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Abstract

Contrastive reinforcement learning (CRL) is a popular self-supervised RL algorithm
that learns to reach goals without using any external rewards. However, existing results
on BuilderBench (Ghugare et al., 2025) tasks show that CRL struggles when scaled to
open-ended environments with increasing degrees of freedom. We first propose mod-
ified BuilderBench environments that run entirely on the GPU, speeding up training
by up to 16x. We then perform a large-scale study of CRL failure modes and de-
sign choices on BuilderBench. We find that horizon reduction methods are effective at
improving performance for both PPO and CRL, and that horizon reduction implicitly
regularizes CRL’s contrastive objective. Using these insights, we introduce StableCRL,
a tuned implementation of CRL that incorporates regularization techniques such as in-
trajectory negative sampling. On both short- and long-horizon tasks, StableCRL can
rival or exceed on-policy RL methods such as PPO.
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Figure 1: StableCRL solves long-horizon, open-ended tasks. We plot the success rate for PPO,
CRL, and StableCRL on both short- and long-horizon versions of block-stacking tasks. Short hori-
zon and long horizon refers to PD-5 and the raw action space, respectively. StableCRL is signif-
icantly stronger than CRL and solves long-horizon tasks without explicit horizon reduction tech-
niques.



1 Introduction

Contrastive reinforcement learning (CRL) (Eysenbach et al., 2022) is a promising alternative to
reward-based RL. By reformulating value estimation as a contrastive learning problem, CRL circum-
vents the fundamental problem of dense reward specification. Empirically, CRL has been demon-
strated to exhibit highly desirable properties: it implicitly performs exploration (Liu et al., 2025),
scales well to large, deep network architectures (Wang et al., 2025), and is effective for combinato-
rial reasoning problems (Ziarko et al., 2025). These properties position CRL as a strong candidate
for general-purpose goal-conditioned RL.

However, recent results from the BuilderBench benchmark (Ghugare et al., 2025) suggest that CRL
struggles to scale to environments with increasing degrees of freedom. On simple tasks such as
block stacking, CRL lags significantly behind reward-based methods such as PPO (Schulman et al.,
2017). As the number of cubes in an environment increases, CRL’s performance falls dramatically,
failing to solve any tasks requiring 3 or more cubes. The goal of this work is simple: can we push
CRL to solve difficult, open-ended tasks from BuilderBench?

Improving CRL first requires understanding its limits. Currently, there exists no extensive empir-
ical investigation of failure modes and design choices for CRL on open-ended environments such
as BuilderBench. To perform such a study, we first re-implement simplified BuilderBench environ-
ments with a GPU-accelerated backend, yielding training speedups of up to 16x (Figure 2). Our
new environments enable quicker iteration, longer training schedules, and larger model sizes.

Our resulting analysis of BuilderBench and CRL yields a number of important findings. We identify
the curse of horizon as a major difficulty of BuilderBench, and find that reducing horizon length is an
effective way to increase performance of both PPO and CRL (Figure 3). Applying scaling techniques
from Wang et al. (2025) does not improve performance (Figure 5), suggesting that increasing model
capacity alone cannot solve long-horizon tasks. Instead, we observe that horizon reduction implicitly
regularizes the CRL critic’s contrastive objective by making it more difficult (Figure 4).

We then use these findings to develop StableCRL, a tuned implementation of CRL that combines an
number of existing modifications to CRL. We incorporate in-trajectory negative sampling (Ziarko
et al., 2025) and tune the entropy cost to achieve a similar regularization effect to horizon reduction.
Using just these two changes, StableCRL substantially outperforms the baseline implementation of
CRL and is able to rival on-policy methods such as PPO, even without explicit horizon reduction
techniques (Figure 1). Additionally, StableCRL is more scalable than CRL. On long-horizon 5-
block stacking, scaling StableCRL enables partial success while no other method makes progress
(Figure 8). Our main contributions are the following:

1. We introduce simplified, GPU-accelerated BuilderBench environments to enable efficient exper-
imentation and training.

2. We find that horizon reduction methods improve performance, and observe that horizon reduction
acts as implicit regularization for the CRL critic. Finally, we also demonstrate that increasing
CRL network size alone is insufficient for scaling to longer-horizon tasks.

