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Abstract

Model-based reinforcement learning (RL) offers
a compelling approach to offline RL by enabling
value learning on imagined on-policy trajecto-
ries. However, it often suffers from compounding
errors due to repeated model inference on self-
generated states. While geometric horizon models
(GHM) alleviate this issue through direct predic-
tion over a discounted infinite-horizon future, they
remain challenged in accurately modeling distant
future states. To this end, we introduce universal
horizon models (UHM), a generalization of GHM
that directly predicts future states under arbitrary
horizons. Leveraging this flexibility, we propose
a scalable value learning method that employs a
winsorized horizon distribution to stabilize train-
ing by capping excessively large horizons. Ex-
perimental results on 100 challenging OGBench
tasks demonstrate that the proposed method out-
performs competitive baselines, particularly on
tasks with highly suboptimal datasets and those
requiring long-horizon reasoning. Project page:
https://rllab-snu.github.io/projects/UHM/

1. Introduction

Offline reinforcement learning (Levine et al., 2020; Pruden-
cio et al., 2023) provides a promising way to learn effective
policies without online exploration, enabling the utilization
of pre-collected datasets. However, its scalability is often
restricted in tasks that require long-horizon reasoning due
to the bias accumulation in temporal difference (TD) learn-
ing (Rosete-Beas et al., 2023; Park et al., 2025b). Recent
works reveal the potential to solve such complex tasks using
n-step TD, which utilizes n-step returns for Bellman back-
ups (Sutton et al., 1998) to reduce the bias in the TD target
(Park et al., 2025b; 2026b). Despite the benefit, model-free
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approaches should rely on trajectories in the dataset since
they have no ability to imagine on-policy rollouts. This
distributional mismatch ruins a theoretical foundation of
TD learning, and can lead to inaccurate value estimation
(De Asis et al., 2018; Hernandez-Garcia & Sutton, 2019).

Model-based reinforcement learning (MBRL) can address
this issue with model-based value expansion, i.e., on-policy
value learning on synthetic trajectories (Feinberg et al.,
2018; Hafner et al., 2025). However, generating such trajec-
tories with single-step dynamics models requires repeated
model inference on self-generated states, where keeping the
dynamics error small is challenging. While geometric hori-
zon models (GHM) mitigate this issue by directly predicting
future states, they lack the ability to predict future states at
a specified timestep. This limitation forces GHM to model
long-horizon tails of the geometric distribution, which is
inherently difficult to learn accurately.

In this work, we focus on developing a scalable model-
based value learning method for offline RL. We first pro-
pose universal horizon models (UHM), which can sample
states directly from n-step future state distributions for any
given n. As illustrated in Figure 1, UHM generalizes both
GHM and single-step models, as it allows n to be sampled
from arbitrary horizon distributions. This generalization
enables a TD learning method that allows flexible control
over which future horizons to focus on. Building on this
framework, we present a value learning method using win-
sorized future horizons to stabilize the learning process by
capping the maximum value of n. Through extensive exper-
iments, we demonstrate that the proposed method outper-
forms baselines across 100 challenging tasks in OGBench
(Park et al., 2025a), including tasks that provide highly
suboptimal datasets or require long-horizon reasoning. In
summary, the main contributions of the paper are as follows:

* We propose universal horizon models (UHM), which
generalize geometric horizon models by directly sam-
pling n-step future states for any given n.

¢ We introduce a robust and scalable model-based value
expansion method using UHM.

* We demonstrate that the proposed method achieves
a 14% higher average success rate than the strongest
baseline across 100 challenging OGBench tasks.
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Universal Horizon Models: n ~ pg,Vpr € A(N)

Single-Step Models: n ~ §(1)

Styn ~ m” (|5t as,n)

Figure 1. Universal horizon model is a future predictive model that directly samples states from the n-step future state distribution of the
policy for any given horizon n. Since it allows n to be sampled from arbitrary distributions, UHM can be seen as a general framework

that includes single-step models and geometric horizon models.

2. Related Work

Offline RL (Levine et al., 2020) studies the problem of
learning policies from static datasets without online inter-
action. A wide range of offline RL algorithms are built
upon temporal difference (TD) learning, which updates the
critic using one-step lookahead value estimation. To adapt
TD learning to offline settings, prior work has proposed
uncertainty-aware methods (An et al., 2021; Ghasemipour
et al., 2022; Wu et al., 2021), conservative updates (Ku-
mar et al., 2020; Sikchi et al., 2024), and in-sample max-
imization techniques (Kostrikov et al., 2022; Garg et al.,
2023; Xu et al., 2023). Policies are then learned from the
critic via advantage-weighted regression (Peters & Schaal,
2007; Peng et al., 2019), behavior-regularized policy gradi-
ents (Fujimoto & Gu, 2021; Tarasov et al., 2023; Park et al.,
2025¢), or using generative modeling (Chen et al., 2023;
Hansen-Estruch et al., 2023). Recently, horizon reduction
techniques have demonstrated strong performance on com-
plex tasks by training hierarchical policies (Rosete-Beas
et al., 2023; Singh et al., 2021), leveraging action chunk-
ing (Seo & Abbeel, 2025; Li et al., 2025; 2026), or adopting
multi-step TD methods (Park et al., 2025b; 2026b).

Offline MBRL has been studied with its potential to gener-
ate on-policy trajectories without environment interaction.
Despite its success in online settings (Janner et al., 2019;
Hansen et al., 2024; Hafner et al., 2025), dynamics models

learned from static datasets have inevitable errors (Talvitie,
2014), making it challenging to directly apply it to offline
settings. To resolve this issue, previous works consider un-
certainty penalization (Kidambi et al., 2020; Yu et al., 2020;
Sun et al., 2023), or conservative critic learning (Park & Lee,
2025). Another branch of MBRL leverages generative mod-
els to learn a distribution of trajectories (Janner et al., 2021;
2022; Hong et al., 2023), and guide them to produce trajecto-
ries with higher expected returns (Ajay et al., 2023; Jackson
et al., 2024; Cheng et al., 2025). Meanwhile, geometric
horizon models (Janner et al., 2020; Thakoor et al., 2022)
have emerged as an approach for directly predicting states
from the discounted future. Combined with flow-matching
(Lipman et al., 2023), it shows superior performance on both
future prediction and value estimation (Farebrother et al.,
2025; Zheng et al., 2026). Our work is also closely related
to the prior works that employ dynamics models to predict
future beyond the next timestep (Zhang et al., 2023; Lin
et al., 2025; Park et al., 2026a). These methods train mod-
els to predict Pr(s;yn|s¢, at, - - ., ag+n—1), Which is a future
determined by fixed-length action chunks. In contrast, our
approach learns Pr(s;,,|s¢, at, m) for an arbitrary horizon
n, which is a future state distribution induced by the policy.
This distinction allows us to generate horizon-flexible future
states without repeated inference, thereby reducing compu-
tational overhead and avoiding recursive conditioning on
self-generated states.
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3. Preliminaries

Reinforcement learning (RL) can be formulated as an infi-
nite horizon Markov decision process (S, A, R, v, P, p),
where S is a state space, A is an action space, R
S x A — R is a reward function, v € (0,1) is a
discount factor, P : & x A — A(S) is a transition
probability, and p € A(S) is an initial state distribu-
tion. Offline RL aims to find a policy 7w S —
A(A) that maximizes a cumulative discounted return
E [> "5l v* R(sk, ax) | so ~ p(-), ar, ~ m(-|sy)] from the
offline dataset D = {(s}", al, s, | )y bone 1,2, M}

3.1. Temporal Difference Learning for Offline RL

Value learning in offline RL is typically based on tem-
poral difference (TD) learning. Given a transition tuple
(s,a,s’) ~ D, a critic Q(s,a) is trained to approximate
Q™ (s,a) = E [Y02 o v*rklso = s, a0 = a, 7| by regress-
ing towards its bootstrapping target R(s,a) + vQ(s',a’),
where a’ ~ m(+|s"). Besides its convergence guarantee, TD
learning often suffers from bias accumulation, which origi-
nates from inaccurate value estimates in the bootstrapping
target (Sutton et al., 1998).

