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ABSTRACT

Contrastive Reinforcement Learning (CRL) learns representations that estimate
goal reachability, yet its policy remains conditioned on raw goals and therefore
does not directly exploit the geometry encoded by its critic. We introduce Direction-
Conditioned Policies (DCP), a method built around a small modification to CRL:
DCP selects previously visited states as waypoints during online training and
conditions the policy on their direction and distance in representation space. At
deployment, DCP applies the same interface directly to the final goal, requiring
neither waypoint selection nor planning. Across nine navigation and manipulation
tasks, DCP attains higher final success rates than CRL on seven tasks and spends
more time near the goal on seven. Controlled maze experiments further show
that DCP captures shortest-path geometry more accurately and that the supplied
direction causally influences the actor’s behavior. We identify waypoint coverage
and ranking as limits to exploration, and show that learned candidate generation
improves goal reaching in two controlled mazes.

1 INTRODUCTION

When learning to achieve goals through online interaction, an agent has to discover useful behavior
before it has much successful experience to draw on. Contrastive reinforcement learning (CRL;
Eysenbach et al., 2022) makes use of the states the agent reaches along the way. Its critic learns to
distinguish achieved future goals from other goals, and the policy learns to choose actions that receive
a higher critic score. This gives the agent a learning signal even when reaching the requested goal is
rare. Recent work has made this approach increasingly effective through stabilization techniques,
accelerated simulation, deeper networks, and action-sequence conditioning (Zheng et al., 2023;
Bortkiewicz et al., 2025; Wang et al., 2025; Korniak et al., 2026).

However, the policy still receives the goal in raw coordinates. Consider a goal on the opposite side
of a maze wall: the coordinate difference points through the wall, even though reaching the goal
requires moving away from it first. The critic’s representation is learned from trajectories and can
capture this route structure. This raises a simple question: can we use that representation to express
the goal to the policy? Doing so would give the policy direct access to a geometric relation that the
critic already learns. The difficulty is that the representation itself is being learned online. Early in
training, a distant goal may lie outside the agent’s experience, making its learned direction unreliable.
We therefore consider two parts of the problem together: how to express a target to the policy, and
which targets to pursue while collecting experience. Previously visited states are natural candidate
waypoints (Eysenbach et al., 2019; Ecoffet et al., 2021). Scoring these candidates against the final
goal yields intermediate targets whose representations have been trained on collected experience.

We propose Direction-Conditioned Policies (DCP), a method built around a small change to the CRL
actor. We encode the current achieved goal and the target using the critic’s goal encoder, then supply
the normalized displacement and its magnitude to the actor, along with the full physical state. During
collection, the target is a scored visited waypoint. During hindsight updates, it is a future achieved
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Figure 1: Schematic of the policy inputs. CRL uses the raw goal, SSGC uses a selected waypoint, and
DCP uses the waypoint’s direction and distance in representation space. At deployment, DCP replaces
the waypoint with the final goal. Here ψ(s) abbreviates the encoding of the state’s achieved-goal
coordinates.

state. At deployment, it is the requested final goal. In this way, the same policy input supports all
three stages, and the waypoint pool and scorer can be removed at deployment. Figure 1 illustrates
these inputs.

Direction-conditioned policies and embedding differences have been used in skill learning and offline
goal reaching (Park et al., 2024b;a; Devin et al., 2019). We investigate their use within online CRL,
where the policy and representation develop together through the agent’s own experience. Our
contributions are:

• An online CRL method that uses the critic’s goal representation to condition the actor on
direction and distance, with deployment requiring only the actor and goal encoder.

• A five-seed comparison across nine tasks, with higher final mean success and time near goal
than CRL on seven tasks each.

• Controlled experiments that test route geometry, the actor’s use of direction, and waypoint
selection, including improvements from learned generation in restrictive mazes.

These results also reveal a remaining difficulty: improving selected waypoints alone is insufficient to
address a more disconnected, dynamic loco-manipulation task like AntSoccer.

Section 2 discusses related work, Section 3 describes DCP, Section 4 presents the experiments, and
Section 5 concludes. The appendices provide implementation details and additional analyses.

2 RELATED WORK

Contrastive representations for control. CRL derives a goal-reaching objective from contrastive
prediction of future states (Eysenbach et al., 2022). JaxGCRL makes large online comparisons
practical through accelerated simulation (Bortkiewicz et al., 2025). Depth scaling (Wang et al., 2025)
and action-sequence conditioning (Korniak et al., 2026) demonstrate that changes to architecture or
critic inputs can substantially alter the capabilities learned with this objective. Single-goal CRL also
demonstrates directed exploration before the first successful trial, without intermediate subgoals (Liu
et al., 2025). We ask how much of the learned representation can be reused by the policy itself. DCP
supplies relative goal-encoder features to the actor while retaining the baseline network depth and
single-action policy.

