, =8 | S =s) = f,, 1{fs(s,a,u) = '} dP(u),
and a policy 7w induces the interventional distribution
over trajectories (5,a) = (s(9,a(®, s o1 ),

Pe(s,3) = P(s@) [ wlal® | s©) Py (54D | 50,
t>0

For a state—action pair (s, a) and goal s*, we define the
discounted goal-reaching occupancy as

d*(s* [ s,a) = (1=7) ) "
k=0

X Py x (S(t"’k) =s"| S = s) ,

(1)

where P, . sets A® to a and lets subsequent actions
follow 7. Since Y(+K) = 1{SU+k) = 51 this oc-
cupancy coincides with the Q-function of m, d™(s* |
s,a) = Q"(s,a) == (1-7) Eax 242, AFY R | S =
s] (Eysenbach et al., 2022). The learner seeks a policy
7 that maximizes this goal-reaching probability.

Contrastive RL (Eysenbach et al., 2022) learns this oc-
cupancy with a critic f,,(s, a, s*) = ¢, (s,a) ", (s*) by
contrasting positive and negative samples. For a state—
action pair (s,a), a positive sample sT is a state from
the discounted future of a trajectory under 7, while a
negative sample s~ ~ P~ (s) is drawn from a marginal
state distribution that differs from the state distribu-
tion of the current policy estimate w. The critic is
trained with the binary NCE objective

max By qst)mp, [logo(fw(s,a,s+)) (2)
s ~P +log(1—0(fw(s,a,5*)))].

At the optimum, the critic recovers the unnormalized
occupancy of the positive samples (Eysenbach et al.,

2022): exp f*(s,a,s*) =d™(s* | s,a)/P~(s*), i.e,, QT
up to an action-independent factor, so the policy can
be improved by favoring actions with high critic values.

In the offline setting, on the other hand, the learner
cannot intervene and must instead learn from recorded
trajectories of a demonstrator, who observes the latent
variable and selects actions by the behavioral policy
A® — f4(8® U®). Demonstrations therefore fol-
low the observational distribution

P(s.) = POV ] [ 1(7a(s0) = a)

t>0
x 1 fs(sP,al u) = sV} dP(u),

in which the same latent realization u drives both the
action and the transition. From these data, the learner
can estimate the observational transition P(s" | s,a) =
P(S"=5"|S=s,A=a), but not the latent variable.
The offline data consist of two parts. Positive demon-
strations follow an observational distribution P* (5, a)
of this form, induced by the expert behavioral policy
fa, and contain trajectories reaching the goal. Nega-
tive demonstrations are generated by a non-expert be-
havioral policy, such as a randomized one, but record
the eventual states it reaches, such as the lava in Ex-
ample 1. We denote their state distribution by P~ (s),
which serves as the negative distribution in Eq. (2).!

Offline CRL trains Eq. (2) on these data, taking the
positive sample (s,a,st) ~ Pt from the discounted
future of the same demonstration instead of from P;.
This change of data is where the guarantee breaks:
because U affects both the demonstrator’s action and
the next state, generally P(s’ | s,a) # P,(s' | s),
so positive samples follow the observational counter-
part d(s* | s,a) of Eq. (1), with P, , replaced by
P(- | S® = 5, A® = q). The critic then recovers
d(s* | s,a)/P~(s*) rather than Q™, biasing both the
critic and the policy improved from it. The following
example illustrates this challenge.

Example 2 (Example 1 continued). In the windy cor-
ridor, U® is the wind, which the demonstrator ob-
serves but the learner does not. The expert policy
fa moves forward along the short route only when
the wind is favorable, so recorded forward moves are
almost always followed by reaching the goal, and a
contrastive critic trained on these continuations values
them highly. A learner that cannot observe the wind,
however, would move forward regardless of it: condi-
tioning on a forward action selects favorable wind, so
the observational transition P(s’ | s,forward) never

!'Unlike the original CRL (Eysenbach et al., 2022), neg-
atives here are drawn from the non-expert demonstrations
P, which we expect to sufficiently cover undesirable states
for the task; Sec. 3 uses them as an inductive bias toward
negative outcomes for counterfactual transitions.
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leads into the lava, whereas the interventional transi-
tion Prorward(s’ | 8) also covers unfavorable wind. O

2.1 Counterfactual Modeling

Evaluating a policy requires the interventional tran-
sition P,(s’ | s), whereas the offline data provide
only the observational transition P(s’ | s,a). Under
unobserved confounding, the former is generally not
identifiable from the latter (Pearl, 2009; Bareinboim
et al., 2022): different confounded MDPs can induce
the same observational distribution but different in-
terventional transitions. Consequently, the occupancy
d™(s* | s,a) in Eq. (1) is generally not identifiable ei-
ther (Kallus and Zhou, 2020; Zhang and Bareinboim,
2025). Rather than treating P, (s’ | s) as a single un-
known, we use counterfactual reasoning to separate its
identified and unidentified components. For an action
a € A, the counterfactual (potential outcome) variable

,:(t)ll = fs(S®,a,U®) denotes the next state that
would have been observed had the action at time ¢ been
set to a, with the state and the unobserved confounder
held at their realized values (Pearl, 2009). Unlike in-
terventional quantities, counterfactual variables can be
evaluated jointly with the factual ones under the same
realization of U®, relating the outcome of action a
to the action a’ actually selected by the demonstrator.
Conditioning on the factual state and action yields the
counterfactual transition probability

T(s,a,d,s") = P(SY1Y =5 | §W=s, A0=d"). (3)
It answers the counterfactual query: “What would the
next state have been had the action at state s been set
to a, given that the demonstrator in fact selected a’?”
This construction follows the same counterfactual rea-
soning as the effect of treatment on the treated (ETT)
(Shpitser and Pearl, 2009), which we extend here to
state transitions in MDPs. Conditioning on A®) = o/
retains information about the confounder under which
the demonstrator acted.

The counterfactual transition connects the observa-
tional and interventional transitions. When a = a/,
the consistency axiom (Galles and Pearl, 1998; Pearl,
2009) gives T(s,a,a,s’) = P(s' | s,a), which is
identified from the offline data. Averaging over the
demonstrator’s action instead recovers the interven-
tional transition by the law of total probability,

Z T(s,a,a’,s") Pd | s)

a’€eA

=Pu(s'[5), (4

where the sum becomes an integral for continuous ac-
tions. A counterfactual transition is therefore com-
patible with the offline data as long as it coincides
with the observational transition along the direction

a = d’; the remaining entries, with a # a’, describe
the outcomes of actions the demonstrator did not take
and are free parameters. Thus, the compatible set is
T={T :7T(s,a,a,’) = P(- | s,a) for all s,a}, where
each T (s,a,d’,-) is a distribution over S.

Building on the counterfactual transition, we define
the counterfactual occupancy measure

t+k *
Zv’“P S0 L =3

\ S(t) =3, AW = da),

Q™ (s,a,a’)
( (5)

where S (t(-f)k)

reached at time ¢ + k had A® been set to a and sub-
sequent actions followed 7, given that the demonstra-
tor in fact selected a’. Averaging over the demon-
strator’s action recovers the Q-function, Q™(s,a) =
Yow Q7 (s,a,a") P(a’ | 5), as in Eq. (4). Since the un-
observed confounder is drawn independently at each
step, the counterfactual occupancy satisfies the coun-
terfactual Bellman equation

ar is the state that would have been

Q7(s,a,a") = (1 = 7)1{s = 5"}
+72T(s,a,a’,s’)2ﬂ(d | s") (6)
« P(d | ) Q" (5,4, )

That is, the next state follows the counterfactual tran-
sition, after which the policy selects a while the demon-
strator’s action @’ is again drawn from P(- | ).

The counterfactual Bellman equation depends on the
unobserved confounder only through the counterfac-
tual transition. Replacing the true counterfactual
transition with a candidate 7 yields a candidate MDP
M, and we use the subscript T for quantities com-
puted in My. In particular, solving Eq. (6) with
any compatible 7 € T gives the counterfactual occu-
pancy measure Q7-(s, a,a’), whose average Q7-(s,a) =
Yow QF(s,a,a’) P(a’ | s) is the Q-function of 7 in M7
(Lemma A.1). By consistency, T contains the true
counterfactual transition of M. Since the offline data
cannot distinguish it from the other compatible ones,
minimizing over T gives a worst-case occupancy mea-
sure, which lower-bounds the true one.

Proposition 1. For every counterfactual transition
T €T, the counterfactual Bellman equation (6) has a
unique solution Q%(s,a,a’), and the worst-case occu-
pancy measure for a policy w(a | s),

Q"(s,a) = inf > QF(s,a,a) P(d | 5)

a’€A

satisfies Q" (s,a) < Q7 (s, a) for every (s, a).



The proof is given in Appendix A. Since T and P(a’ |
5) are determined by the observational data, Q™ lower-
bounds the probability of reaching the goal without

access to the unobserved confounder.

3 CAUSAL CONTRASTIVE
REINFORCEMENT LEARNING

We now present Causal Contrastive Reinforcement
Learning (CauCRL), which approximates the pes-
simistic construction of Sec. 2.1 with learned models.
CauCRL retains the observed dynamics for the factual
component and models the unidentified component
pessimistically. It learns a pessimistic counterfactual
transition model (Sec. 3.1), generates counterfactual
rollouts under learner-selected actions whose states
serve as positive samples for the contrastive critic, and
improves the policy with this critic (Sec. 3.2). Algo-
rithm 1 summarizes the procedure.