3. We introduce StableCRL, a regularized implementation of CRL on BuilderBench that achieves
significantly better performance than the original implementation. StableCRL can solve long-
horizon 4-block stacking, while PPO and CRL make no progress.

2 Related Work

RL Benchmarks. Standard benchmarks in RL typically task agents to maximize a single reward
function (Mnih et al., 2013; Brockman et al., 2016; Tunyasuvunakool et al., 2020). Many recent
benchmarks increase the complexity of potential behaviors by enabling compositional and open-
ended interaction (Matthews et al., 2024, Kiittler et al., 2020). In robotics, benchmarks such as (Park
et al., 2025a; Bortkiewicz et al., 2025; Yu et al., 2021) study increasingly diverse behaviors by en-



abling diverse goal-conditioned tasks with large state spaces. Prior work has argued that these
benchmarks are still limited in the diversity of potential behaviors and independent degrees of free-
dom (Ghugare et al., 2025). To tackle this problem, BuilderBench (Ghugare et al., 2025) proposed
a benchmark that tasks agents with building various structures using building blocks. Thus, both
the task horizon and the number of degrees of freedom increase with the number of blocks in the
environment. The initial BuilderBench simulator was not end-to-end hardware-accelerated, limiting
its scalability to longer-horizon tasks with more cubes. Our work builds directly on BuilderBench
by introducing a simplified but end-to-end, hardware-accelerated variation that significantly boosts
scalability (see Fig. 2).

Goal-conditioned RL. Goal-conditioned reinforcement learning (GCRL) studies agents that learn
multi-task policies conditioned on goal states (Kaelbling, 1993). The primary challenge in GCRL is
exploration under sparse rewards. To get dense feedback from all trajectories, Andrychowicz et al.
(2018) uses off-policy trajectories to train on goals that were actually reached. More recently, self-
supervised approaches (Eysenbach et al., 2022; Ghosh et al., 2020; Eysenbach et al., 2023) have
removed an explicit dependence on a reward function by using purely supervised learning losses
like maximum likelihood (Ghosh et al., 2020; Oh et al., 2018) or contrastive learning (Eysenbach
et al., 2022).

The curse of horizon in RL refers to the problem of assigning credit to actions that cause a delayed
reward (Sutton & Barto, 2018). Delayed rewards increase the variance of estimated returns in Monte
Carlo estimation (Hung et al., 2018; Arjona-Medina et al., 2019) and increase the bias in TD learn-
ing (Schulman et al., 2018; Sutton, 1988). Park et al. (2025b) observe that offline reinforcement
learning struggles to scale to long-horizon tasks, even with unlimited data. We similarly find that
horizon reduction methods are effective and improve results on BuilderBench, suggesting that the
curse of horizon remains a major challenge even for online, off-policy learning.

Contrastive Representations for Temporal Reasoning (CRTR). Ziarko et al. (2025) introduce
in-trajectory negative sampling as a technique to regularize CRL when each trajectory has unique
“context” in the state that makes it trivial to classify states from different trajectories. However,
Ziarko et al. primarily study the offline setting where the representations are learned from pre-
existing trajectories. Moreover, CRTR primarily considers discrete state spaces, so the critic is not
conditioned on an action. In contrast, we apply their regularization techniques to online CRL for
continuous manipulation tasks, which requires learning both an actor and a critic.

Scaling contrastive reinforcement learning. Wang et al. (2025) suggests that depth can unlock
new capabilities in self-supervised RL, especially when paired with dense contrastive supervision,
residual architectures, and layer normalization. Our results suggest that scaling network capacity
alone is not enough to overcome the curse of horizon (Figure 5). However, once the learning objec-
tive is regularized, scaling network size enables progress on difficult, long-horizon tasks.