Direction-conditioned skills and goal representations. HILP learns Hilbert representations and
directional policies from offline data (Park et al., 2024a); METRA learns metric-aware representa-
tions and skills through online unsupervised exploration (Park et al., 2024b). Plan arithmetic uses
compositional differences and sums in learned plan representations (Devin et al., 2019). Dual Goal
Representations encode goals through temporal distances from other states and improve offline goal
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reaching (Park et al., 2026). Relative targets also appear in FeUdal Networks, whose worker follows
latent directions from a manager (Vezhnevets et al., 2017), HIRO’s state-offset subgoals (Nachum
et al., 2018), LSD’s latent skill directions (Park et al., 2022), and HIQL’s latent subgoal actions
(Park et al., 2023); learned temporal distances (Hartikainen et al., 2020; Myers et al., 2024) and
quasimetrics (Wang et al., 2023; Liu et al., 2023; Myers et al., 2025b) supply the underlying geometry.
We bring learned goal relations to an online contrastive actor–critic, retaining its actor objective and
learning the representation from the experience the direction-conditioned policy collects.

Interpolation and waypoint substitution. Contrastive representations can support inference over
intermediate states under specific modeling assumptions (Eysenbach et al., 2024). Planning invariance
examines when an on-path waypoint and a final goal induce the same action (Myers et al., 2025a).
It arises for DCP, which trains on achieved targets but executes toward the final goal, and for flat
policies bootstrapped from subgoal-conditioned ones (Zhou & Kao, 2025). We test whether on-path
substitution preserves the action and how reliably the scorer selects such waypoints.

3 METHODOLOGY

3.1 CONTRASTIVE GOAL-CONDITIONED LEARNING

Let s ∈ S denote the full state, a ∈ A an action, and g ∈ G a goal. A known projection q : S → G
extracts the achieved-goal coordinates, such as the robot’s position in navigation or the object’s
position in manipulation. Success occurs when q(s) lies within the task’s goal region. CRL learns a
state–action encoder ϕθ(s, a) and a goal encoder ψθ(g), both mapping to Rk. We use the JaxGCRL
implementation (Bortkiewicz et al., 2025) with negative Euclidean-distance energy,

fθ(s, a, g) = −∥ϕθ(s, a)− ψθ(g)∥2 . (1)

For a minibatch of state–action pairs and their sampled future achieved goals, write ℓij =
fθ(si, ai, g

+
j ). Backward InfoNCE distinguishes the matching state–action pair for each goal:

LNCE(θ) = −
1

B

B∑
i=1

log
exp(ℓii)∑B
j=1 exp(ℓji)

. (2)

We retain the baseline’s log-sum-exp regularization, replay sampling, and entropy-regularized actor
objective. Appendix A gives implementation details.

3.2 A RELATIVE GOAL INPUT FOR THE ACTOR

We want the actor to receive the target relative to the current state in the space learned by the critic.
We use the same goal encoder for both positions. For a target y ∈ G, define

vθ(s, y) = ψθ(y)− ψθ(q(s)), rθ(s, y) = ∥vθ(s, y)∥2 , dθ(s, y) =
vθ(s, y)

rθ(s, y) + ϵ
, (3)

where ϵ = 10−8 prevents division by zero. DCP replaces the raw-goal actor input with
[s, dθ(s, y), rθ(s, y)]. The direction specifies where the target lies in the learned space, and the
radius gives its distance. We retain the full physical state because the action also depends on velocities
and body configuration. For example, moving an object toward the same goal requires a different
approach depending on which side of the object the robot occupies.

For nonzero displacement, direction and radius jointly recover the displacement up to numerical
stabilization. A waypoint and the final goal can share a direction while differing in distance; the actor
receives both quantities.

3.3 COLLECTION, LEARNING, AND DEPLOYMENT

Collecting experience with visited targets. To provide collection targets as the representation
develops, we maintain a pool P of P = 512 states drawn from recently collected trajectories. Every
25 environment steps, it samples N = 32 candidate indices uniformly with replacement and selects

z∗ ∈ arg max
z∈C⊆P

ψθ(q(z))
⊤ψθ(g). (4)
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Table 1: Targets used for collection, actor updates, and deployment. Each stage constructs the same
direction-and-distance input from its target.