3.1 Learning Counterfactual Transitions

Computing the worst-case occupancy measure in
Proposition 1 requires characterizing the worst-case
counterfactual transitions within T. In discrete do-
mains, the entries with a # o’ are unrestricted, and
the worst case is given by the Manski bounds (Man-
ski, 1990): the interventional transition follows the ob-
servational one with probability P(a | s) and is oth-
erwise unconstrained. Such bounds have been applied
to off-policy evaluation (Zhang and Bareinboim, 2025)
and deep Q-learning (Li et al., 2025). In continuous
domains, however, the demonstrator selects any par-
ticular action with probability zero, so the constraint
T(s,a,a,-) = P(-| s,a) alone does not restrict nearby
actions, and consistent bound estimation requires ad-
ditional smoothness constraints (Tan et al., 2024).

We therefore assume that the counterfactual transi-
tion is Lipschitz continuous in all of its conditioning
arguments: for some constant L < oo,

W(T(Slvalvallv')a T(SQ,GQ,GIQ,'))
< L(ds(s1,s2) + da(ar,az) + da(al, ay))

for all s1,s0 € S and ay,as,a},a}, € A, where W de-
notes the Wasserstein-1 distance between distributions
over S. Along the action arguments, this assumption
mirrors the smoothness conditions of Kim et al. (2018).
Continuity in the evaluated action a corresponds to
smooth treatment response (STR): the next-state dis-
tribution changes gradually with the intervened ac-
tion. Continuity in the demonstrator’s action a’ cor-
responds to smooth treatment selection (STS): situa-
tions in which the demonstrator selects nearby actions
lead to similar counterfactual outcomes. Continuity

Figure 3: Lipschitz continuity of the counterfactual
transition. Along the diagonal a = o' (thick line),
T(s,a,a,-) = P(- | s,a) is identified (filled densities
over s'). An off-diagonal entry T (s, a, d’, ) is not iden-
tified (dashed densities). The shortest transport to the
diagonal is L-shaped (arrow): it moves the evaluated
action from a and the demonstrator’s action from a’
to a common value z, with total length d4(a,a’).

in the current state s encodes the locality of the tran-
sition dynamics typical of RL. For example, in grid-
world navigation, agents moving in neighboring cells
are likely to lead to a collision.

As illustrated in Fig. 3, consistency identifies T along
the diagonal @ = a’. An unidentified entry (s,a,a’)
with a # a’ reaches the diagonal by moving a and a’
to a common value x between them, a path of total
length d4(a,a’). Lipschitz continuity limits how far
probability mass can be transported along this path,

W (T (s,a,d’,-), P(-| s,z)) < Lda(a,a’).

The counterfactual transition thus lies in a Wasserstein
ball around the identified transitions: the outcomes
of actions close to the demonstrator’s remain close to
the observed ones, while the ball widens as the eval-
uated action moves away. The worst-case occupancy
measure is obtained by restricting the minimization in
Proposition 1 to Lipschitz-continuous elements of T.

We model a pessimistic counterfactual transition with
a conditional generative model 7,: a neural network g,
maps the state s, the evaluated action a, the demon-
strator’s action a’, and noise e ~ N(0,I) to a next
state 8 = gy(s,a,a’,e). Spectral normalization of its
weights (Miyato et al., 2018) bounds the Lipschitz con-
stant of g, in (s,a,a’) for every e; with shared noise,
this bound carries over to the Wasserstein distance be-
tween next-state distributions.

The model is trained with two objectives. The obser-
vational objective fits the entries with a = a’ to the
positive demonstrations DT drawn from PT,

£+(77) = IE(S,a,s')N'D+ [6(7;](53 a, a, ')a Sl)] 5

where ¢ is a proper scoring rule, such as the negative
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log-likelihood or the energy score. Minimizing £F en-
forces the consistency constraint that defines T; the
remaining entries are chosen pessimistically. Since the
negative demonstrations record only states, the inter-
ventional objective pairs each state—action pair (s, a’)
from DT with an alternative action a # a’ drawn from
a proposal p(- | s), such as a uniform distribution, and
with an independent negative state s~ from D~:

L:_(T]) = E(Sva/)ND+7aNp757ND7 [6(7;](8?@’ a‘/7 ')7 S_)] .

Minimizing £~ steers the entries with a # o’ toward
states reached by non-expert behavior; without further
constraints, its minimizer is 7 (s,a,a’,) = P~. When
P~ concentrates on absorbing failure states such as the
lava, this coincides with the worst case of the Manski
bounds, which places all unidentified mass on states
from which the goal cannot be reached, and thus ap-
proximates the minimizer in Proposition 1. The com-
bined objective is given by

Ly(n)=L"(n)+ L (n) (7)

is minimized over spectrally normalized networks: £
anchors the model to the identified transitions, £~
selects pessimistic outcomes among the unidentified
ones, and the Lipschitz constraint keeps 7, within the
Wasserstein ball of radius Ld4(a,a’). This prevents
arbitrarily adverse predictions and lets the model gen-
eralize to action pairs not covered by the data. Imple-
mentation details are given in Appendix B.

3.2 Counterfactual Rollouts

Evaluating a policy 7 requires next states drawn from
the interventional transition P,(s’" | s), which by
Eq. (4) averages the counterfactual transition over the
demonstrator’s action. Since P(A | S) is identified
from the demonstrations, we estimate it from Dt with
a statistical model 4(a’ | s), the nominal behavioral
policy. Any conditional density estimator can be used;
our choices are detailed in Appendix B. For a coun-
terfactual transition 7, averaging over the demonstra-
tor’s action defines the induced transition

> T(s,a,d,s')P(a’ | 5),  (8)

a’€A

P (s'|s) =

which coincides with P, (s’ | s) for the true counterfac-
tual transition. As previously defined, we write M
for the MDP with transition P/ (Sec. 2.1).

A counterfactual rollout samples from P(Z;7 under the
policy 7, with ug in place of P(a’ | s) (CTFROLLOUT
in Algorithm 1). It starts from a state—action pair
(s,a) at time ¢, with §®) = s and a(¥) = a; at each step
h > t, the demonstrator’s action a’") is drawn from
the nominal policy, the next state §"*1) from 7,, and

Algorithm 1 Causal Contrastive RL (CauCRL)

Requu‘e DT, D™, rounds R, horizon H
: Fit nominal pohcy py on D
Fit 7, by minimizing Eq. (7)
Initialize critic f,, and actor
forr=1,...,Rdo
D < CtrRoLLOUT(7g, Ty, fh)
g < POLICYIMPROVEMENT(D, 74 )
end for
return my
procedure CTrRoLLoUT(7, T, 1)
Sample (s,a) ~ Dt; set 50 =5, a() =q
for h=t,...,t+ H—1do
Sample o’ ~ p(- | 5M)
Sample 51 ~ T (3 g /() )
Sample a"*+1) ~ (- | 5(P+1)
end for _
return rollouts D
: end procedure _
: procedure POLICYIMPROVEMENT(D, )
for each gradient step do _
Sample (s,a,5T) from D and s~ ~ D~
Update f,, by Eq. (9) and 7 by Eq. (10)
end for
return
: end procedure

NN DN NN P = = = = =
Q000w O

the learner’s next action from 7; a’ is resampled even
at the first step, since the recorded action would give
the confounded T (s,a,a,-) = P(- | s,a). Algorithm 1
uses the current actor as the rollout policy, which may
also be kept fixed across rounds.

Replacing the positive samples from P* with these
rollouts yields the counterfactual NCE objective

ma‘X IE(s a,51T)~CTFROLLOUT [IOg U(fw(s> a, ‘§+)> (9)

sT~P” -l,-log(l—(T(fw(&aqs_)))}7

where each pair (s,a) from DT takes the rollout state
st = S(+K) a5 its positive goal, with P(K = k) =
(1 — y)y* for k > 0, and the negative goals are un-
changed. The following proposition shows that the
optimal critic recovers the Q-function of 7 in the MDP
induced by the counterfactual transition.?

Proposition 2. Suppose that CTFROLLOUT in
Eq. (9) uses a counterfactual transition T and the
nominal policy 1 = P(- | s). The critic that opti-

2The constant 1/P~(s*) requires P~ (s*) > 0. This can
always be ensured by mixing random states from the whole
dataset into the negative samples, as in the original CRL
(Eysenbach et al., 2022). These additional states serve only
as negatives for the critic in Eq. (9); they are not used to
train the counterfactual transition in Eq. (7).



mizes Eq. (9) is the Q-function of m in My, up to a
multiplicative constant 1/P~(s*):

1
P—(s%)

- Q7 (s,a).

The proof is given in Appendix A. Since P~ (s*)
does not depend on the action, arg max, f*(s,a, s*) =
arg max, Q%(s,a): the critic retains the value inter-
pretation of contrastive RL, now in the MDP induced
by the counterfactual transition. In practice, rollouts
are truncated at a horizon H; sampling K only up
to H changes the distribution of positive goals by at
most 771 in total variation. Details of the rollout
construction are given in Appendix B.

Policy improvement. CauCRL retains the actor up-
date used in standard offline CRL. The actor selects
actions with high critic values while remaining close to
the actions in the offline demonstrations:

max E (s o )pt {fw(s,a,s*)—i—)\gc log e (a’ | S)} (10)

aro(-s)

The critic evaluates the policy’s own action a, while
the behavioral-cloning term, weighted by Apc, keeps
g close to the recorded action a’. By Proposition 2,
higher critic values mean higher Q-values in M+, so
this update improves the policy in that MDP.

Proposition 3. Assume that states and actions are
tabular, p = P(- | s), and P~ (s*) > 0. Let the
critic f be §-accurate for rollouts of m under T, i.e.,
|P~(s*)exp f(s,a,s*) — QF(s,a)| < 0 for all (s,a),
and let 7'(s) € argmax, f(s,a,s*) be the policy ob-
tained after one iteration of POLICYIMPROVEMENT
with Asc = 0. Then ' achieves a higher goal-reaching
occupancy than m in M, up to the critic error:

for all (s,a).