3 A fast and open-ended BuilderBench environment

Performing a large-scale study of failure modes and design choices requires an efficient environment.
However, the existing BuilderBench environments scale poorly as scene complexity increases, with
a 6-block environment running at just 8000 steps per second (SPS), as demonstrated in Figure 2. As
such, we first re-implement the BuilderBench environment backend using MJX (Google DeepMind,
2026) and MJWarp (Google DeepMind and NVIDIA, 2026). The original BuilderBench implemen-
tation uses JAX (Bradbury et al., 2018) to accelerate model training, but performs environment steps
on CPU using native MuJoCo (Todorov et al., 2012). This separation creates communication over-
head between the CPU and GPU on every simulation step. In contrast, our MJX implementation
enables both simulation and model training entirely on GPU, enabling significantly faster training.
On simple environments such as 3-block stacking, we find up to a ~ 16x (265k vs 16.5k SPS)
speedup on PPO training. Even on larger environments such as 8-block stacking, our implemen-
tation is ~ 8.7x (55k vs 6.3k SPS) faster when training CRL. We run all experiments on a single
NVIDIA RTX 3090 GPU.
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Figure 2: Environment Comparisons. Left: Our environment removes the robot arm, leading to
more effective degrees of freedom as the number of blocks increases. Right: We train PPO and CRL
across environments of varying complexity and measure steps-per-second (SPS) during training.
Our simplified, GPU-accelerated environment is significantly faster than the default BuilderBench
environment. CRL runs out of GPU memory on both 9-block environments.
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Figure 3: BuilderBench is a horizon problem. Easy success rate and reward for PPO and CRL
under the PD-1 action space transformation and additional PD-5 horizon reduction described in
Section 4.1. Reducing the effective horizon increases performance for both PPO and CRL.

We also introduce a simplified but more open-ended version of the BuilderBench block stacking task.
Rather than controlling a robot arm, the agent must vertically stack n cubes by directly controlling
the blocks (Figure 2). In this environment, the effective decision space scales with the number of
blocks because the agent can move any block at any timestep. In contrast, the robot gripper in the
original environment imposes a local constraint on the actions of the agent and limits the effective
decision space. Our environment remains difficult even without the robot arm; baseline CRL cannot
solve any stacking tasks with > 3 blocks, while PPO achieves no success on long-horizon versions
of tasks with > 4 blocks (Figure 1).

4 Experiments

To study the effect of horizon length, we modify the action space of the environment. In the de-
fault action space, which we denote Raw Actions, the model directly outputs a raw force vector
(z,y,z,%,w) to move the block, where % is a yaw control and w is a continuous variable that is
discretized to select the block to be controlled.

In our modified action space, which we denote as PD-n, the model outputs a target block pose
(z,y,2,1,w), where w is similarly used for block selection. A proportional-derivative controller
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Figure 4: Horizon reduction implicitly regularizes CRL. In the long-horizon setting (raw actions),
the contrastive problem is trivial to solve without action knowledge, as evidenced by a high shortcut
accuracy and distance ratio. Re-parameterizing the action space (PD-1) and reducing the horizon
(PD-5) lead to increased reward (Figure 3) but decreased critic accuracy. Horizon reduction therefore
has a regularizing effect on the critic.

outputs low-level actions towards the target for n environment steps. Increasing n can be seen as a
form of policy horizon reduction through a hierarchical policy, as described in Park et al. (2025b).

In order to obtain nonzero success rates, we perform all experiments using PD-5, unless otherwise
specified. Similar to Ghugare et al. (2025), we compute a dense reward metric using a distance
computed via Hungarian matching. PPO is provided this reward during training, while CRL receives
only the goal state. A rollout is considered successful if all cubes are within 0.02 m of their goal
state. We also consider an “easy” success criterion with a larger threshold of 0.05 m to obtain a
more informative signal in difficult environments. We train all models for 2 x 10® steps. During
each evaluation, we report the mean dense episode reward, the success rate, and the easy success
rate over 128 evaluation episodes. For each experimental setting, we plot the mean and +1 std over
three seeds, unless otherwise specified.