Stage Target y Policy input

Online collection Scored visited waypoint q(z∗) [s, dθ(s, y), rθ(s, y)]
Actor update Achieved future state q(st+∆) [s, dθ(s, y), rθ(s, y)]
Deployment Requested final goal g [s, dθ(s, g), rθ(s, g)]

The target y = q(z∗) is held until the next refresh, while its direction relative to the current state is
recomputed at each action. The inner product ranks candidates using their embedding alignment
and magnitude relative to the final goal. This is a simple way to reuse the learned representation for
selection. The candidates come from visited states; whether the policy can reach a selected state from
its current position is examined in our experiments.

Learning from achieved future states. For learning, each replayed trajectory supplies examples
of goals that were actually achieved. We sample a future state and use y = q(st+∆) as the actor’s
target. With cθ(s, y) = [dθ(s, y), rθ(s, y)], the actor minimizes

Lπ(η) = E [α log πη(a | s, cθ(s, y))− fθ(s, a, y)] , a ∼ πη(· | s, cθ(s, y)). (5)

The actor loss updates η with the encoder parameters held fixed. The encoders learn through the
contrastive objective. As the policy changes the trajectories it collects, it also changes the data from
which the representation learns. The entropy coefficient is learned as in the baseline (Haarnoja et al.,
2018).

Direct execution at deployment. At evaluation, we encode the requested final goal and use it
directly as y in Equation 3. The actor then executes toward this goal at every step. This removes the
pool and scorer, leaving the goal encoder and actor. Table 1 summarizes the three stages. Section 4.5
measures how waypoint-to-goal substitution affects the actor’s output.

4 EXPERIMENTS

4.1 DOES DCP IMPROVE ONLINE GOAL REACHING?

Figure 2 shows all nine tasks. The Ant and Humanoid navigation tasks require moving the robot to a
target position around walls. AntPush additionally requires moving an obstructing block to reach the
target position. AntSoccer requires moving a ball to the target. The three Pusher tasks require a robot
arm to move a cylinder and differ in target placement. Appendix B gives their goal distributions,
success conditions, and training budgets.

We evaluate DCP, CRL, and an ablation over CRL, which we term Self-Subgoal Conditioning (SSGC),
on nine Brax-based navigation and manipulation tasks (Freeman et al., 2021; Bortkiewicz et al.,
2025). SSGC uses the same waypoint selection as DCP and supplies raw waypoint coordinates to the
actor. All methods share task-specific interaction budgets, critic objectives, and principal optimization
settings. DCP’s larger input increases actor parameters by 11–21%, entirely in the first layer. Hidden
widths, depths, action heads, and critic parameter counts are unchanged; the total actor–critic increase
is 4.15–6.40% (Appendix A.3).

Each method is trained with five seeds. Episodes last 1,000 steps. AntPush, PusherHard, and
Humanoid U-Maze use 100M training steps; the other tasks use 50M. We report success rate, the
percentage of evaluation episodes entering the goal region at least once, and time near goal, the mean
number of steps spent inside it. We use both because a policy can reach the goal and then move away
from it. Final values refer to the last checkpoint. Figure 3 gives the learning curves; Appendix B
specifies task settings and Appendix G reports intermediate checkpoints.

DCP improves final mean success and time near goal over CRL on seven tasks each (Table 2). The
largest absolute success improvements occur on PusherEasy (+51.0 percentage points), PusherHard
Far (+34.9), and PusherHard (+18.9). DCP also improves success on all four navigation tasks,
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Navigate connected corridors

AntMaze Big

Navigate longer, narrow routes

AntMaze Hardest

Move around a central wall

Ant U-Maze

Walk around a central wall

Humanoid U-Maze

Move a block to reach a position

AntPush

Push the ball to the target

AntSoccer

Push the cylinder to the target

PusherEasy

Broader target distribution

PusherHard

Targets farther from the arm

PusherHard Far

Figure 2: The nine benchmark tasks, rendered from their simulation models. The three Pusher tasks
share the same arm and cylinder; their target distributions differ. Eight tasks follow JaxGCRL, while
PusherHard Far changes PusherHard’s target distribution.

Table 2: Final evaluation across nine tasks, five seeds per method. Entries are means with reported
95% confidence-interval half-widths. Bold marks the largest mean in each task and metric. Time
near goal is measured in steps out of 1,000.