The proof (Appendix A) mirrors the approximate pol-
icy improvement result of Eysenbach et al. (2022,
Lemma 4.2), with M7 in place of the true environ-
ment. For the Bayes-optimal critic of Proposition 2,
d = 0 and 7’ improves upon 7 exactly, so alternat-
ing CTFROLLOUT and POLICYIMPROVEMENT in Algo-
rithm 1 performs approximate policy iteration in M, .

Proposition 3 guarantees improvement in M. When
T is the worst-case counterfactual transition of Propo-
sition 1, Q7% lower-bounds the true occupancy. With
the pessimistic 7, learned in Sec. 3.1, CauCRL im-
proves an approximation of this lower bound as a proxy
for policy improvement in the real environment.

Figure 4: Continuous-control environments: (a) Point-
Maze with a stochastic swamp region (yellow) and (b)
AntMaze with falling-rock hazards (red).

4 EXPERIMENTS

We evaluate CauCRL on three goal-conditioned navi-
gation tasks with unobserved confounding and increas-
ing control complexity: Windy Corridor with discrete
actions, PointMaze with continuous planar control,
and AntMaze with eight-dimensional continuous ac-
tions (Fig. 4). In each environment, the demonstrator
observes latent information that affects both its ac-
tions and subsequent transitions but is hidden from
the learner and all evaluated methods.

We compare CauCRL against four goal-conditioned
offline learning baselines. CRL is standard con-
trastive reinforcement learning (Eysenbach et al.,
2022) and our primary baseline; it uses the same
demonstrations and actor regularization as CauCRL
but trains its critic on recorded rather than counter-
factual future goals, so comparing the two isolates
the effect of counterfactual rollouts. GCBC per-
forms behavioral cloning on hindsight-relabeled tra-
jectories (Lynch et al., 2020; Ghosh et al., 2021).
GCIQL is a goal-conditioned variant of implicit Q-
learning (Kostrikov et al., 2022), and HIQL uses la-
tent future states as high-level actions for long-horizon
goal-conditioned control (Park et al., 2023). All base-
lines treat recorded next states as outcomes of the
recorded actions and do not model the confounder. For
continuous-control tasks, CRL and CauCRL share the
actor—critic architecture and optimizer; full setup and
training details are in Appendices C.2-C.4.

We report mean goal-reaching success and, where ap-
plicable, robust-route rates over five seeds, with +
s.e.m. over the final 10% of evaluation checkpoints;
per-seed results are in Appendix C.5.

Experiment 1: Windy Corridor. We revisit the
15 x 15 Windy Corridor task of Example 1 (Ap-
pendix C.1), with a short passage adjacent to lava and
a longer safe route. The demonstrator primarily takes
the shortcut and uses the observed wind to pause when
forward motion is unsafe, while a smaller fraction of
demonstrations follows the safe route. Because the
wind is resampled at every step and hidden from the
learner, only the safe route reaches the goal reliably.
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Figure 5: Success rates over training on Windy Corridor (left), PointMaze (middle), and AntMaze (right). Curves
show means over five random seeds, with shaded regions indicating standard errors.

In Fig. 5 (left), CauCRL achieves a mean success rate
of 0.919 4+ 0.036 and a robust-route rate of 1.00, de-
spite the safe route requiring about 39 steps instead of
13. Although its success varies across seeds (0.797 to
1.000), every evaluation episode takes the safe route.
All baselines remain below 0.60 success; CRL, GCIQL,
and HIQL reach 0.513 on every seed and converge
to the confounded shortcut. Because demonstrations
pair shortcut actions almost exclusively with success-
ful outcomes, confounding-unaware critics overvalue
this route. CauCRL assigns pessimistic outcomes to
moving forward where the demonstrator might have
waited, so its critic prefers the safe route.

Experiment 2: PointMaze. The agent observes
a four-frame history of planar positions and the goal
(16 dimensions) and selects two-dimensional velocities
(Appendix C.2). The shortcut crosses three swamp
cells, each active with probability 0.30 at every step;
entering an active cell freezes the agent for the remain-
der of the 50-step episode. The demonstrator observes
the swamp condition and primarily follows the short-
cut, waiting when necessary, while a smaller set of
demonstrations takes the detour.

In Fig. 5 (middle), CauCRL achieves both a mean suc-
cess rate and detour rate of 1.00. CRL, GCBC, and
GCIQL each achieve 0.347 success and never take the
detour, close to the probability (1 — 0.30)% ~ 0.343
that all three cells are inactive when crossed. HIQL
performs worse (0.176 £ 0.013). Since the swamp is
hidden and resampled at every step, waiting cannot
improve these odds for the learner; CauCRL instead
identifies the detour as the reliable route.

Experiment 3: AntMaze. The Ant has a 31-
dimensional observation, an eight-dimensional action
space, and an 800-step horizon (Appendix C.3). The
direct route crosses two rockfall zones, each activated
with probability 0.40 per episode, while a longer route
avoids them; contact with a falling rock terminates the

episode. The demonstrator observes the rockfall state,
but the learner observes only the Ant state and goal.
Because the demonstrator crosses only when the route
is safe, its trajectories contain no rock-contact fail-
ures and make direct-route actions appear safe. Cau-
CRL additionally trains its counterfactual transition
on forced crossings that override a demonstrator deci-
sion to wait and expose the resulting rock collisions.

In Fig. 5 (right), CauCRL achieves 0.815 £ 0.030 suc-
cess, compared with 0.629+0.015 for CRL, an absolute
improvement of 0.186. GCIQL reaches 0.616 4 0.076,
while GCBC and HIQL achieve 0.498 £ 0.022 and
0.409 £ 0.006, respectively. CauCRL’s lowest seed
(0.712) exceeds CRL’s highest (0.677).

5 CONCLUSION

We study offline goal-conditioned reinforcement learn-
ing under unobserved confounding, where demonstra-
tors may use information unavailable to the learner.
Standard contrastive RL can then learn spurious
action—outcome associations from observational fu-
ture states. To address this problem, we introduce
Causal Contrastive Reinforcement Learning (Cau-
CRL), which learns a pessimistic counterfactual tran-
sition from positive and negative demonstrations and
uses counterfactual rollouts for contrastive critic learn-
ing. Our causal formulation separates identified fac-
tual transitions from unidentified counterfactual out-
comes and yields a worst-case goal-reaching occu-
pancy that lower-bounds the true occupancy. Ex-
periments across discrete and continuous-control tasks
show that CauCRL consistently improves robustness
over confounding-unaware baselines. These results
highlight the value of counterfactual future-state su-
pervision under confounding. Future work will eval-
uate CauCRL beyond magze-style navigation, includ-
ing goal-conditioned manipulation and more diverse
sources of unobserved confounding.



Al Use Statement

In this work, we used generative Al tools to as-
sist with research ideation, methodological discussions,
experimental design and diagnostics, code develop-
ment and debugging, and checking mathematical ar-
guments. We also used these tools for retrieving and
summarizing related work and for drafting and revis-
ing portions of the manuscript.

All AT-assisted outputs were reviewed and verified by
the authors. Mathematical arguments were checked
against the stated assumptions and derivations, code
was inspected and validated through experiments, and
literature summaries were verified against the orig-
inal sources. The authors made all final decisions
regarding the methodology, experiments, interpreta-
tions, and presentation, and take full responsibility for
the content of this work.

References

Andrychowicz, M., Wolski, F., Ray, A., Schneider,
J., Fong, R., Welinder, P., McGrew, B., Tobin, J.,
Abbeel, P., and Zaremba, W. (2017). Hindsight ex-
perience replay. In Advances in Neural Information
Processing Systems, volume 30.

Balazadeh, V., Chidambaram, K., Nguyen, V., Krish-
nan, R. G., and Syrgkanis, V. (2024). Sequential
decision making with expert demonstrations under
unobserved heterogeneity. In Advances in Neural

Information Processing Systems, volume 37, pages
65476-65498.

Bareinboim, E., Correa, J. D., Ibeling, D., and Icard,
T. (2022). On Pearl’s hierarchy and the foundations
of causal inference. In Geffner, H., Dechter, R., and
Halpern, J. Y., editors, Probabilistic and Causal In-
ference: The Works of Judea Pearl, pages 507-556.
ACM.

Bennett, A., Kallus, N., Li, L., and Mousavi, A.
(2021). Off-policy evaluation in infinite-horizon re-
inforcement learning with latent confounders. In
Banerjee, A. and Fukumizu, K., editors, Proceed-
ings of The 24th International Conference on Arti-
ficial Intelligence and Statistics, volume 130 of Pro-
ceedings of Machine Learning Research, pages 1999—
2007. PMLR.

Bo, A., Zhang, J., and Gursoy, M. C. (2026). Coun-
terfactual bootstrap for robust meta-reinforcement
learning. In Proceedings of the 43rd International
Conference on Machine Learning, volume 306 of

Proceedings of Machine Learning Research, pages
8707-8731. PMLR.

Bortkiewicz, M., Palucki, W., Myers, V., Dziarmaga,
T., Arczewski, T., Kucinski, L., and Eysenbach, B.

(2025). Accelerating goal-conditioned reinforcement
learning algorithms and research. In Yue, Y., Garg,
A., Peng, N., Sha, F., and Yu, R., editors, Interna-
tional Conference on Learning Representations, vol-

ume 2025, pages 15732-15754.

Chevalier-Boisvert, M., Dai, B., Towers, M., de Laz-
cano, R., Willems, L., Lahlou, S., Pal, S., Castro,
P. S., and Terry, J. (2023). Minigrid & Miniworld:
Modular & customizable reinforcement learning en-
vironments for goal-oriented tasks. In Advances in
Neural Information Processing Systems, volume 36.

de Haan, P., Jayaraman, D., and Levine, S. (2019).
Causal confusion in imitation learning. In Ad-
vances in Neural Information Processing Systems,
volume 32.