A common approach to reduce the bias is n-step TD, which
calculates the bootstrapping target based on the trajectory
(Sk, ks skH)Z;S whose length is n € N:

n—1
G = Z Y R(sk, ax) + 7" Q(sn, an), Q)
k=0

where a,, ~ 7(-|s,). TD(\) generalizes n-step TD by using
a weighted average of bootstrapping targets from various
n € N with decay parameter A € [0, 1]:

Gr=(1-X1>_ Ata, )

n=1

Both n-step TD and TD(\) are common techniques to boost
the performance in online RL (Schulman et al., 2015; Hessel
et al., 2018), and recent works have shown that using n-step
returns is also helpful to solve complex, long-horizon rea-
soning tasks in offline settings (Park et al., 2025b; 2026b).
However, model-free approaches rely on behavior trajec-
tories in offline settings, making it unclear which policy
the learned value function estimates (De Asis et al., 2018;
Hernandez-Garcia & Sutton, 2019).

Model-based RL can resolve this issue by performing model-
based value expansion (MVE) (Feinberg et al., 2018), i.e.,
TD learning on synthetic on-policy rollouts. In contrast to
the success in online RL (Hafner et al., 2025), dynamics
models learned from static datasets are not globally accurate,
exacerbating the compounding error problem induced by
repeated inference of the dynamics model and policy. As a

result, offline MBRL methods are often limited to restricted
forms, such as conservative critic updates or short-horizon
imagination (Kidambi et al., 2020; Yu et al., 2020; Sun et al.,
2023; Park & Lee, 2025).

3.2. Geometric Horizon Models

Geometric horizon model (GHM) (Janner et al., 2020) is
defined as a generative model of normalized successor mea-
sures (Dayan, 1993; Blier et al., 2021):

m”(z|s,a) = (1=4) > _7"Pr(sis1 = @ | 50 = s,a0 = a, 7),

k=0

3)
which is a y-discounted distribution of future states when
deploying the policy 7, where 4 € (0, ]. The GHM can be
learned from off-policy transitions via regression towards
its bootstrapping target:

m™(zls, a) < (1 —7)P(x]s, a)
+ :}/Eslwp(ﬂs,a) [mﬂ' (Z‘|S/, a/)] y “4)

a’~m(-]s")

which is a contraction mapping and applicable for various
generative modeling methods (Thakoor et al., 2022; Fare-
brother et al., 2025).

Previous works propose v-MVE (Janner et al., 2020;
Thakoor et al., 2022) to obtain bootstrapping value target
with future states sampled by GHM. The corresponding
value target can be simplified as follows:

Q.ave = R(s,a) ++ E {J%se,ae
e = Risa) vy B | TR e )
ae~m(:lse)
+Z:; (567%)} )

We found that Q~.mve (5) is equal to the expectation of
TD()) target (2) on on-policy trajectories when A = 7/,
which means v-MVE is a method to conduct TD(\) using
GHM. Detailed derivation is provided in Appendix A.1.

4. Proposed Methods

In this section, we introduce a universal horizon model
(UHM), a future predictive model that generalizes geometric
horizon models and single-step dynamics models. UHM
directly samples n-step future states, and allows the horizon
n to be sampled from arbitrary distributions. This flexibility
enables a general form of value estimation that recovers
both n-step TD and TD()). Based on this framework, we
propose a scalable offline RL algorithm that stabilizes the
learning process by capping excessively large horizons.
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4.1. Universal Horizon Models

While GHMs avoid repeated inference on self-generated
intermediate states by directly sampling from the successor
measure (3), they do not reveal how many steps into the
future a sampled state lies. Moreover, their horizons are
restricted to a single geometric distribution. As a result, they
require accurate modeling of the long-horizon tail, which
is inherently difficult to learn. To generalize beyond the
implicit geometric horizon, we define a universal horizon
model as a generative model of n-step transition measure:

m”™(z | s,a,n) =Pr(s, =z | sg = s,a0 =a,m), (6)
where the horizon n can be sampled from any distribution
pm. The resulting marginal measure

ZPH

k>1

m™PH (x| s,a) =

—ZPH

k>1

m”™(z | s,a,k), (7)

YPr(sp =z | s =s,a0 =a,m), (8)

represents a horizon-weighted visitation measure over future
states. Since it recovers normalized successor measure when
n ~ Geom(1l — ), GHM can be seen as a special case
of UHM. Furthermore, we can also represent single-step
dynamics models with n ~ §(1). Hence, UHM provides a
unified framework for future prediction that subsumes both
GHM and single-step dynamics models, as illustrated in
Figure 1.

UHM can be learned from off-policy transitions via boot-
strapping:

P(z|s,a), ©))

m™ (x| s,a,n+1)

m”™(z | s,a,1) =

= Es’wP(~|s,a),a/~7r(-\s/) [mﬂ(x | Slv alv TL)] ) (10)
analogous to the learning objective of GHM (4). Specifi-
cally, after sampling n ~ py(-) and o’ ~ 7(:|s"), we train
UHM so that its prediction for the (n+1)-step future state of
(s, a) matches a bootstrapped sample s, ~ m™(:|s’,a’,n).
Since the multi-step target is defined recursively through
bootstrapping, learning the one-step case correctly provides
the basis for learning the n > 1 future state distributions.
Note that m™ (z | s, a,n) is defined for each n, regardless
of the horizon distribution pg. Consequently, different pgy
can be used throughout training or at inference time without
altering the definition of m™.

4.2. Critic Target Estimation

Based on the flexibility of UHM to represent and sample
from arbitrary future distributions, we propose a generalized
temporal difference learning framework.

Proposition 4.1. For any sub-probability measure v over
N, consider the v-Bellman operator TV defined as

E[R(s,0) +7 > [¢“ (MR

k>1

TQ(s,a) =

(sk’ak)

+v(R)Qsk, )] | s0 = 5,00 =a,x], (1D

where
k—1

&(k) =7 =Y vk —r)]. (12)

k=0

The iterative sequence Q,+1 = T"Qy, from any bounded
real function Qp: S X A — R converges to Q7 (s, a).

A proof is provided in Appendix A.2. The TD learning
with v-Bellman operator recovers standard critic updates
as special cases: choosing v(k) = 4" !1[k = n] yields n-
step TD, while choosing (k) = (1 — \)(\y)*~! represents
TD()). To enable TD learning with the proposed framework
(11) while avoiding repeated inference, we utilize UHM as
it can sample states from the n-step future state distribution
for any given n. Specifically, UHM allows one-sample
estimation G” of the v-Bellman backup target 77 Q(s, a)
for any sub-probability measure v as follows:

n~pmg, (13)
Se Nmﬂ(-‘87a7n)7a/e N7T('|Se)a (14)
G” =1+ v{weR(s¢, ac) + wuQ(Se, ae)}, (15)

where py is a horizon distribution over N satisfying
pu (k) > 0 whenever v(k) # 0or & (k) # 0. The weights
wg = pTz and w, = pL are importance ratios that cor-
rect for the discrepancy between v, £ and the sampling

distribution pg;.

Among many possible choices of v, we present a value
learning method using the winsorized geometric measure,
which is defined as follows:

(1 =XNO)FL i1 <k < Emax
(Ary)Fmax—1 ifk = knax, (16)
0, if & > knax,

v(k) =

which ensures the convergence guarantee in Proposition 4.1
since it is a sub-probability that satisfies ), -, v(k) < 1.
The corresponding £ (12) yields a

AOYEL i1 < E < K
Y (k) = 17
(k) {o, if & > Emax. (9

This choice retains the original form of TD(\) while clip-
ping excessively large and rare horizons, which in turn sta-
bilizes the learning process. For the horizon distribution pyy,
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we use the winsorized geometric distribution corresponding
to the winsorized geometric measure (16):

n' ~ Geom(1 — \y),n = min(n’, kmax).  (18)

Then, we can obtain the value learning target G¥ (15) by
substituting importance ratios:

>\ .
2 if 1 <n < kmnax,
we = AT (19)
0, if 1 = Emax,
1-X
w, = 4 T2 ?fl < n < kmax, 20)
1, if n = kpax.