4.1 Characterizing Failure Modes on BuilderBench

BuilderBench is a horizon problem. We hypothesize that a major difficulty of BuilderBench is
the long effective horizon of its tasks. We evaluate the following three settings: raw actions (long
horizon), PD-1, and PD-5, and compare their easy success rate and mean return (Figure 3). Switch-
ing from raw actions to the PD-1 action space improves attained reward for both PPO and CRL, sug-
gesting that simply reformatting the action space is helpful. Similarly, reducing the effective horizon
by changing the controller from PD-1 to PD-5 results in a significant increase in success rate for both
PPO and CRL. Our results suggest that horizon length is a major difficulty for BuilderBench. While
existing work has proposed novel learning algorithms structured around horizon reduction (Sutton
et al., 1999; Park et al., 2025b), we demonstrate that CRL can be modified to handle long-horizon
tasks without explicit horizon reduction in Section 4.3.

Scaling alone is ineffective. Why does CRL fail on long horizons? One hypothesis is that the
default CRL implementation in BuilderBench simply has insufficient capacity. For instance, Wang
et al. (2025) finds significant performance boosts by increasing the depth of networks; in contrast,
the default CRL implementation uses actor and critic networks with depth 4. We re-implement the
recurrent block structure described in Wang et al. and train networks of varying size on a 4-block
stacking task using a PD-5 controller (Figure 5). However, we find limited benefits from scaling.
We first experiment with trading off width for depth, while maintaining an equal parameter count.
Increasing the depth to 16 and decreasing the width to 256 slightly decreases the achieved reward.
We also try increasing the depth to 32 while maintaining a width of 1024, which similarly does not
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Figure 5: Naive scaling of CRL fails. We at- Figure 6: Repetition factor ablation. Easy suc-
tempt to scale up the depth of CRL networks. We cess rate on 4-cube PD-5 stacking for repetition
try both trading off width for depth and scaling factors r € {1,2,6, 12,48}, with PPO (dashed)
up depth while maintaining width. Neither im- for reference. Performance improvements satu-
proves the resulting performance of the policy.  rate at a repetition factor of 12.

improve reward. These negative results suggest that low network capacity alone is an insufficient
explanation for CRL’s poor performance on BuilderBench.

Horizon reduction as regularization. Our negative results on scaling suggest that increasing hori-
zon length may impact the optimization objective. To examine this hypothesis, we examine several
metrics during training, such as distance ratio, critic accuracy, and shortcut accuracy. The distance
ratio is the mean negative example distance divided by the mean positive example distance, so larger
values indicate that positives are geometrically closer than negatives. Critic accuracy measures the
percentage of rows where the critic correctly predicts the positive goal as the most likely state. Fi-
nally, shortcut accuracy measures the percent of rows where a trivial Euclidean distance baseline
correctly predicts the positive goal as the most likely state.

Both re-parameterizing the action space and horizon reduction improve performance by implicitly
regularizing the CRL critic. In the long-horizon setting, the critic overfits to a trivial classifica-
tion problem, as indicated by an extremely large distance ratio and nearly 100% shortcut accuracy
(Figure 4). One possible explanation is that longer horizons cause the state space to change rela-
tively slowly, which means many positive goal samples will be highly similar to the initial anchor
state. Re-parameterizing the action space reduces the final distance ratio from ~ 150 to ~ 9, and
decreasing the effective horizon reduces it to ~ 2. We observe a similar decrease in shortcut accu-
racy. By making the contrastive problem more difficult, the critic is forced to learn a more useful
representation for control beyond a simple distance metric.

If action parameterization and horizon reduction improve performance by regularizing the con-
trastive objective, one promising direction is to examine preexisting regularization techniques for
CRL, which we explore in Section 4.2. Notably, the observed overfitting behavior closely resembles
the problem of per-trajectory context that CRTR (Ziarko et al., 2025) is designed to solve. Although
we have no fixed context between trajectories, slowly evolving states in the long-horizon setting
might constitute “implicit” context, similar to the Rubik’s Cube environment studied in CRTR.

4.2 Stabilizing Contrastive RL

In-trajectory negatives are effective. We apply the in-trajectory negative sampling technique de-
scribed in Ziarko et al. (2025). For a given repetition factor r, we sample r state-goal pairs from each
trajectory. We sweep across r € {1, 2,6, 12,48} on 4-cube stacking with PD-5 controls (Figure 6).
At low repetition factors (r = 1, 2), training remains unstable and the model obtains a final success
rate of under 20%. Starting at » = 6, performance improves substantially and increasing r to 12
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Figure 7: StableCRL ablations. We examine the importance of each change in StableCRL on
PD-5 4-block stacking. Alone, increasing the repetition factor is the most important change, and
combining it with a lower entropy penalty is especially effective.

further improves performance. We observe diminishing returns for » > 12, with little improvement
between r = 12 and » = 48. As such, we adopt r = 12 as our default setting.