Duan, Y., Schulman, J., Chen, X., Bartlett, P. L.,
Sutskever, 1., and Abbeel, P. (2016). RL?: Fast rein-
forcement learning via slow reinforcement learning.
arXiww preprint arXiw:1611.02779.

Eysenbach, B., Salakhutdinov, R., and Levine, S.
(2021). C-Learning: Learning to achieve goals via
recursive classification. In International Conference
on Learning Representations.

Eysenbach, B., Zhang, T., Levine, S., and Salakhut-
dinov, R. R. (2022). Contrastive learning as goal-
conditioned reinforcement learning. In Koyejo, S.,
Mohamed, S., Agarwal, A., Belgrave, D., Cho, K.,
and Oh, A., editors, Advances in Neural Information
Processing Systems, volume 35, pages 35603-35620.
Curran Associates, Inc.

Galles, D. and Pearl, J. (1998). An axiomatic charac-
terization of causal counterfactuals. Foundations of
Science, 3(1):151-182.

Ghosh, D., Gupta, A., Reddy, A., Fu, J., Devin, C.,
Eysenbach, B., and Levine, S. (2021). Learning
to reach goals via iterated supervised learning. In
International Conference on Learning Representa-
tions.

Ho, J. and Ermon, S. (2016). Generative adversarial
imitation learning. In Advances in Neural Informa-
tion Processing Systems, volume 29.

Joshi, S., Zhang, J., and Bareinboim, E. (2024). To-
wards safe policy learning under partial identifiabil-
ity: A causal approach. In AAAI Conference on
Artificial Intelligence, pages 13004-13012.

Kaelbling, L. P. (1993). Learning to achieve goals. In
International Joint Conference on Artificial Intelli-
gence, pages 1094-1099.

Kallus, N. and Zhou, A. (2018). Confounding-robust
policy improvement. In Advances in Neural Infor-
mation Processing Systems, volume 31.



Counterfactual Rollouts for Offline Contrastive Goal-Conditioned Reinforcement Learning

Kallus, N. and Zhou, A. (2020). Confounding-robust
policy evaluation in infinite-horizon reinforcement
learning. In Larochelle, H., Ranzato, M., Hadsell,
R., Balcan, M., and Lin, H., editors, Advances in
Neural Information Processing Systems, volume 33,
pages 22293-22304. Curran Associates, Inc.

Kim, W., Kwon, K., Kwon, S., and Lee, S. (2018). The
identification power of smoothness assumptions in
models with counterfactual outcomes. Quantitative
Economics, 9(2):617-642.

Kostrikov, I., Nair, A., and Levine, S. (2022). Offline
reinforcement learning with implicit Q-learning. In
International Conference on Learning Representa-
tions.

Li, M., Zhang, J., and Bareinboim, E. (2025). Con-
founding robust deep reinforcement learning: A
causal approach. In Belgrave, D., Zhang, C., Lin, H.,
Pascanu, R., Koniusz, P., Ghassemi, M., and Chen,
N., editors, Advances in Neural Information Pro-
cessing Systems, volume 38, pages 138292-138325.
Curran Associates, Inc.

Li, M., Zhang, J., and Bareinboim, E. (2026). Causal
flow Q-learning for robust offline reinforcement
learning. In Forty-third International Conference on
Machine Learning.

Liu, M., Zhu, M., and Zhang, W. (2022). Goal-
conditioned reinforcement learning: Problems and
solutions. In Proceedings of the Thirty-First Inter-
national Joint Conference on Artificial Intelligence,
pages 5502-5511.

Lynch, C., Khansari, M., Xiao, T., Kumar, V., Tomp-
son, J., Levine, S., and Sermanet, P. (2020). Learn-
ing latent plans from play. In Proceedings of the
Conference on Robot Learning, volume 100 of Pro-
ceedings of Machine Learning Research, pages 1113—
1132.

Manski, C. F. (1990).
treatment effects.
80(2):319-323.

Miyato, T., Kataoka, T., Koyama, M., and Yoshida,
Y. (2018). Spectral normalization for generative ad-
versarial networks. In International Conference on
Learning Representations.

Myers, V., Zheng, B., Eysenbach, B., and Levine,
S. (2025). Offline goal-conditioned reinforcement
learning with quasimetric representations. In Bel-
grave, D., Zhang, C., Lin, H., Pascanu, R., Ko-
niusz, P., Ghassemi, M., and Chen, N., editors, Ad-
vances in Neural Information Processing Systems,
volume 38, pages 19654-19679. Curran Associates,
Inc.

Nonparametric bounds on
American FEconomic Review,

Namkoong, H., Keramati, R., Yadlowsky, S., and
Brunskill, E. (2020). Off-policy policy evaluation for

sequential decisions under unobserved confounding.
In Larochelle, H., Ranzato, M., Hadsell, R., Bal-
can, M., and Lin, H., editors, Advances in Neural

Information Processing Systems, volume 33, pages
18819-18831. Curran Associates, Inc.

Ng, A. Y., Harada, D., and Russell, S. (1999). Policy
invariance under reward transformations: Theory
and application to reward shaping. In Proceedings of
the Sizteenth International Conference on Machine
Learning, pages 278-287.

Park, S., Frans, K., Eysenbach, B., and Levine,
S. (2025). OGBench: Benchmarking offline goal-
conditioned RL. In International Conference on
Learning Representations.

Park, S., Ghosh, D., Eysenbach, B., and Levine, S.
(2023). HIQL: Offline goal-conditioned RL with la-
tent states as actions. In Oh, A., Naumann, T.,
Globerson, A., Saenko, K., Hardt, M., and Levine,
S., editors, Advances in Neural Information Process-
ing Systems, volume 36, pages 34866-34891. Curran
Associates, Inc.

Pearl, J. (2009). Causality: Models, Reasoning and
Inference. Cambridge University Press, 2 edition.

Pomerleau, D. A. (1989). ALVINN: An autonomous
land vehicle in a neural network. In Advances in
Neural Information Processing Systems, volume 1.

Ross, S., Gordon, G., and Bagnell, D. (2011). A re-
duction of imitation learning and structured predic-
tion to no-regret online learning. In Proceedings of
the Fourteenth International Conference on Artifi-
cial Intelligence and Statistics, pages 627-635.

Ruan, K., Zhang, J., Di, X., and Bareinboim, E.
(2024). Causal imitation for Markov decision pro-
cesses: a partial identification approach. In Glober-
son, A., Mackey, L., Belgrave, D., Fan, A., Pa-
quet, U., Tomczak, J., and Zhang, C., editors, Ad-
vances in Neural Information Processing Systems,
volume 37, pages 87592-87620. Curran Associates,
Inc.

Schaul, T., Horgan, D., Gregor, K., and Silver, D.
(2015). Universal value function approximators. In
Bach, F. and Blei, D., editors, Proceedings of the
32nd International Conference on Machine Learn-
ing, volume 37 of Proceedings of Machine Learning

Research, pages 1312-1320, Lille, France. PMLR.

Shpitser, I. and Pearl, J. (2009). Effects of treatment
on the treated: Identification and generalization. In
Conference on Uncertainty in Artificial Intelligence,
pages 514-521.

Sutton, R. S. and Barto, A. G. (2018). Reinforcement
Learning: An Introduction. MIT Press, 2 edition.



Tan, J., Blanchet, J., and Syrgkanis, V. (2024). Con-
sistency of neural causal partial identification. In
Advances in Neural Information Processing Sys-
tems, volume 37, pages 68956-68999.

Zhang, J. and Bareinboim, E. (2016). Markov decision
processes with unobserved confounders: A causal
approach. Technical Report R-23, Purdue AI Lab.

Zhang, J. and Bareinboim, E. (2019). Near-optimal re-
inforcement learning in dynamic treatment regimes.
In Wallach, H., Larochelle, H., Beygelzimer, A.,
d’Alché Buc, F., Fox, E., and Garnett, R., ed-
itors, Advances in Neural Information Processing
Systems, volume 32. Curran Associates, Inc.

Zhang, J. and Bareinboim, E. (2025). Causal eligibil-
ity traces for confounding robust off-policy evalua-
tion. In Chiappa, S. and Magliacane, S., editors,
Proceedings of the Forty-first Conference on Uncer-
tainty in Artificial Intelligence, volume 286 of Pro-
ceedings of Machine Learning Research, pages 4933—
4942. PMLR.

Zhang, J., Kumor, D., and Bareinboim, E. (2020).
Causal imitation learning with unobserved con-
founders. In Advances in Neural Information Pro-
cessing Systems, volume 33, pages 12263-12274.

Zheng, C., Eysenbach, B., Walke, H., Yin, P., Fang,
K., Salakhutdinov, R., and Levine, S. (2024a). Sta-
bilizing contrastive RL: Techniques for robotic goal
reaching from offline data. In Kim, B., Yue, Y.,
Chaudhuri, S., Fragkiadaki, K., Khan, M., and Sun,
Y., editors, International Conference on Learning
Representations, volume 2024, pages 28236-28264.

Zheng, C., Salakhutdinov, R., and Eysenbach, B.
(2024b). Contrastive difference predictive coding. In
Kim, B., Yue, Y., Chaudhuri, S., Fragkiadaki, K.,
Khan, M., and Sun, Y., editors, International Con-

ference on Learning Representations, volume 2024,
pages 47577-47601.