In the following section, we provide a practical offline RL
algorithm using this value learning target.

4.3. Practical Implementations

We now present a practical offline RL algorithm using UHM,
whose pseudocode is provided in Algorithm 1. For nota-
tion, # denotes the parameters of all neural networks and
0 represent their exponential moving average (EMA). At
each update step, we perform the following update based on
transition tuples (s, a,r, s’, a’) sampled from the dataset.

A scheduling. Since the UHM is trained via bootstrap-
ping, its output for large n is inaccurate in the early train-
ing stage. To resolve this issue, we perform scheduling
as A = 1_(71’%,))\]0, where A is the final trace value and
r € [0,1] is a training progress. It enforces the effective
horizon of UHM to increase linearly from 1 to 1/(1 — A7),
making the bootstrapping of UHM more stable. Based on
the scheduled A\, the maximum imaginary horizon Ky, is
decided as qgeom(1— \v, ¢), which is a g-quantile of the ge-
ometric distribution Geom(1 — \v). As a result, the horizon
n is sampled from the winsorized geometric distribution,
which we denote as min(Geom(1 — A7), kmax)-

Model learning. We train a vector field vy to utilize flow-
matching (Lipman et al., 2023) as a generative model for
UHM, and follow coupled-CFM (Farebrother et al., 2025)
to construct the learning objective (10). If n > 1, we first
sample noise s ~ A(0, 1) and next action @ to predict
an n — 1 step future state s}, which is obtained by solving
discretized ODE s7t47 = a7 + vy(sT|s’,@',n — 1,7)AT
from 7 = 0 to 7 = 1. Then s? is reused for constructing
conditional optimal transport paths s7 = (1—7)s%+7s! for
flow timestep 7 ~ Unif[0, 1], resulting in the flow-matching
loss LY = ||vg(sT|s,a,n,7) — (sl — s9)|3. If n = 1, we
skip solving the ODE and set s} = s’. We note that EMA
weights 6 are used for generating bootstrapping targets to
stabilize the training.

Behavior mixing. While UHM alleviates error accumula-
tion through direct future prediction, it can still be inaccurate
when queried with unseen state—action pairs. To address this

Algorithm 1 Offline RL with UHM

Input: UHM vector field vy, actor uyg, critic Qg, reward
model Ry, offline dataset D, discount factor -y, actor
noise scale o, actor BC coefficient «, behavior mixing
coefficient 5, EMA decay 7
0«6
for i = 1 to Nypgae do

(s,a,r,8',a") ~D

Schedule A and kpax

/I Sample future states for bootstrapping

n ~ min(Geom(1 — \y), kmax)

a' ~ (1= BN (ug(s), 0*I) + Bo(a’)

9~ N(0,1), st + 0

for j = 1 to Np,y do

sl s+ Nﬁ()wvg(sas’, a',n—1, ?v;i)
end for
ifn =1thens! < s
// UHM loss
7 ~ Unif[0, 1], s7 + (1 — 7)s% + 75!

L « ||vg(sZ|s,a,n, 7) — (s; — s)[|?

ac ~ N (pg(se), 0°I)
/I Actor-critic loss
Compute we, w,, according to (19)
G" < r+ 7(“’5ng(9)(5;7 ae) + wa(;(S(la, ac))
L9 « (Qq(s,a) — G*)?
L™ « allpe(s) — all3 — Qse(e) (5, 16 (3))
/I Reward loss
LT « (Ry(s,a) —r)?
/I Update network parameters
L+ L'+ L9+ LR+ L™
04+ 60—VoL, 0 (1—n)0+n0
end for

issue, we introduce a simple behavior mixing strategy that
uses a dataset action @’ with probability 8 when generating
the bootstrapping target s.. Specifically, we deploy stochas-
tically mixed policy 7™* = (1 — 8)m + 36(a’) to sample
the next actions &’. It limits the total variation divergence
from the behavior policy, analogous to classical RL papers
(Kakade & Langford, 2002; Ross & Bagnell, 2010). We
observe that the optimal choice of [ varies across tasks;
however, to avoid exhaustive hyperparameter tuning, we fix
£ = 0.3 in all main experiments. The detailed analysis on
the effect of 3 is provided in Section 5.2.

Rewards and terminations. For reward modeling, we train
a neural network ry by minimizing the mean-squared error
LE = (Ry(s,a) — r)2. To properly handle terminal states,
we employ an augmented state representation that concate-
nates a terminal indicator with the state, and train UHM to
sample from this augmented space. We further treat terminal
states as absorbing states that only transition to themselves
and yield zero reward. It stabilizes value learning by prevent-
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ing UHM from generating unseen combinations of states
and terminal indicators. For notational simplicity, we do
not introduce a separate symbol for the augmented state in
Algorithm 1; however, explicitly modeling terminations and
preventing value bootstrapping at terminal states are crucial
for performance, as demonstrated in Section 5.2.

Actor-critic learning. We train a critic network Qg to min-
imize the TD learning objective L? = (Q4(s,a) — G¥)?,
where G” is computed according to Equation (15) using
the target network (). For actor learning, we train a deter-
ministic actor network jiy to minimize the TD3+BC (Fu-
jimoto & Gu, 2021) objective L™ = «l|ug(s) — al|3 —
Qsg(0) (5, 11o(s)), where sg(-) denotes the stop-gradient oper-
ator. During training, we apply target smoothing by adding
Gaussian noise with standard deviation o, resulting in a
stochastic policy mg (- | 8) = N (uo(s), o%I).

5. Experiments

We conduct extensive experiments to evaluate the proposed
offline RL algorithm. In Section 5.1, we benchmark our
method against competitive offline RL baselines across a di-
verse set of reward-based tasks in OGBench (Park et al.,
2025a), including tasks that provide highly suboptimal
datasets or require long-horizon reasoning. In Section 5.2,
we conduct a series of analyses to examine how individual
components of the proposed method contribute to overall
performance.

5.1. Experiments on Offline RL Benchmarks

To evaluate the performance of the proposed method,
we first conduct experiments on standard OGBench
tasks that are commonly used in prior work (Park et al.,
2025¢; Li et al., 2025; Chen et al., 2025). We then
study more challenging settings to examine the limits
of our approach, including (1) noisy tasks with highly
suboptimal datasets and (2) long-horizon reasoning
tasks that require substantially more interaction steps to
solve. For readability, we omit the “-singletask” suffix
and shorten task names by using task indices (e.g.,
cube-single-play-singletask-taskl-v0 is
denoted as cube—-single-play—-1).

5.1.1. EXPERIMENTAL SETUP

Baselines. We compare the proposed method with several
baselines. For model-free methods, we use IQL (Kostrikov
et al., 2022) that trains a critic with in-sample maximiza-
tion, ReBRAC (Tarasov et al., 2023) that performs behavior-
regularization for actor and critic updates, and FQL (Park
et al., 2025c) that trains a one-step flow policy regularized
with behavior flow-matching policy. For model-based meth-
ods, we use MOPO (Yu et al., 2020) that penalizes rewards

in predicted states with dynamics uncertainty, MOBILE
(Sun et al., 2023) that replaces dynamics uncertainty in
MOPO with a disagreement in critic targets, and MAC (Park
et al., 2026a) that utilizes action chunking to prevent error
accumulation and apply TD-n with synthetic rollouts.