Reducing entropy cost. In CRL, the actor loss contains an entropy bonus «; log mg(a; | si, gi),
where o is a hyperparameter controlling the strength of the bonus. Empirically, we observe that
BuilderBench’s default CRL entropy bonus of 0.1 on the actor keeps the actor’s sampled negative
log probability high throughout training. We hypothesize that having more random actions harms
training because it results in slower state changes. We also note that Eysenbach et al. (2022) and
Wang et al. (2025) set the entropy coefficient to zero for state-based environments. Motivated by
this precedent, we set the entropy coefficient to 0.01. Figure 7 shows that while decreasing the
entropy weight alone is not particularly effective , combining it with in-trajectory negative sampling
results in high performance.

4.3 StableCRL enables novel problem solving

StableCRL is competitive with PPO on short- and long-horizon tasks. We denote the combina-
tion of in-trajectory negatives and reduced entropy coefficient as StableCRL. StableCRL achieves
much higher success rates than PPO on 3-block stacking, higher success on 4-block stacking, and
comparable success on the 5-block stacking tasks in the short-horizon setting. The default CRL
algorithm, by contrast, has success rates near zero for the short-horizon 4- and 5-block tasks (see
Figure 1). These results demonstrate that simply regularizing the contrastive objective can yield
strong performance on BuilderBench, even without any explicit horizon reduction methods.

StableCRL is scalable to difficult tasks. Unlike base CRL, which failed to benefit from scal-
ing (Section 4.1), StableCRL scales more effectively when using techniques from Wang et al.
(2025). We scale the actor and critic depth to 32 layers with a width of 1024 and denote this setting
StableCRL-Scaled. Scaling improves performance on some of the most difficult tasks. In Figure 8,
StableCRL-Scaled is the only variant to make non-zero progress on the long-horizon 5-block en-
vironment with raw actions, and significantly outperforms base StableCRL on the horizon-reduced
PD-5 6-block task. However, scaling network size also leads to instabilities during training, re-
sulting in higher variance and worse average performance than StableCRL on both 4-block stacking
tasks and the 5-block short-horizon task. These results support the findings of Wang et al. (2025) that
scaling depth and network capacity unlock new capabilities, but suggest that tackling longer-horizon
tasks still requires careful regularization of the underlying CRL objective.
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Figure 8: Scaling StableCRL. Scaling the critic and actor depth from 4 to 32 layers (StableCRL-
Scaled) improves performance on the more difficult long-horizon tasks. However, these gains come
at the cost of increased training instability, yielding lower average performance on certain easier
tasks. Short horizon and long horizon refer to PD-5 and raw action space, respectively. StableCRL-
Scaled runs are averaged over 10 seeds, due to higher observed variance.

4.4 Future Work and Limitations

Improving network scaling for StableCRL. While we have shown that scaling the actor and critic
network depth in StableCRL yields positive success rates for more complex tasks, such as the PD-
controller 5-block and 6-block tasks presented in Figure 8, we observe high variance in performance
across seeds. Future work could investigate methods for reducing training instability for these scaled
networks.

Algorithmic improvements for CRL. In-trajectory negative sampling and entropy tuning are sim-
ple, hand-crafted methods for increasing the difficulty of the CRL objective. One avenue for future
work is developing algorithmic modifications to automatically adjust the difficulty of the objective.

Understanding failure modes for 6 or more blocks. Although StableCRL and its scaled variant
perform significantly better on vertical stacking tasks involving 3—6 blocks than baseline CRL, these
methods still struggle on the longer-horizon tasks. A promising direction for future work is to
understand why this remains a hard limit for StableCRL.

Expanding to other tasks. BuilderBench supports a wide range of structures beyond vertical stacks.
Future research can examine whether our regularization recipe can generalize to other structures,
which may exhibit new failure modes.
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