A PROOFS

This appendix collects the proofs of the three propo-
sitions in the main text. Proposition 1 shows that
minimizing the counterfactual occupancy over all com-
patible counterfactual transitions lower-bounds the
true goal-reaching occupancy, which underlies the pes-
simistic construction of Sec. 2.1; Proposition 2 iden-
tifies the Bayes-optimal critic trained on counterfac-
tual rollouts, which underlies the counterfactual NCE
objective of Sec. 3.2; and Proposition 3 shows that
greedy updates with an approximately optimal critic
improve the policy in the MDP induced by the coun-
terfactual transition. All three proofs follow the stan-
dard dynamic-programming playbook: each quantity

of interest is characterized as the unique fixed point of
a ~y-contractive Bellman operator, and identities and
inequalities between these quantities are obtained by
verifying them for the corresponding operators.

Throughout, we fix a goal s* € S and a discount factor
~v € (0,1), and all functions are bounded and equipped
with the supremum norm || - ||oc. Sums over states and
actions become integrals for continuous spaces, and all
arguments carry over verbatim. Entries (s, a,a’) with
P(a’ | s) = 0 receive zero weight in Eq. (6) and in
the definition of Q™, so they play no role and can be
fixed arbitrarily. For a policy 7 and a counterfactual
transition 7 € T, we define the counterfactual Bellman
operator, acting on functions ¢(s,a,a’), as the right-
hand side of Eq. (6),

(K7a)(s,a,a") = (1 = 7)1{s = 57}

and the Bellman operator of 7 in M, acting on func-
tions ¢(s,a), as

(Brq)(s,a) = (1 =7)1{s = s}
+’}/ZPQT(8/ | s) Zw(é | s")q(s',a),

a

where P is the induced transition in Eq. (8). Finally,
d%(s* | s,a) denotes the goal-reaching occupancy of w
in M7, ie., Eq. (1) with P, replaced by P], and P}
denotes the trajectory distribution in My that sets
A® to g and lets subsequent actions follow w. The
operator facts shared by the three proofs are encapsu-
lated in the following lemma.

Lemma A.1. Let w be a policy and T € T, and let B
denote either KT or BF.

(a) B is monotone, satisfies B(q — ¢) = Bq — ~yc for
every constant ¢, and is a y-contraction in || - | -
Consequently, B has a unique bounded fixed point,
which is the limit of B"q as n — oo for every
bounded q.

(b) The fized point of BT is d7-(s* | s,a).

(c) If Q%F(s,a,a’) is the fixed point of KZ-, then
Q% (s,a) = >, QF(s,a,a’) P(d’ | s) is the fized
point of By. In particular, Q%(s,a) = df-(s* |
s,a), i.e., Q% is the Q-function of ™ in M.

Proof. We first prove (a).
form

(Ba)(x) = (1= {s = s} +7)_ K(z,9)q(y),

Y

Both operators are of the
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where s is the state component of . For K7, we have
x = (s,a,d’), y = (s,a,a’), and

K(z,y) = T(s,a,d’,s")w(a|s") P(a | s'),
while for B}, we have z = (s,a), y = (s',a), and
K(z,y) =P (s | s)m(a|s).

In both cases, K(z,-) is a probability distribution,
since T (s,a,a’,-), 7(- | s'), P(- | s'), and PJ (- | s) are.
Since K > 0, B is monotone, and since » -, K(z,y) =
1, B(q¢ — ¢) = Bq — ~yc. Moreover,

(Bq)(z) = (Ba2)(2)] <7 ) K(z.y) a1 (y) — a2(y)|

<Tlla1 — ¢2l|so>

so B is a «y-contraction. The Banach fixed-point theo-
rem gives the remaining claims of (a).

We next prove (b). The k& =0 term of Eq. (1) in My
equals (1 —)1{s = s*}, since S® = s. For k > 1,
conditioning on the next state S¢+1) = s’ and the next
action AT = @, the Markov property of My gives

PJW(S(H"") =5 | S® = s)

=Y Pl [s)) m@ls)

x P (S(t+k) =" | St = s').
Multiplying by (1 — )y*, summing over k& > 1, and
using time-homogeneity to shift the time index by one,
we obtain

d3(s" | 5,0) = (1 —7)1{s = 5"}
S PT( 5)Y nal )

a
x di-(s* | §',a).
Hence d7 is a fixed point of B7, and by (a) it is the
unique one.

It remains to prove (c). Multiplying the fixed-point
equation Q% = K7Q7% by P(a’ | s) and summing over
a’, the first term is unchanged, since ), P(a’ | s) = 1.
In the second term, Eq. (8) gives

> T(s,a,d',s") P(d'| s) = P](s' | 5),

while the inner sum over a’ gives
Y P@ | s)QF(s a.a) = QF(s,a).
a//

Therefore
QF(s,a) = (1 —7)1{s=s"}
+vY PI(s 19)> w(a|s) QF(s,a),

a

that is, Q7 = B7Q%. By (a) and (b), QF(s,a) =
d%(s* | s,a). This completes the proof. O

Proof of Proposition 1. The proof proceeds in three
steps. We first note that the counterfactual Bellman
equation is well posed for every compatible counter-
factual transition. We then show that the true coun-
terfactual transition of M is compatible, and that the
corresponding solution is the true counterfactual occu-
pancy (5). Averaging over the demonstrator’s action
then recovers the true occupancy, and minimizing over
T can only decrease it.

For every T € T, Eq. (6) is the fixed-point equation
q = K%q. By Lemma A.1(a), it has a unique bounded
solution Q7%-(s,a,a’).

We next show that the true counterfactual transition
of M is compatible. Let

TM(Sa a, a/7 S/) = P(S(t""l)

o, =8 150 = 5,40 = o))

denote the counterfactual transition (3) of M. On

the event {A®) = a}, the consistency axiom gives
t+1
Six(t)ia = S+ Hence

Tm(s,a,a,8") = P(S(t'H) =5 S =g AW = a)
= P(s' | 5,a),

so Tam € T.

We now show that the true counterfactual occu-
pancy (5) solves Eq. (6) with Taq. Fix (s,a,a’) with
P(a' | s) >0, and let E = {S® =5 A® = ¢'}. The
k = 0 term of Eq. (5) equals (1 —7)1{s = s*}, since
SE:()t):a .= S = s. For k > 1, conditioning on the
counterfactual next state gives

P(S\, =5 | E)
- ZTM (s,a,a’,s") P(Sf::[)k:)a =5 ES,),
where By = E N {SSI}Z)G = §'}. Since A® =

fa(S®, UMY and Sf::tr)l:)a = f5(S®,a,UW), the event
Ey is determined by (S®,U®). From time ¢ + 1 on-
ward, the counterfactual trajectory starts at s’, draws
a ~ 7(- | §), and then evolves through fs and m,
driven by U®D Ut+2) which are drawn inde-
pendently of (S®),U®). Conditional on Ey, it there-
fore has the same law as a trajectory that starts at
St = ¢ sets AU to @ ~ 7(- | s), and follows
7 thereafter. Since the structural mechanisms are in-
variant over time, it follows that

(1= APy, =5 By)
k>1

= VZﬂ(d | s")d™(s* | §,a).



Applying the law of total probability to the demon-
strator’s action at s, as below Eq. (5), gives

ZP /|S Q‘I\'
Combining the three displays, we obtain
Q"(s,a,d') = (1 —7)1{s = 5"}
+VZTM s,a,d',8') Y w(a|s)

><P(a | ) Q" (s,

d™(s*| &', a) "a,a’).

that is, @™ = K7, Q™. By uniqueness of this solution,
Q?M (57 a? a/) = Qﬂ-(57 a7 a/)'

Finally, averaging over o’ ~ P(- | s) and applying the
law of total probability as below Eq. (5) gives

Z QT (s,a,a")

Since Ty € T, the infimum defining Q™ (s,
its value at T, and hence

Pla’ | s) = Q" (s, a).

a) is at most

Q" (s,a) <Q"(s,a)

for every (s, a).

This completes the proof. O

Proof of Proposition 2. The proof has two steps. We
first show that the positive goals generated by CT-
FROLLOUT follow the goal-reaching occupancy of 7 in
M; the claim then follows by computing the Bayes-
optimal critic of Eq. (9) and identifying it through
Lemma A.1(c). Throughout, we consider untruncated
rollouts, i.e., H = oo (the effect of truncation is dis-
cussed after the proposition), and optimize Eq. (9)
over all functions f. The critic is then determined
on pairs (s,a) in the support of the distribution v
of training pairs drawn from D7, and on goals with
P~(s*) > 0.

Consider the iteration h of CTFRoOLLOUT. The
demonstrator’s action a’(") is drawn from pu(- | 50))
independently of the past given 5"). Marginalizing it
out and using pu = P(- | s), the next state satisfies

( (h+1) _ o | ~(t: h) ot h))
= ZT (50 a,s) P | 5™)
=Pl (s | 5M),

by Eq. (8), and the next action is drawn from 7(- |
5(h+1)). Hence the rollout from (s,a) has the tra-
jectory distribution PZ - Since K is drawn indepen-
dently with P(K = k) = (1 — v)~*, the positive goal

5t = SU+E) gatisfies

Pt =5*|s,a) =

ZV

X P(ZW(S(H’“) =580 = s)
=d7(s" | s,a).
We now compute the critic that maximizes Eq. (9).
By the previous display, positive triples (s, a,§") are
distributed as ¢*(s,a,s*) = v(s,a)d¥(s* | s,a).
Since s~ is drawn independently of (s,a), nega-
tive triples (s,a,s™) are distributed as ¢~ (s,a,s*) =
v(s,a) P~(s*). The objective in Eq. (9) therefore
equals

> [q+ logo(f) +q log (1 - U(f))},

s,a,8*

which decouples across (s,a,s*). For each triple
with v(s,a) > 0 and P~ (s*) > 0, the map = —
qtlogo(x) + ¢ log(l — o(x)) is strictly concave and
is maximized at o(z) = q* /(¢ +¢7), i.e., at expz =
q%/q~, with the convention expz = 0 when ¢* = 0.
The factor v(s, a) cancels, so the optimal critic satisfies

. . d%-(s* | s,a
expf (s,a,s)T;_(L*))
By Lemma A.1(c), d7-(s* | s,a) = Q%(s,a), and there-
fore )
exp f*(s,a,s*) = ) Q7 (s,a).
This proves the claim. O

Proof of Proposition 3. The proof has two steps and
follows the approximate policy improvement argument
of Eysenbach et al. (2022, Lemma 4.2), with M+ in
place of the true environment. We first show that
the greedy policy 7’ is 26-greedy with respect to Q7
the claim then follows by propagating this inequality
through the Bellman operator of 7'.