Additional baselines. We also compare our method with ad-
ditional baselines, which are designed for rigorous ablation
studies. We first tune actor BC coefficient o for ReBRAC
again and denote it ReBRACT. Since it performs the same
policy extraction method as our methods, we can exam-
ine whether our critic learning with UHM is effective by
comparing with it. To assess the advantage of UHM over
single-step dynamics models, we use MBTD(\), which gen-
erates synthetic rollouts using a single-step flow dynamics
model to perform TD()\) analogous to LEQ (Park & Lee,
2025). We also compare against DTD()\), which performs
TD(\) over trajectories sampled directly from the dataset,
to determine whether on-policy value learning is necessary
for performance. Finally, we compare our method with
GHM that trains a critic with v-MVE, to verify whether the
increased flexibility of UHM provides tangible benefits in
the offline RL setting. For fair comparison, all additional
baselines use the same hyperparameters and design choices
as the proposed method. Only actor BC coefficient « is
tuned separately for each method.

Evaluation. For the standard OGBench tasks, we report
the performance of model-free baselines from Park et al.
(2025¢) and model-based baselines from Park et al. (2026a).
We additionally tune the model-based baselines for locomo-
tion tasks following the same experimental protocol, as it
is omitted in the paper. Each experiment is run with five
random seeds, and we report the average success rate along
with the standard deviation. All agents share the same net-
work architectures and are trained for a total of 1M gradient
steps. Performance is evaluated by averaging the results
over the last three evaluation epochs. For both the proposed
method and the additional baselines, the final value of the
trace parameter )y is set to 0.8 and the discount factor is set
to 0.999.

For noisy and long-horizon reasoning tasks, we report re-
sults only for the proposed method and the additional base-
lines, as these methods consistently outperform other ap-
proaches on the standard tasks. For noisy tasks, we follow
the same evaluation protocol as in the standard setting. For
long-horizon tasks, we use three random seeds and train
agents for 2M gradient steps, while increasing A to 0.9
to encourage horizon reduction. The dataset for the long-
horizon reasoning tasks consists of 10M transitions, which
is ten times larger than that used for the standard and noisy
tasks. Please refer to Appendix B for more detailed experi-
mental setup.
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Table 1. Results on 50 standard tasks in OGBench. We omit the standard deviations of average success rates for methods whose results
are taken from prior works (Park et al., 2025c; 2026a). Please refer to Table 7 for the detailed per-task results.

Model-Free Model-Based Ablations Ours
Environments (5 tasks each) IQL ReBRAC FQL MOPO MOBILE MAC ReBRAC! MBTD(\) DTD(\) GHM UHM
antmaze-large-navigate 53+3 81£5 79+3 040 0+0 18+ 4 72 £ 14 71 £11 93+1 90+2 89+1
antmaze-giant-navigate 4+1 268 9+5 0£0 0+0 0+0 30+ 13 27+3 52+11 33+7 3644
humanoidmaze-medium-navigate 33 4+ 2 22+ 8 58+£5 0x0 0+0 24+0 22+ 10 64 + 11 81+2 90+1 9541
humanoidmaze-large-navigate 2+1 2+1 4£2 0£0 0+0 0+0 1£1 16 £3 27+10 16+1 33+£9
antsoccer-arena-navigate 8§+2 0+0 60+2 O0=£0 0+0 29+4 1£1 47+£3 0+0 204 26+4
cube-single-play 83+3 91+£2 96+1 1244 81+8 99 +2 91+2 92 +1 90+2 91+3 92+3
cube-double-play 7+1 12+1 29+2 141 1+£2 53+4 4+£2 4+1 4+1 29+1 30+2
scene-play 28 +1 41+£3 56+2 648 8+4 97 +£4 40+3 31+2 76 £3 4443 43+4
puzzle-3x3-play 9+1 21 1 301 20+0 12£9 20£0 90 +4 93+£2 94+0 51+2 99+1
puzzle-4x4-play 7+1 14+1 172 040 0+0 78 £ 13 1£0 4+0 1+0 13+1 1142
Average 23 31 44 4 10 40 35+2 45£2 52+1 48+1 55+£1

Table 2. Results on 25 noisy tasks in OGBench. Please refer to
Table 8 for the detailed per-task results.

Table 3. Results on 25 long-horizon reasoning tasks in OGBench.
Please refer to Table 9 for the detailed per-task results.

Environments (5 tasks each) ReBRACT MBTD()\) DTD(\) GHM UHM Environments (5 tasks each) ReBRAC'T MBTD(\) DTD(\) GHM UHM
antmaze-medium-explore 74+5 96 +2 816 91+3 89+4 cube-triple-play 441 12+2 1+1 44+5 56+3
antmaze-large-explore 1347 2042 18+9 1442 2645 cube-quadruple-play 0+0 0+0 0+1 12+4 16+6
cube-double-noisy 2+1 2+1 2+2 24+£3 18+1 puzzle-4x5-play T7+2 5+3 4+3 17+1 16+0
scene-noisy 27 +7 2+2 6+3 57+£3 61+3 puzzle-4x6-play 11=+5 1+£1 546 5+3 11+1
puzzle-4x4-noisy 0+0 0+0 0+0 4+ 1 1+0 humanoidmaze-giant-navigate 2+1 5+1 46 +5 4+0 10£2
Average 2342 32+1 23+4 3841 39+1 Average 5+1 5+1 13£3  16+2 22+1

5.1.2. RESULTS

We now report experimental results across the three task
categories. In all tables, the best-performing baseline is
highlighted in bold. We additionally underline results that
achieve at least 95% of the best success rate.

Results on standard tasks. Table 1 reports the mean suc-
cess rates and standard deviations across the standard OG-
Bench tasks. Overall, model-based baselines exhibit weaker
performance than model-free baselines across most tasks. In
particular, MOPO and MOBILE achieve success rates below
10% on nearly all tasks, suggesting that uncertainty-based
reward penalties may significantly hinder value learning
in sparse-reward settings. MAC significantly outperforms
other baselines on several manipulation tasks, but performs
poorly on locomotion tasks. We hypothesize that this limita-
tion arises from rejection sampling over the behavior policy,
which may struggle to handle high-dimensional actions.

Among the additional baselines, methods that leverage
n-step returns for TD learning outperform one-step TD
methods, such as ReBRACT and FQL. This highlights the
importance of horizon reduction in value learning. No-
tably, although MBTD()\) and GHM perform theoretically
sound value learning via model-based value expansion, they
achieve lower performance than DTD(\), which uses dataset
trajectories. In contrast to these approaches, UHM is the
only method that outperforms DTD()\). We attribute this
advantage to directly predicting n-step future states while
capping the maximum future horizon, which makes value
learning more scalable and robust.

Results on noisy tasks. In Table 2, we report the mean
and standard deviations of success rates across 25 noisy
tasks in OGBench. Compared to standard tasks, DTD(\)
struggles to learn effective policies and even exhibits com-
parable average success rates with ReBRACT. It achieves
success rates below 10% on all manipulation environments,
which is substantially lower than its performance on stan-
dard tasks. This observation suggests that relying on trajec-
tories from highly suboptimal datasets can severely hinder
effective value learning. On the other hand, model-based
approaches consistently outperform model-free methods on
noisy tasks. We attribute this improvement to the use of
imagined on-policy trajectories rather than directly relying
on suboptimal transitions from the dataset. Among model-
based approaches, GHM and UHM outperform MBTD()),
with UHM achieving the best overall performance. These
results demonstrate the scalability of the proposed method
to offline RL tasks with highly suboptimal data.

Results on long-horizon reasoning tasks. In Table 3, we
report performance on long-horizon reasoning tasks in OG-
Bench. Both GHM and UHM achieve stronger performance
than DTD()), suggesting that relying on dataset trajectories
for long-horizon returns can lead to increased distributional
mismatch. MBTD()\) performs comparably to ReBRACT,
failing to yield meaningful gains from long-horizon imag-
ination when using single-step dynamics models. Among
the compared methods, UHM achieves the best overall per-
formance, improving the average success rate by approxi-
mately 69% over DTD()\) and 38% over GHM, demonstrat-
ing its scalability to long-horizon reasoning tasks. How-
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Figure 2. Learning curves with and without A scheduling.

antmaze-giant-navigate-2 cube-double-play-1 puzzle-4x4-play-1

1.00
)
2
80.75
#0.50
2o
8
30% /\\‘,_w
n JE e e ]
0.00
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Steps le6 Steps le6 Steps le6
B=0.0 B=03 mm B=1.0

Figure 3. Learning curves for different behavior mixing coeffi-
cients 3.

ever, in humanoidmaze-giant, DTD()) significantly
outperforms model-based methods, suggesting that accurate
model learning remains challenging in large-scale, high-
dimensional domains. This result highlights the need for
future research that combines our approach with techniques
for handling high-dimensional observations and for reduc-
ing the effective decision horizon of the policy.

To summarize, our experimental results reveal three key
findings. First, horizon reduction plays a crucial role in
effective value learning. Second, model-based value expan-
sion without repeated inference scales well to noisy tasks
and long-horizon reasoning tasks. Finally, the proposed
method shows competitive performance across the task cat-
egories we consider, with a 14% higher average success rate
than the second-best method.

5.2. Ablation Studies

In this section, we provide ablation studies to analyze the
contribution of each component of the proposed method. In
all figures, shaded areas denote a standard deviation over
five independent runs.

Ablations on )\ scheduling. Figure 2 compares the
learning curves of the proposed method with and with-
out A scheduling. Empirically, A scheduling consis-
tently improves performance across nearly all tasks. In
antmaze—giant—-navigate-1, the method fails to
learn meaningful policies without scheduling, whereas in-
troducing A scheduling enables better performance. Even in
relatively easier tasks, A scheduling yields consistent perfor-
mance gains and faster convergence. These results suggest
that A scheduling enables efficient value learning.

Hma 1i vigate-1 le-3x3-play-4 cube-single-play-2
1.00
o
=
©0.75
# 050
o
g025
n
0.00
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Steps le6 Steps le6 Steps le6

w/o termination handling B w/ termination handling

Figure 4. Learning curves with and without terminal state handling.
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Figure 5. Learning curves for different horizon winsorization
quantiles q.

Ablations on the behavior mixing coefficient J. Figure
3 illustrates the effect of the behavior mixing coefficient 3.
We observe that the optimal value of 3 varies across tasks.
In antmaze-giant-navigate-2, setting § = 1.0
is crucial for stable learning, whereas smaller values of
B lead to poor performance. In contrast, tasks such as
cube-double-play-1 and puzzle-4x4-play-1
benefit from smaller values of 5. Meanwhile, performance
averaged over all representative tasks from the standard en-
vironments remains relatively robust to the choice of 3, with
success rates of 0.63, 0.66, and 0.59 for 3 = 0.0, 0.3, and
1.0, respectively. Based on these observations, we recom-
mend tuning 3 to achieve optimal task-specific performance,
while we fix 8 = 0.3 in our main experiments for simplicity.

Ablations on terminal state handling. Figure 4 illustrates
the effect of explicitly handling terminal states. Ignoring
terminal states leads to a substantial degradation in perfor-
mance across all evaluated tasks. We can infer that boot-
strapping value estimates from terminal states causes unsta-
ble learning. These results highlight that handling terminal
states is crucial for the performance.

Ablations on the horizon winsorization quantile ¢. Fig-
ure 5 illustrates the effect of the winsorization quantile
g on a subset of long-horizon reasoning tasks. Over-
all, ¢ = 0.1 and ¢ = 0.2 outperform ¢ = 1078, in-
dicating that winsorization is important for performance.
However, the best choice of ¢ can be task-dependent:
cube—-quadruple-play-1 performs well only with
q = 0.2, while puzzle-4x6-play—-1 is much more sta-
ble with ¢ = 0.1. We therefore fix ¢ = 0.2 in the main
experiments for simplicity, although tuning ¢ may further
improve performance.
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Figure 6. Wall-clock time per gradient update across baselines.

Update time comparison. Figure 6 compares the wall-
clock time required for a single gradient update with an
RTX 4090 GPU. While model-free approaches demonstrate
the lowest update time, MBTD(\) exhibits substantially
higher update time, as it relies on repeated inference of a
dynamics model. Notably, GHM and UHM significantly
reduce this overhead by directly predicting future states.
This advantage is more pronounced in long-horizon tasks,
where UHM achieves update times within 10% of DTD(\)
while retaining the benefits of model-based value expansion.

6. Conclusion

In this work, we introduce universal horizon models (UHM),
which generalize geometric horizon models by allowing the
future horizon to be sampled from arbitrary distributions.
We further propose a scalable algorithm for offline model-
based value expansion and demonstrate that our method
outperforms baselines across diverse tasks in OGBench.
Despite these results, our approach has several limitations.
First, the accuracy of UHM is constrained by data scarcity,
which can lead the model to extrapolate beyond the data
support. It suggests the need for additional mechanisms
to guide predictions toward in-distribution states. Second,
the performance of UHM is limited by model capacity, as
accurately modeling longer horizons may require more ex-
pressive network architectures. Addressing these limitations
and extending UHM to handle visual observations with ac-
tion chunks remain interesting directions for future work.
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A. Theoretical Analysis
A.1. Derivation of Equation 5

v-MVE (Janner et al., 2020) is originally proposed to conduct value learning after a H-step GHM rollout:

)nfl

H ~ ~\ H
gl -0 -7 ¥ -7
Q’y-MVE = R(57 a) + Z \n Ese~m2(~\s,a) [R(587 ae)] +y Ese,\,m" (-s,a) [Q(Se, ae)] )
= aenn(-l52) 7 aenr(l5e)
(21

where m” denotes a distribution over states at the nth sequential step of a GHM rollout, and 4 € (0, ~] denotes a discount
factor to train the GHM. For the single-step rollout case, the equation (21) is simplified as follows:

1 Y=
Q~MVE = R(s,a) + VEsawm”(-|s,a) [WR(Seﬂle) + ﬁ (3e7 ae)] . (22)

ae~m(-[se) -

By defining A := 4/, the equation (22) can be rewritten as follows:

- 1=

Q"/-MVE - R(37 CL) + VEsewm”(-\s,a) mR(Sm ae) +

ae~m(-|se)

Q.. ae)] . 23)

Using the definition of GHM m™ (s.|s,a) = (1 — Ay) > pe o (MY)*Pr(sk11 = Se|so = s,a0 = a,7), we can derive that
expectations of 7-MVE target and TD(\) target are equal.

Q+-MVE = Z{R(Sevae) + (1 = N)YQ(8es ae) Y (A7) Pr(s41 = se, ar = aclso = s,a9 = a, ) 24
k=0

=E[ Y () Risr + (1= X7 D (M) Q(sks1, ana1) | s0 = 5,00 = amr] (25)
L k=0 k=0
r 0o k

=E[(1-X)) N AR + v Qsks1, are1)) | s0 = 5,00 = aﬂT] (26)
L k=0  1=0

=E[(1-X2) Y MG | s =5,a0 = a, 77} Q27)
L k=0

=K Gf‘ S():S,a():a77'r:|. (28)

This result indicates that GHM realizes TD(\) with single-step rollouts, avoiding the need for recursive inference inherent to
methods based on single-step dynamics models.