By Lemma A.l(c), Q% and Q%’—/ are the fixed
points of BF and B? , respectively. Let @(s,a) =
P~(s*)exp f(s,a,s*), so that |Q — Q7| < 6 pointwise
by assumption, and let V™ (s) = > w(a | s) QF(s,a).
Since P~(s*) > 0, the map = — P~ (s*)expx is in-
creasing, so 7’'(s) € argmax, f(s, a, s*) also maximizes
@(s, -). Hence, for every s,

~

Q7(s,7'(s)) = Q(s, 7T’( )) —0
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where the first and last inequalities use |C§ - Q%] <6,
and the middle one uses that a maximum dominates
any average.

We next propagate this bound. Since ' is determin-
istic,

(BF Q%)(s,a) = (1 —7)1{s = s*}
+9 Y PI(s' | 5) Q5(s' 7 ().

Applying the previous inequality at every s’ and using
that Q7 is the fixed point of BT, we obtain

BY QF > BYQT — 290 = QF — 230

pointwise. We now show by induction that

n—1
(BF)"QF > Q7 — 276 )
for every n > 1. The case n = 1 is the display above.
If the bound holds for n, then the monotonicity of
BF and the identity B} (¢ — ¢) = B q — vc from
Lemma A.1(a) give
n—1
(BF)" Q5 2 BF QF — %6 ) "

k=0

> QF - 27527’“-

B?)”Q; —

Letting n — oo, Lemma A.1(a) gives (
Q?, and therefore
276

Q’;—l(s,a) > QF(s,a) — for all (s,a).

This completes the proof. O

B IMPLEMENTATION DETAILS

This section provides implementation details for Cau-
CRL beyond the algorithmic description in Sec. 3.
The continuous-control experiments use environment-
specific parameterizations of the nominal behavioral
policy and counterfactual transition model. Network
architectures and optimization hyperparameters are
reported in Appendix C.4.

B.1 Nominal Behavioral Policy

For both continuous-control environments, we parame-
terize the nominal behavioral policy as a K-component
censored Gaussian mixture density network with K =
5 and diagonal covariance,

>l

PG ORAG)E

tela|c) =

where NG denotes the Gaussian distribution cen-
sored to the action box A, with continuous density
in the interior and point mass at clipped boundaries.
The conditioning context is ¢ = s for AntMaze and
¢ = (s,g) for PointMaze. The PointMaze context con-
tains only learner-visible information; privileged haz-
ard and demonstrator metadata are excluded.

For Windy Corridor, the action space is discrete, and
we parameterize the nominal behavioral policy as a
categorical distribution with context ¢ = s,

Lola]c) = softmax(f¢(c))a,
a € {left,right, forward,wait},

where f4 is an MLP with two hidden layers of 128
ReLU units applied to a one-hot encoding of the
agent’s xz-coordinate, y-coordinate, and heading. The
wait action is the demonstrator’s no-op, which it uses
to pause when the wind is unfavorable. It is kept in the
support of ;14 because it occurs in the demonstrations,
even though the learned policy selects only among the
three movement actions.

In all three environments, the nominal-policy likeli-
hood is

ﬁu(‘?) =

The environments use different fitting procedures. In
PointMaze, pi4 is trained separately on the 4,800 ex-
pert episodes, excluding the uniform-coverage and
blind-demonstrator subsets, and the checkpoint is
selected on a validation split before the model is
frozen. In AntMaze, £, is optimized jointly with
the counterfactual-transition objective with coefficient
Ap =1, and the final iterate is used. In Windy Corri-
dor, D,, consists of the 1,000 demonstrations in DT, on
which £,, reduces to the four-way cross-entropy. We
optimize it separately with Adam (learning rate 1073,
batch size 256) for 3,000 updates and use the final iter-
ate. Because the state space is small (15 x 15 cells and
four headings), we evaluate the frozen 4 once on ev-
ery reachable state and store the resulting table, from
which the counterfactual rollouts sample the nominal
action.

—E(¢,a)~p, [logpgla | c)]. (11)

For AntMaze, the learned mixture weights are also
used by the rollout construction in Appendix B.3. Net-
work and optimization hyperparameters are reported
in Appendix C.4.

B.2 Counterfactual Transition Model

The three environments use different parameter-
izations of the counterfactual transition model
T,(s,a,d’,-) introduced in Sec. 3.1, where a de-
notes the target action and a’ the demonstrator ac-
tion. Windy Corridor uses a finite categorical model



with locally restricted support, while PointMaze and
AntMaze use neural transition models with different
spectral-normalization schemes.

Windy Corridor. Because the state and action
spaces are finite, the counterfactual transition is repre-
sented explicitly over states and action pairs. Actions
other than forward have deterministic one-step dy-
namics and are represented by point masses at their
corresponding successors. Factual forward transitions
use the empirical one-step distribution P( | s,a).

For off-diagonal forward transitions, we use a categor-
ical kernel x,, to combine the empirical transition dis-
tributions associated with the two actions:

(1—¢) ZP:c|sa

X k(Y | x,x’,s,a,a') +

T,(s,a,d',y) = Pz | s,d)

€
S|’ 1)
with € = 1073.

The kernel is categorical over 75 local offsets around
the deterministic successor of the target action, cor-
responding to Az,Ay € {-2,...,2} and heading
changes in {0,£1}. Its support is restricted to can-
didate successors within radius r = 2 of both factual
anchors under the state metric used by the model. The
kernel is parameterized using translation-invariant lo-
cal features and does not receive the latent wind vari-
able. It is trained by cross-entropy using the counter-
factual supervision described in Sec. 3.1.

PointMaze. PointMaze uses a stochastic genera-
tor that predicts the two-dimensional planar displace-
ment of the agent conditioned on the current state,
target action a, and demonstrator action a’. Let
Az = 2’ — x denote the observed planar displacement.
For each input, the model produces M = 8 samples
AZq,...,AZy and is trained with the Monte Carlo
energy score

. 1 M
fos = 57 2_ 1A% — Aall
"= (13)
_ W Z |AZy, — A2
m#n

The sampled displacement is clipped before construct-
ing the next stacked state by shifting the position his-
tory and inserting the generated planar position.

To control sensitivity to the target action, the lin-
ear maps on the target-action pathway are projected
to spectral norm at most 1. Together with the 1-
Lipschitz nonlinearities and clipping operation, this
gives a Lipschitz bound of 1 with respect to the tar-
get action in raw action units. An auxiliary classifier

is trained jointly to predict the hazard-transition in-
dicator. Let Dgiae and Dog denote the diagonal and
off-diagonal subsets of a data partition D. For each
regime r € {diag, oft}, we define

Aon BCE
Er |D ‘ Z EES [ ‘D| Z Eonset 79 (14)
1€D,.
where Ao, = 0.25. The complete PointMaze

transition-model objective is
LETT (D) = E(iiag(D) + Log (D) (15)

The onset component is estimated wusing class-
stratified sampling and reweighted to the empirical
event prevalence.

AntMaze. AntMaze uses a deterministic predictor of
the full state displacement, conditioned on the current
state, target action a, and demonstrator action a’. Its
predictive distribution is a Dirac measure, for which
the energy score reduces to

les = [lgn(s,a,a’) = (s" = s)|la- (16)

Spectral normalization is applied to every layer of the
displacement network using 10 power iterations and
coefficient 2.0. This coefficient controls the per-layer
spectral scale and is used as a regularizer; it is not
interpreted as a global Lipschitz constant of the tran-
sition network.

Additional architecture and optimization hyperparam-
eters are reported in Appendix C.4.

B.3 Counterfactual Rollout and Replay
Construction

Model-generated continuations are stored separately
from the original offline demonstrations, which remain
fixed throughout training. Generated trajectories pre-
serve their temporal structure so that future-goal rela-
beling is performed within the same recorded or gen-
erated trajectory.

Windy Corridor. For Windy Corridor, each contin-
uation starts from a recorded state—action pair (s,a)
drawn uniformly from DT, and the recorded action
is kept as the first target action. At each generated
state, a nominal demonstrator action a’ is sampled
from the tabulated uy, the next state is sampled from
the tabulated T, (s, a,a’,-), and the next target action
is sampled from the current learner. Because the tar-
get action always comes from the learner, the factual
branch is used exactly when the learner’s action coin-
cides with the sampled demonstrator action, and no
separate retention probability is needed. A continua-
tion ends at lava, at the goal, or at the rollout horizon.
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The augmentation buffer is regenerated with the cur-
rent policy at the start of each training round. Con-
trastive positives are relabeled from future states of
the generated continuations, while behavioral cloning
continues to use the recorded actions in DT.

PointMaze. For PointMaze, we retain a recorded
state—action pair and replace its subsequent continu-
ation with a rollout from the learned counterfactual
transition model. The generated suffix supplies future
states for contrastive goal relabeling, while behavioral-
cloning supervision continues to use the recorded ac-
tions from the offline demonstrations.