A.2. Proof of Proposition 4.1

Define the Banach space B(S x .A) as the set of all bounded functions @ : S x A — R equipped with the supremum norm
[Qllc := Sup(5 gyesx.a |Q(s,a)|. Let v be a sub-probability measure on N, i.e., v(k) > 0and ;- v(k) < 1. Recall the
v-Bellman operator 7" defined by B

(T"Q)(s,a) := E{R(Sa a) + VZ (€ (k) R(sk, ar) + v(k)Q(sk, ax)) ’ 50 = 8,40 = A, T |. (29)

k>1
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Forany Q, Q" € B(S x A) and any (s,a) € S x A,

(T*Q)(s.0) = (T*Q') (5. )| = 7[E[ 3 (k) (Qs.ax) = Q (su.a1)) [ s0 = 5,00 = a.7] | (30)
k>1
< WIE{ZU(k) |Q(sks ar) — Q' (sk, ax)| ‘ S0 = 8,00 = (l,7T:| €1}
k>1
<1(Dvk) 10 - @l (32)
E>1
<R - Q'loo- (33)

Taking the supremum over (s, a) yields

IT°Q = T"Q'llo0 <Q = Qlloo, (34)

so T is a y-contraction. The Banach fixed point theorem implies that 7" admits a unique fixed point Q* € B(S x A), and
the iteration Q,,+1 = T"Q,, converges in || - || to @* for any initial Qg € B(S x A).

Recall
E[Z’y (sj,a4) ’Sozs,aoza,ﬂ]. 35)
3>0
Substituting Q™ into T gives
(TYQ")(sa) = E[R(s,a) + 7 3" € (k) Rlse ax) + 1 3 v()Q"(s1,0) | 50 = 5,00 = a7 (36)
k>1 i>1
= E[R(s,a) +7 > € () R(sw, ar)
k>1
+’YZV(7;)Z’YjR(S¢+j,CLi+j) ‘ So = S,ap9 = a,w] (37)
i>1 >0

Re-index the double sum by k =i+ j (> 1):

’YZV(i) Zvj (Sitj, Qits) Z (Z ) R(sg,ak)- (38)

i>1 >0 E>1

Therefore, for each k > 1, the coefficient of R(sg, aj) equals

€ (k +’727k w(i) =yt = (39)
Hence,
(T"Q™)(s,a) = E{R(S, a) + kaR(sk, ag) ‘ 50 = s,a9 = a, 77} (40)
E>1
:E{kaR(sk,ak)‘so :s,aoza,ﬂ} 41)
k>0
= Q" (s,0). (42)

Thus Q™ is a fixed point of 7. By uniqueness of the fixed point, Q* = Q. Therefore, 7" converges to Q™ under repeated
application, i.e., Qn+1 = T"Q,, implies Q, — Q™ in || - ||co-
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B. Experimental Details
B.1. Tasks

OGBench. All experiments are conducted on OGBench, a large-scale benchmark originally designed for offline goal-
conditioned reinforcement learning. Following prior work, we use the single-task variants (“-singletask’) of OGBench to
benchmark standard reward-maximizing offline RL methods. Each OGBench environment provides five evaluation goals,
corresponding to different tasks, where transitions in the dataset are relabeled with a semi-sparse reward function for a fixed
goal. The episode terminates when the agent reaches the goal configuration. We refer readers to prior work for a detailed
description of the benchmark and reward construction (Park et al., 2025a;c).

Our main experiments are conducted on three task sets, each designed to evaluate different challenges in offline RL.

Standard tasks. The first task set consists of 10 standard environments (50 tasks in total) commonly used in prior offline
RL studies. This set includes five locomotion environments and five manipulation environments:

¢ Locomotion

— antmaze-large-navigate

— antmaze—-giant-navigate

— humanoidmaze-medium-navigate
— humanoidmaze-large—-navigate
— antsoccer—-arena-navigate

¢ Manipulation

cube-single-play
— cube-double-play

scene-play

puzzle-3x3-play

puzzle-4x4-play

Noisy tasks. The second task set focuses on learning from highly suboptimal datasets, where effective policies must be
recovered despite limited or noisy coverage. This set includes five environments (25 tasks in total) with exploratory or noisy
data distributions:

* antmaze-large—explore
* antmaze—-giant-explore
* cube-double-play-noisy
* puzzle—-4x4-play—-noisy

* scene-play-noisy

Long-horizon reasoning tasks. The third task set consists of long-horizon reasoning tasks, where reaching the target
configuration requires significantly more environment steps compared to the previous task sets. This set includes five
environments (25 tasks in total) as follows:

* cube-triple-play

* cube—quadruple-play
* puzzle-4x5-play

* puzzle-4x6-play

* humanoidmaze—-giant-navigate

We note that cube-octuple-play is excluded since none of the baselines show meaningful results.
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B.2. Baselines and Hyperparameters

In this section, we describe the baselines used in our main experiments along with their hyperparameter settings. Hyperpa-
rameters that are shared across methods and environments are reported in Table 4. For method-specific hyperparameters that
require tuning, we follow the protocol of Park et al. (2025¢) and tune each method on the default task of each environment.
Below, we provide a brief description of each baseline and the method-specific hyperparameters that we tuned. For
model-based baselines, we use the codebase of Park et al. (2026a).

IQL (Kostrikov et al., 2022) trains a critic using expectile regression, which prevents querying out-of-distribution
actions when computing TD targets. The policy is trained via advantage-weighted regression. We use the results
reported in Park et al. (2025¢).

ReBRAC (Tarasov et al., 2023) performs SARSA-style updates while regularizing the training objective with the
mean-squared error between behavior actions and actions sampled from the current policy. We use the results reported
in Park et al. (2025¢).

FQL (Park et al., 2025c¢) trains a one-step push-forward policy regularized by a behavior flow-matching objective, and
updates the critic using SARSA. We use the results reported in Park et al. (2025c¢).

MOPO (Yu et al., 2020) generates synthetic transitions using learned dynamics models and penalizes the rewards
of synthetic states based on model uncertainty. For standard manipulation tasks, we use the results reported in Park
et al. (2026a). For locomotion tasks, we sweep over penalty coefficients w € {0.1,0.5,1.0,2.0,3.0,5.0}, and fix the
rollout length H = 10 and the model batch ratio f = 0.25. Since MOPO consistently yields near-zero success rates on
locomotion tasks, we do not report individual values.

MOBILE (Sun et al., 2023) replaces the dynamics uncertainty penalty in MOPO with uncertainty estimates in the
Bellman backup targets. Hyperparameter tuning follows the same protocol as MOPO. However, similar to MOPO, it
also achieves zero reward on every locomotion environment, so we do not report the environment-specific values.

MAC (Park et al., 2026a) employs a flow-based action-chunking policy and generates long-horizon rollouts by
deploying it over learned dynamics models. For standard manipulation tasks, we use the results reported in Park et al.
(2026a). For locomotion tasks, we follow the default hyperparameter settings provided in the paper.

We now present an explanation of additional baselines and the method-specific hyperparameters. Our implementation of
additional baselines and the proposed method is based on the codebase of Park et al. (2025¢).

ReBRACT is tuned under our experimental setup, using the common hyperparameters reported in Table 4. Compared
to Park et al. (2025c), we use a larger discount factor v = 0.999 for all environments. We only tune the actor BC
coefficient « separately for each environment, and fix the critic BC coefficient to zero as it has a relatively marginal
effect.

MBTD()\) is a model-based approach that generates n-step rollouts using a single-step dynamics model and performs
TD()) on the generated trajectories. For controlled ablation studies, we model the dynamics using flow-matching with
the same number of flow steps as our method. We also apply the same techniques used in our approach, including
A scheduling, terminal state handling, and horizon winsorization. We only select the behavior-cloning coefficient «
separately for each environment.

DTD()) is a model-free method that performs TD(\) on trajectories sampled directly from the dataset. As with
MBTD()), we apply the same techniques as our method, including A scheduling, terminal state handling, and horizon
winsorization. We only select the behavior-cloning coefficient « separately for each environment.

GHM is a model-based method that uses geometric horizon models to predict discounted future states and performs
v-MVE. It is identical to our method except that the horizon n is not provided as an input to the model and horizon
winsorization is not applicable. We only select the behavior-cloning coefficient « separately for each environment.

To ensure a fair comparison, the proposed method and additional baselines share the same design choices, such as A
scheduling, and hyperparameters reported in Table 5. The only hyperparameter we tuned is the actor BC coefficient . It is
selected based on the performance of DTD(\) for each environment from the candidate set {0.003,0.01,0.03,0.1,0.3, 1.0}.
The selected BC coefficients for each environment are reported in Table 6.
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Table 4. Common hyperparameters for offline RL experiment.

Hyperparameter Value

Dataset size IM (default), 10M (long-horizon reasoning tasks)
Learning rate 0.0003

Optimizer Adam (Kingma, 2015)

Gradient steps IM (default), 2M (long-horizon reasoning tasks)

Minibatch size 256

MLP dimensions [512, 512,512, 512]
Nonlinearity GELU (Hendrycks, 2016)
EMA decay 0.005

Table 5. Common hyperparameters of the proposed method and additional baselines.

Hyperparameter Value

Discount factor 0.999

Clipped double Q-learning True (locomotion tasks), False (manipulation tasks)
Flow steps 5

ODE solver Midpoint

Final td-lambda A ¢ 0.8 (default), 0.9 (long-horizon reasoning tasks)
Behavior mixing coefficient 5 0.3

Winsorization quantile ¢ 0.2

Table 6. BC coefficient a used in main experiments.

ReBRAC! MBTD()) DTD(\) GHM UHM

antmaze-large-navigate 0.01 0.01 0.01 0.01 0.01
antmaze-giant-navigate 0.01 0.01 0.01 0.01 0.01
humanoidmaze-medium-navigate 0.01 0.01 0.01 0.01 0.01
humanoidmaze-large-navigate 0.01 0.01 0.01 0.01 0.01
antsoccer-arena-navigate 0.01 0.01 0.01 0.01 0.01
cube-single-play 1.0 1.0 1.0 1.0 1.0

cube-double-play 0.1 0.1 0.1 0.1 0.1

scene-play 0.1 0.1 0.1 0.1 0.1

puzzle-3x3-play 0.3 0.3 0.3 0.3 0.3

puzzle-4x4-play 0.1 0.1 0.1 0.1 0.1

antmaze-medium-explore 0.003 0.01 0.003 0.01 0.01
antmaze-large-explore 0.003 0.01 0.003 0.01 0.01
cube-double-noisy 0.01 0.01 0.01 0.01 0.01
scene-noisy 0.03 0.03 0.03 0.03 0.03
puzzle-4x4-noisy 0.01 0.01 0.01 0.01 0.01
cube-triple-play 0.1 0.1 0.1 0.1 0.1

cube-quadruple-play 0.03 0.03 0.03 0.03 0.03
puzzle-4x5-play 0.01 0.01 0.01 0.01 0.01
puzzle-4x6-play 0.01 0.01 0.01 0.01 0.01
humanoidmaze-giant-navigate 0.01 0.01 0.01 0.01 0.01
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C. Additional Results

In this section, we provide the full experimental results across 100 OGBench tasks. Table 7 reports per-task results on 50
standard tasks, where each result is averaged over five independent seeds and accompanied by the corresponding standard
deviation. Table 8 presents per-task results on 25 noisy tasks, again averaged over five independent seeds with standard
deviations reported. Finally, Table 9 reports per-task results on 25 long-horizon reasoning tasks, where results are averaged
over three independent seeds with standard deviations.

Table 7. Full results on standard tasks in OGBench.

Model-Free Model-Based Ablations Ours

IQL ReBRAC FQL MOPO MOBILE MAC ReBRAC' MBTD(\) DTD(\) GHM UHM

antmaze-large-navigate-task 1 48+9 91+10 80+8 0+0 0+0 17+£12 67441 75 +23 98 +1 96+ 1 95+1
antmaze-large-navigate-task2 4246 88 +4 57+10 0+0 0+0 0+0 75+ 24 68 + 28 86+4 82+4 80£5
antmaze-large-navigate-task3 724+7  51+£18 9343 0+0 0+0 70+ 14 78+39 85+ 14 9 +1 93+3 93+£3
antmaze-large-navigate-task4 51+9 84 +7 80+4 0+0 0+0 0+0 63 £ 35 81+12 90+4 91+£2 865
antmaze-large-navigate-task5 54+£22  90+2 83+4 0+0 0+0 1+1 75+ 38 45437 95+2 90+£1 91 £3
antmaze-giant-navigate-task 1 0£0 27 £22 4+5 0+0 0£0 0+0 7+11 11+14 27+£34 37+14 48+£5
antmaze-giant-navigate-task2 1+1 16 £17 9+7 0+0 0+0 0+0 26 £ 31 40+ 17 94 +3 1+1 5+6
antmaze-giant-navigate-task3 0+0 34 £22 0+1 0+0 0+0 0+0 23 4+27 14+12 359+17 1+2 7+ 14
antmaze-giant-navigate-task4 0+0 5+12 14+£23 0+£0 0+0 0+0 17 +22 242 30£35 58+£27 6027
antmaze-giant-navigate-task5 19+£7 49+£22 16+£28 0+0 0+0 0+0 7942 67+17 49+10 67+9 59+14
humanoidmaze-medium-navigate-task1 32 +7 16 £9 19+ 12 0+0 0£0 0+1 19+£13 34+9 82+17 89+2 95+ 1
humanoidmaze-medium-navigate-task2 41 +9 18 £ 16 94 +3 0+0 0£0 2+1 I5£15 78 £+ 35 95+3 93+1 96 £ 1

humanoidmaze-medium-navigate-task3 25+ 5 3613 74+18 0+0 0£0 5+1 37 £27 9342 98+ 1 93+1 9442
humanoidmaze-medium-navigate-task4 0+1 15+ 16 3+4 0+0 0£0 0+0 11+19 19+23 3122 84+£2 92+4
humanoidmaze-medium-navigate-task5 66 =4 24 £20 97 +£2 0£0 0£0 2+1 26 £22 971 98+0 92+£2 96+1

humanoidmaze-large-navigate-task1 3+1 2+1 7+6 0+0 0£0 0+0 1+1 25+ 15 51+£22 35+9 69£3
humanoidmaze-large-navigate-task2 0+0 0£0 0£0 0+0 0£0 0+0 0+0 0+1 4+5 1+1 3+1

humanoidmaze-large-navigate-task3 7+3 8+4 11+£7 0+0 0+0 0+0 3+4 31£10 55+45 40+2 56417
humanoidmaze-large-navigate-task4 1£0 1£1 2+3 0+0 0£0 0+0 0+0 10£6 8+ 12 2+1 17 £22
humanoidmaze-large-navigate-task5 1£1 2+2 1£3 0+0 0£0 0+0 0+1 12+ 10 19 £25 3+£5 17+ 14
antsoccer-arena-navigate-task 1 14+5 0+0 77+4 0+0 0+0 47+£6 0+0 53+6 0+0 14+ 4 17+6
antsoccer-arena-navigate-task2 17+7 0+1 88+ 3 0+0 0+0 30+ 10 244 66 £5 0+0 40+9 50+£13
antsoccer-arena-navigate-task3 6+4 0£0 61 +£6 0+0 0£0 30£2 0+0 56 +4 0+0 1+1 8§+ 12
antsoccer-arena-navigate-task4 3£2 0£0 39+6 0+0 0£0 25+1 1£1 31£3 1+1 23 +4 25+4
antsoccer-arena-navigate-taskS 2+£2 0£0 36 +£9 0+0 0£0 15+8 0+1 27+ 10 0+0 22+14 28+£7
cube-single-play-task1 88+3 89+5 97+2 12+16 85+22 100£0 93+3 91+2 91+7 87+6 95+6
cube-single-play-task2 85+8 92+ 4 97+2 10£16 80£12 100£0 89 %3 93+3 91+4 93+4 94+6
cube-single-play-task3 91+5 93+3 98+2 15+14 83+17 9843 94 +3 96 +2 90+6 93+4 93+5
cube-single-play-task4 73+6 92+3 94 +3 2+3 72+19  98+3 92+5 92+2 92+5 92+2 88+6
cube-single-play-taskS 78 £9 87 £8 93+3 20+26 87+19 97 +7 89+4 86 £4 87+6 90+5 89 £2
cube-double-play-task1 27+5 45+6 61 +9 2+3 7+8 82+ 15 12+6 12+4 3+2 42+7 44+£10
cube-double-play-task2 1+1 7+£3 36+6 0£0 0£0 50412 6+3 3+1 2+1 34+£7 34411
cube-double-play-task3 0£0 4+1 2245 243 0+0 55+10 2+1 1+1 0+1 25+6 2647
cube-double-play-task4 0£0 1£1 5+2 0£0 0£0 28 £ 8 0£0 0£0 0£0 1£1 1£0