AntMaze. For AntMaze, the recorded prefix is re-
tained up to the route decision and the remaining tra-
jectory is replaced by a model-generated continuation.
At each generated state, a nominal demonstrator ac-
tion is sampled from p4 and a target action is sampled
from the current learner. The probability of retaining
the factual branch is

K
Pdiag(8) = Z wi(s)?,

k=1

computed from the mixture weights of the nominal
behavioral policy; otherwise the transition model is
evaluated using the learner-selected action.

We generate continuations of length 90 and refresh the
augmentation buffer throughout actor—critic training
using the current policy. Each refresh contains 2,000
generated continuations, and generated and recorded
trajectories each contribute half of the training mini-
batch. Additional rollout parameters are listed in Ap-
pendix C.4.

B.4 Contrastive Critic and Actor Training

CauCRL uses the same actor—critic parameterization
as the corresponding CRL baseline within each envi-
ronment. PointMaze represents goals using the full
stacked state, whereas AntMaze uses the planar (z,y)
position.

The implementation uses in-batch negative sampling
for contrastive critic training. PointMaze uses a single
critic, while AntMaze uses two independently param-
eterized critics and evaluates actor actions using the
minimum of their scores.

The actor is a tanh-Gaussian goal-conditioned policy.
Behavioral-cloning regularization uses recorded offline
actions; PointMaze draws these actions from a sepa-
rately balanced BC minibatch, whereas AntMaze uses
the standard training minibatch. Network dimensions
and optimization hyperparameters are reported in Ap-
pendix C.4.

C EXPERIMENTAL SETUP

C.1 Windy Corridor

Geometry. Windy Corridor is a 15 x 15 Mini-
Grid (Chevalier-Boisvert et al., 2023) environment
with two routes from the start (1,1) to the goal
(13,1). The short route runs east along row y = 1,
directly above a row of lava cells at € {3,4,5} and
x € {8,9,10}. The safe route descends along column
x = 1, follows row y = 13, and returns north along
column z = 13; it takes about 39 steps, compared
with about 13 on the short route. Entering a lava cell
terminates the episode as a failure.

Dynamics and wind. The agent’s actions are left,
right, and forward; the demonstrator can addition-
ally wait. A wind direction is drawn independently at
every step, east, south, west, or north with probability
0.1 each and still with probability 0.6. It is observed
by the demonstrator before acting and resampled af-
ter the transition. Wind affects only forward: a tail-
wind moves the agent two cells, a headwind cancels
the move, and a crosswind moves it one cell forward
and then one cell in the wind direction. On the short
route, a south wind therefore pushes the agent into the
lava from six positions along row y = 1; the safe route
has no such positions.

Observation. The learner observes its cell and head-
ing, s; = (x¢,y:,ht), and the goal is the target cell
(z,y). The wind is never included in the learner ob-
servation.

Demonstrator and dataset. At the beginning of
each episode, the demonstrator selects the short route
with probability 0.95 and the safe route otherwise. On
the short route, it observes the current wind and waits
whenever it stands at one of the six exposed positions
under a south wind; on the safe route, it follows the
corridor without consulting the wind. The demonstra-
tion dataset DT contains 1,000 episodes and 14,028
transitions, of which 952 follow the short route and
48 the safe route. Every episode reaches the goal, so
the dataset contains no lava failures. All offline RL
methods use DT.

A separate pool of 1,000 trajectories of a uniformly
random policy is used only to construct P~ for the
counterfactual transition model (Appendix B.2) and
is excluded from actor—critic replay.

Evaluation. FEach evaluation checkpoint uses 300
episodes with a fixed set of environment seeds, deter-
ministic policy actions, and a horizon of 400 steps un-
der the natural wind distribution. Success is recorded
when the agent reaches the goal cell. We additionally
report the robust-route rate, the fraction of episodes



that enter the safe-route row y = 13.

C.2 PointMaze

Geometry. PointMaze is a 9 x 5 grid maze with two
start-to-goal routes. The agent starts at (0.5, 3.5) and
the goal is at (8.5, 3.5). The short route runs along row
y = 3 and crosses three hazard cells at (3,3), (4,3),
and (5,3). The safe route branches downward at =
1, follows row y = 1, and rejoins the short route at
x = 7. Episodes have a horizon of 50 steps.

Dynamics and hazard. Actions are two-
dimensional velocities clipped to [—1,1]?, with addi-
tive Gaussian noise of standard deviation 0.01. Each
environment step is integrated over 10 simulation sub-
steps with per-axis wall collision.

Each of the three hazard cells is independently active
with probability 0.30 at every step. The hazard indi-
cators are observed by the demonstrator before acting
and are resampled after the transition. If the agent
ends a step inside an active hazard cell, it enters an
absorbing failure state: its position remains fixed, sub-
sequent actions have no effect, and the goal reward can
no longer be obtained.

Observation. The learner observes the four most re-
cent planar positions,

St = [!Et,yu ce. ,$t737yt73],

giving an 8-dimensional state representation. The goal
is represented in the corresponding stacked form. Haz-
ard indicators are never included in the learner obser-
vation.

Demonstrator and dataset. At the beginning of
each episode, the demonstrator selects either the safe
route or the short route. Safe-route demonstrations
follow a shortest path computed with the hazard cells
treated as blocked. On the short route, the demonstra-
tor observes the current hazard indicators and, before
entering a hazard cell, avoids actions predicted to ter-
minate in an active cell.

The offline dataset contains 6,600 episodes and 330,000
transitions:

Behavior Episodes
Wait at the hazard, then cross 3,073
Cross immediately 1,470
Uniform coverage 1,200
Blind demonstrator 600
Forced safe detour 257
The resulting dataset contains 4,514 successful

episodes, 1,451 absorbed failures, and 635 timeouts.
All offline RL methods use the complete dataset. The
nominal behavioral policy described in Appendix B.1

is fitted only on the 4,800 demonstrator episodes, ex-
cluding the uniform-coverage and blind-demonstrator
subsets.

Evaluation. FEach evaluation checkpoint uses 300
episodes with a fixed set of environment seeds and de-
terministic policy actions. Success is recorded when
the agent reaches the task goal according to the en-
vironment reward. We additionally report the safe-
detour rate. An episode is classified as taking the de-
tour if it enters the lower route before entering any
hazard cell; otherwise, entering a hazard cell first is
classified as taking the shortcut.

C.3 AntMaze

Geometry. AntMaze is a continuous-control ring
maze with two routes from the start to the goal. The
Ant starts at (0,0) and the goal is at (24,0). The di-
rect route crosses two stochastic rockfall zones, while
a longer perimeter route avoids both. Episodes have a
horizon of 800 steps.

The two rockfall zones lie on the direct route. Zone 1
spans x € [6.6,9.4] and Zone 2 spans z € [14.6,17.4],
with both covering y € [—2,2]. The learner observes
a 29-dimensional Ant state and selects 8-dimensional
joint torques; the goal is represented by its planar
(z,y) position. Rockfall states and activation sched-
ules are hidden from the learner.

Hazard. Each rockfall zone is independently acti-
vated with probability pactive = 0.40 at the beginning
of an episode. Conditional on activation, the start
times are sampled independently as

) ~uf0,...,45), 1P ~u{90,...,125}.

An activated zone remains active for 72 steps and
drops four rocks. Physical contact between a rock and
the Ant produces an absorbing failure: the agent loses
control for the remainder of the episode and can no
longer receive the goal reward.

Demonstrator and dataset. The demonstrator first
chooses between the direct and detour routes using an
episode-level route variable independent of the rock-
fall activations. Detour trajectories follow the safe
perimeter route without consulting the rockfall sched-
ules. On direct-route trajectories, the demonstrator
observes the activation schedule of each zone and de-
cides whether to enter or wait. A crossing is attempted
only when the predicted crossing interval, using a 50-
step crossing estimate and an 8-step safety margin,
does not overlap the corresponding rockfall interval.

The demonstration dataset contains 1,000 episodes
and 311,005 transitions, collected with pactive = 0.40.
Direct and detour routes each account for 50% of the
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Table 1: Actor—critic architectures and training hyper-
parameters.

Windy Corridor PointMaze AntMaze

State dimension 3 8 29
Action dimension 3 (discrete) 2 8
Goal dimension 2 8 2
Episode horizon 400 50 800
Batch size 64 256 1024
Actor hidden layers [128] [256,256]  [1024,1024]
Critic hidden layers [128] [256, 256] [1024, 1024]
Activation ReLU ReLU ReLU
Representation dimension 64 64 16
Number of critics 1 1 2
Discount ~y 0.99 0.95 0.999
BC coefficient Apc 1 0.05 0.05
Entropy coefficient 0 0 0
Actor learning rate 2x 1073 3x107* 3x107*
Critic learning rate 2x107° 3x107* 3x107*
Optimizer SGD Adam Adam
Main updates 100k 300k 100k
Critic warm-up - 30k -
Evaluation interval 250 1k 400
Evaluation episodes 300 300 300

demonstrations. The dataset contains 994 successful
episodes and 6 timeouts, with no rock-contact failures.

A separate pool of 300 episodes is used only for fitting
the counterfactual transition model and is excluded
from actor—critic replay. This pool is collected in the
same environment by overriding a demonstrator deci-
sion to wait at Zone 1 with a go decision and retaining
trajectories in which the override produces a realized
Zone 1 rock-contact failure.

Evaluation. FEach evaluation checkpoint uses 300
episodes with fixed environment seeds and determinis-
tic policy actions over the full 800-step horizon. Eval-
uation uses the same rockfall activation probability
Pactive = 0.40 as data collection. Success is recorded
when the Ant reaches the task goal at (24, 0) according
to the environment reward.

C.4 Network Architectures and Training
Hyperparameters

Table 1 summarizes the actor—critic configurations
used for all three environments. Within each environ-
ment, CRL and CauCRL use the same actor and critic
architectures. All experiments were run on NVIDIA
GeForce RTX 5090 GPUs.

For Windy Corridor, the critic encodes the state—
action pair and the goal with one-hot features over
grid states and cells, and the contrastive score uses
temperature 0.07. The actor receives the raw (x,y, h)
state. Its objective (1 — M) E,[f] + Aogm(a | s,9)
with A = 0.5 corresponds to Agc = 1. Actor mini-
batches are drawn uniformly over distinct recorded
state—action pairs rather than over transitions, so the
rare safe-route decisions are not outweighed by the fre-
quent short-route ones.

Table 2 reports the nominal behavioral-policy configu-
rations. As described in Appendix B.1, the PointMaze
and Windy Corridor models are trained separately and
then frozen, whereas the AntMaze model is optimized
jointly with the counterfactual transition model.

For PointMaze, the 4,800 nominal-policy episodes are
split by complete episode into 4,321 training and 479
validation episodes. Validation NLL is evaluated every
500 updates. Context normalization statistics are fit
on the training split only. For AntMaze, the nominal-
policy head uses the same positive-sample normaliza-
tion statistics and episode-level holdout as the transi-
tion model. For Windy Corridor, the nominal policy
is trained on a random 90% episode split of DT and is
tabulated over all grid states after training.

Table 3 summarizes the learned counterfactual-
transition models.

For PointMaze, checkpoint selection uses the earliest
minimum of

Lrr1(V) = Ldiag(V) + Log (V),

evaluated on the held-out validation partition V.
AntMaze and Windy Corridor use the final transition-
model iterate without validation-based checkpoint se-
lection. For Windy Corridor, the factual next-state
network and the counterfactual kernel &, share the
settings in Table 3, and the background weight is
e=1073.

The AntMaze counterfactual-replay configuration is
summarized in Table 4.

The Windy Corridor configuration is summarized in
Table 5.

Baseline configurations. For GCIQL, both
continuous-control environments use expectile 0.9
and Polyak coefficient 0.005. The PointMaze ac-
tor uses AWR with inverse temperature 3.0 and
weights clipped at 100, whereas AntMaze uses the
DDPG+BC-style actor with coefficient 0.3.

For HIQL, both continuous-control environments use
three hidden layers of size 512, layer normalization,
representation dimension 10, expectile 0.7, low- and
high-level actor coefficients of 3.0, Polyak coefficient
0.005, learning rate 3 x 10~%, and batch size 1024.
PointMaze uses discount 0.95 and a 10-step subgoal
horizon, whereas AntMaze uses discount 0.99 and a
25-step subgoal horizon. HIQL is trained for 330,000
updates with checkpoints every 1,000 updates.

The PointMaze subgoal horizon differs from the OG-
Bench (Park et al., 2025) default of 25. We evaluated
horizons in {5,10,25} together with actor coefficients
in {3,10}; the 5-step setting produced nearly degener-
ate subgoal advantages because most sampled subgoals



already lay within the success radius, and we retained
a horizon of 10.

For Windy Corridor, all baselines are trained on D+
for 100,000 updates and evaluated every 250 updates
with the protocol of Appendix C.1. Their mini-
batches are drawn uniformly over distinct recorded
state—action pairs, as for CRL. GCBC uses the CRL
actor trained only with the behavioral-cloning loss on
future-state relabeled goals. GCIQL uses expectile 0.9,
Polyak coefficient 0.005, and the AWR, actor with in-
verse temperature 3.0 and weights clipped at 100. Its
@ and V networks use one hidden layer of 128 units on
the critic’s one-hot features and are trained with Adam
at learning rate 3 x 10~%. HIQL uses the continuous-
control configuration above with a categorical low-level
actor, discount 0.99, and a 3-step subgoal horizon,
since Windy Corridor demonstrations are only 10 to
40 steps long.

For both GCIQL and HIQL, goal relabeling uses a
binary 1/0 reward for the first non-failure arrival at
the relabeled goal rather than the 0/ — 1 convention
used by the reference OGBench implementations. Ab-
sorbing failure states use a zero bootstrap mask, while
time-limit truncations continue to bootstrap. Other
baseline settings follow the corresponding reference im-
plementations.

C.5 Result Details

Table 6 reports the complete per-seed results for all
three benchmarks: for each method and random seed,
the success rate averaged over the final 10% of evalu-
ation checkpoints. These are the per-seed values be-
hind the means reported in Section 4 and plotted in
Figures 2 and 5.

D RELATED WORK

Contrastive goal-conditioned reinforcement
learning. Contrastive reinforcement learning (CRL)
casts goal-conditioned control as learning a critic that
distinguishes future achieved states from unrelated
states, thereby connecting contrastive representation
learning with goal-reaching value functions (Eysen-
bach et al., 2022). Subsequent work has extended
this framework along several directions. Stable CRL
studies architectural and optimization choices that
make contrastive goal-conditioned policies effec-
tive on offline, image-based robotic manipulation
tasks (Zheng et al., 2024a). TD InfoNCE replaces
Monte-Carlo future-state estimation with a temporal-
difference contrastive objective, enabling trajectory
stitching and more sample-efficient long-horizon
prediction (Zheng et al., 2024b). More recently,

JaxGCRL systematically studies modern CRL de-
sign choices and finds strong performance with
symmetric InfoNCE objectives and distance-based
critics (Bortkiewicz et al., 2025), while quasimetric
representations combine contrastive successor repre-
sentations with temporal-distance structure for offline
goal-conditioned learning (Myers et al., 2025).

Our approach is complementary to these develop-
ments: CauCRL modifies the transition and future-
outcome supervision used to train a goal-conditioned
critic, rather than relying on a particular contrastive
objective. For example, InfoNCE-based CRL can use
counterfactually augmented future states as positive
pairs, while a TD-based contrastive method can apply
the same robust transition construction to the one-step
successors used in its bootstrapped targets.
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Table 2: Nominal behavioral-policy architectures and
training settings.

Windy PointMaze AntMaze
Corridor
Conditioning state state + goal state (29-D)
context (one-hot, (16-D)
34-D)
Action 4 (discrete) 2 8
dimension
Mixture - 5 5
components K (categorical)
Hidden layers [128,128] [128, 128] [512,512]
Activation ReLU SiLU ReLU
Covariance - diagonal diagonal
Action categorical censored on censored on
likelihood [—1,1]2 empirical
action box
Scale parame- - o< logo €
terization [0.02,2.0], [-5,2]
lul <3
Spectral none none all layers,
normalization coef. 2.0, 10
power
iterations
Batch size 256 512 1024
Learning rate 1073 3x107* 1073
Gradient — 10.0 -
clipping
Training 3k 20k 20k
updates
Optimization separate, separate, joint with
then frozen then frozen  transition
model,
Ap=1
Checkpoint final iterate best final iterate
selection validation
NLL
Training data 900 expert 4,800 expert full demon-
episodes episodes stration
pool
Validation split - 10% by episode-level
episode holdout

shared with
the counter-
factual
transition
model

Table 3:

Counterfactual transition-model architec-

tures and training settings.

Windy PointMaze AntMaze
Corridor
Prediction next state planar full-state
target (75 local  displacement displacement
offsets) (2-D) (29-D)
Hidden layers [128,128]  [128,128] +  [512,512]
generator
Activation ReLU ReLU ReLU
Lipschitz locality target-action  all-layer
control restriction, spectral spectral nor-
r=2 projection,  malization,
L, <1 coef. 2.0
Power - - 10
iterations
Predictive form categorical  stochastic, deterministic
(tabulated) M=28 (Dirac)
Batch size 256 256 1024
Training 6k 2.5k 20k
updates
Learning rate 1073 3x 107" 1073
Optimizer Adam Adam Adam
Checkpoint final iterate earliest final iterate
selection validation
minimum

Table 4: AntMaze counterfactual rollout and replay

hyperparameters.

Hyperparameter

Value

Rollout start

Rollout horizon
Rollouts per refresh
Refresh interval
Generated-data fraction
State feasibility

route-dependent split point
90

2,000

every training round

0.5

state bounds and maze free
space

Table 5: Windy Corridor counterfactual rollout and

replay hyperparameters.

Hyperparameter

Value

Rollout start

Rollout horizon
Rollouts per refresh
Refresh interval

Training rounds
Generated-data fraction
State feasibility

recorded (s, a), uniform over
Dt

400

10,000

every training round (5k
updates)

20

1.0 (critic); actor BC uses D
tabulated over legal grid states




Table 6: Per-seed final success rates (mean over the fi-
nal 10% of evaluation checkpoints) on all three bench-

marks.

Benchmark Method Per-seed
CauCRL 0.797 0.984 0.919 0.895 1.000
CRL 0.513 0.513 0.513 0.513 0.513

Windy GCIQL 0.513 0.513 0.513 0.513 0.513
GCBC  0.586 0.562 0.635 0.574 0.574
HIQL 0.513 0.513 0.513 0.513 0.513
CauCRL 1.000 1.000 1.000 1.000 1.000
CRL 0.347 0.347 0.347 0.347 0.347

PointMaze GCIQL  0.347 0.347 0.347 0.347 0.347
GCBC  0.347 0.347 0.347 0.347 0.347
HIQL 0.194 0.173 0.166 0.213 0.135
CauCRL 0.712 0.869 0.798 0.820 0.879
CRL 0.596 0.620 0.646 0.677 0.605

AntMaze GCIQL 0.532 0.612 0.516 0.913 0.508
GCBC  0.476 0.499 0.429 0.529 0.559
HIQL 0.401 0.390 0.421 0.417 0.418