cube-double-play-task5 4+3 4+2 19+10 243 0+0 50+9 1+1 1+1 14+3 41+2  43+9
scene-play-task1 94+3 95+2 1000 30+38 37+£16 100+0 82+38 68 £ 14 97+3 89+5 84 +4
scene-play-task2 12+£3 50+ 13 76 £9 2+3 5+10 100+ 0 65+5 59+4 96 +2 890+4 87%2
scene-play-task3 32+7  55+16 98+1 0+0 0+0 95+10 44+11 26+11 48+12 24+8 23+9
scene-play-task4 0+1 3+3 5+1 0£0 0£0 95+6 9+ 14 1£1 75+ 19 3+3 4£6

scene-play-task5 0£0 0+0 0+0 0+0 0+0 93 +8 0+0 0+0 63+9 15+19 19427
puzzle-3x3-play-task1 33+6 97 +4 90+4 1000 60+£47 100£0 96 + 4 98+ 1 1000 93+£3 99+ 1

puzzle-3x3-play-task2 4£3 1+1 16+5 0+£0 0£0 0£0 89 +38 94 +3 1000 49+2 100+0
puzzle-3x3-play-task3 3+2 3+1 10+3 0+0 0£0 0£0 83+ 10 85+5 9+1 35+7 9+1
puzzle-3x3-play-task4 241 241 165 0£0 0£0 0£0 89+ 6 93+3 1000 35+4 99+£1

puzzle-3x3-play-taskS 3+2 5+3 16+3 0+0 0+0 0£0 92+1 94 +3 9+2 44+7 98+ 1
puzzle-4x4-play-task 1 12+2 26+ 4 34+8 0+0 0+0 98 +3 2+1 9+3 1+1 2444 19+6
puzzle-4x4-play-task2 T+4 12+4 165 0+0 0£0 33+27 1£0 1+£1 1£0 11+1 11+£5
puzzle-4x4-play-task3 9+3 15+3 185 0£0 0£0 100+ 0 1+£0 6+2 1+£0 14+2 13+4
puzzle-4x4-play-task4 5+2 10+3 11+3 0£0 0£0 85+ 14 2+1 3+1 0+1 8§+2 8§+2

puzzle-4x4-play-taskS 4+1 T7+3 T7+3 0+0 0+0 72 £ 40 1+1 1+1 0+1 8+3 T+2

Average 23 31 44 4 10 40 35+2 45+2 52+1 48 £ 1 55+1
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Table 8. Full results on noisy tasks in OGBench.

ReBRACT MBTD()\) DTD(\) GHM UHM
antmaze-medium-explore-task 1 38+ 16 98 £2 55+£25 97+1 95 +6
antmaze-medium-explore-task2 97+£3 99 £+ 1 9 +£1 96 £2 97 £ 1
antmaze-medium-explore-task3 64 + 16 86 + 13 75+11 8412 70£10
antmaze-medium-explore-task4 72 £15 98 £+ 1 716+14 84+6 89+6
antmaze-medium-explore-task5 98 £1 100 £ 0 1001 94+2 95 +6
antmaze-large-explore-task1 3£5 21 +13 11+11 224+9 56=£16
antmaze-large-explore-task2 15£12 0+£0 0+0 0+£0 2+3
antmaze-large-explore-task3 40 £ 33 79+12 57+40 48+£12 68=£10
antmaze-large-explore-task4 5+£5 0+£0 13£12 0+1 0+£0
antmaze-large-explore-task5 11 0+0 8£8 01 6L5
cube-double-noisy-task1 10+3 9+2 107 59+11 5246
cube-double-noisy-task2 1+£1 0£1 1+0 2810 15+£6
cube-double-noisy-task3 0+£0 1+1 0+0 11+£3 7+1
cube-double-noisy-task4 0£+0 0+0 0£0 12+ 4 9+2
cube-double-noisy-task5 1+1 0£0 0£0 10£3 8+5
scene-noisy-task1 93+ 3 91 +2 26+18 98 +1 96 + 2
scene-noisy-task?2 0+£0 22+£5 0£0 63 £8 69 £7
scene-noisy-task3 33 +£32 707 5+4 82+ 6 83+9
scene-noisy-task4 9+8 28£9 0£0 414+9 54+£13
scene-noisy-taskS 0£+0 0+0 0£0 0£+0 2+3
puzzle-4x4-noisy-task1 0£+0 1+1 0£0 18+3 2+1
puzzle-4x4-noisy-task2 0£0 0£0 0£0 0£0 0£0
puzzle-4x4-noisy-task3 0£+0 0+0 0£0 3+£2 1+1
puzzle-4x4-noisy-task4 0+£0 0£0 0+0 0£0 0£0
puzzle-4x4-noisy-task5 0£+0 0+0 0£0 0+0 0+0
Average 23+2 32+1 23+4 38+1 39+1
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Table 9. Full results on long horizon tasks in OGBench.

ReBRAC! MBTD()\) DTD()) GHM UHM
cube-triple-play-task 1 22+ 6 52+£13 3+2 80+14 91+£5
cube-triple-play-task2 0+0 2+3 0+0 62+ 15 94+2
cube-triple-play-task3 0£0 8£6 0£0 61+14 75+6
cube-triple-play-task4 0£0 0£0 1£1 16£7 217
cube-triple-play-task5 0£0 0£0 0£0 0£0 0£0
cube-quadruple-play-task1 0£0 0£0 0£0 254+£9 34+14
cube-quadruple-play-task2 0+£0 0+£0 2+3 28 £21 27420
cube-quadruple-play-task3 0£0 0£0 0£0 4+£3 13£6
cube-quadruple-play-task4 0+£0 0+£0 0+0 2+1 4+4
cube-quadruple-play-task5 0£0 0£0 0£0 0£0 0+0
puzzle-4x5-play-task1 36 £12 23+ 14 68+ 14 83+£6 80+£2
puzzle-4x5-play-task2 0+0 0+0 0+0 0+0 0+0
puzzle-4x5-play-task3 0+£0 0£0 0£0 0£0 0£0
puzzle-4x5-play-task4 0+0 0+0 0+0 0+0 0+0
puzzle-4x5-play-task5 0£0 0£0 0£0 0£0 0£0
puzzle-4x6-play-task1 55+£24 5+3 26£28 2617 557
puzzle-4x6-play-task2 0+0 0+0 0+0 0+0 0+0
puzzle-4x6-play-task3 0+£0 0£0 0+0 0+£0 0£0
puzzle-4x6-play-task4 0+0 0+0 0+0 0+0 0+0
puzzle-4x6-play-taskS 0+£0 0£0 0+0 0£0 0+£0
humanoidmaze-giant-navigate-task1 1+£1 0+0 19+£8 0+0 3+1
humanoidmaze-giant-navigate-task2 6E5 1+1 58 £10 7+1 13£5
humanoidmaze-giant-navigate-task3 0£0 1+1 4+£2 0£0 0£0
humanoidmaze-giant-navigate-task4 1+1 2+1 55+7 1+1 1+1
humanoidmaze-giant-navigate-task5 4+4 21£5 94 £1 11£2 33+2
Average 5+1 5+1 13+£3 162 2241

19