Success rate (%) Time near goal

Task CRL SSGC DCP CRL SSGC DCP

AntMaze Big 18.3±6.5 23.3±3.0 29.9±2.9 89.2±28.0 99.8±9.0 115.3±14.6
AntMaze Hardest 12.2±5.6 14.2±8.0 16.1±2.3 48.1±23.7 66.0±41.4 63.2±13.3
Ant U-Maze 40.8±10.2 49.8±4.2 55.0±13.3 261.3±77.2 252.7±52.1 238.1±76.2
Humanoid U-Maze 0.0±0.0 0.0±0.0 8.4±9.6 0.0±0.0 0.0±0.0 3.6±4.5
AntPush 45.6±24.1 51.4±15.5 42.7±12.6 143.4±105.6 199.1±93.3 181.7±95.6
PusherEasy 4.4±4.1 34.1±38.5 55.4±9.6 26.2±8.4 180.7±183.4 297.8±90.9
PusherHard 28.8±32.4 27.8±30.7 47.7±5.8 125.7±136.7 170.5±186.0 280.9±28.5
PusherHard Far 12.5±24.0 9.0±15.1 47.4±5.7 48.4±80.4 49.0±82.3 260.7±66.8
AntSoccer 22.6±3.4 14.1±3.6 12.9±4.3 76.4±7.7 48.2±31.9 42.4±22.1

although Humanoid U-Maze remains difficult and variable across seeds. Compared with SSGC, DCP
has higher final mean success on seven tasks.

Looking at both metrics makes the task-level differences clearer. On Ant U-Maze, DCP reaches the
goal in more episodes but spends fewer steps there than CRL. On AntPush, its final success is lower
while its time near goal is higher; SSGC has the largest final means on both metrics. AntSoccer is a
failure case for DCP relative to CRL on both measures.

4.2 WHAT DO SCORING AND DIRECTION CONDITIONING CONTRIBUTE?

DCP changes both the collection target and the actor input. To understand their individual effects, we
compare all four combinations: CRL, direct-goal direction conditioning, SSGC, and DCP. The actor
receives either raw coordinates or direction and distance, and collection uses either the final goal or a
scored waypoint. We run each combination with five seeds. All variants train for 10M steps in an
open room and a U-maze. Within each actor family, scoring comparisons match architecture and
random-number handling; direct-goal DCP retains the scoring computation but ignores its selected
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Figure 3: Online learning across all nine tasks. Each task shows time near goal (upper panel) and
success at least once (lower panel). Lines are means over five seeds; shading denotes 95% Student-t
confidence intervals. Budgets are matched across methods within each task. The comparison includes
AntSoccer, where CRL outperforms DCP, and Ant U-Maze, where the final two metrics favor different
methods.

Table 3: Separating collection targets from actor inputs. Mean success over 20 evaluation checkpoints,
averaged over five seeds; ± denotes a 95% Student-t confidence-interval half-width across seeds.
Higher is better.

Method Collection target Open room U-maze

CRL Final goal 0.956± 0.037 0.846± 0.153
Direct direction conditioning Final goal 0.974± 0.010 0.885± 0.059
SSGC Scored waypoint 0.866± 0.036 0.851± 0.040
DCP Scored waypoint 0.869± 0.033 0.854± 0.066

target. Table 3 reports mean evaluation success over the training run, summarizing learning over the
full training budget.

Direction conditioning without waypoint selection has the largest mean in both settings. Scoring
reduces open-room performance in every seed for both actor inputs; adding scoring to the direction-
conditioned policy changes mean success by −0.105, with paired 95% interval [−0.141,−0.068].
In the U-maze, the corresponding difference is −0.032 with interval [−0.125, 0.061]. Here, adding
waypoint selection can slow learning. Actor parameters increase from 68,612 to 84,740 (23.5%); the
benchmark actors have larger state inputs and action heads, making the same added input weights a
smaller fraction of their parameters. We next examine the learned geometry and the actor’s use of
direction.
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Figure 4: Distance to the starred goal in the controlled U-maze: graph shortest-path distance (left),
and learned representation distances for CRL and DCP after 10M steps (middle, right; seed 42). Each
panel is scaled by its own 98th-percentile distance. The color scale shows relative distance within
each panel.

Table 4: Representation geometry after 10M online steps. Means ± sample standard deviations over
five independently trained encoders. Distances are computed from the goal encoder; local descent
follows the negative spatial gradient of the learned distance.

U-maze measure CRL DCP

Spearman correlation with graph distance 0.471± 0.031 0.756± 0.041
Spearman correlation with Euclidean distance 0.456± 0.033 0.690± 0.034
Graph-correct local descent (%) 64.7± 10.1 70.9± 4.5

4.3 DOES THE REPRESENTATION CAPTURE OBSTACLE-RESPECTING ROUTES?

Our motivation relies on the representation learning something useful about the routes an agent can
take. We examine this directly in a planar point-mass environment where we can compute shortest
paths around the walls. States include position and velocity, and actions are continuous forces.
Appendix C describes all controlled environments and shows their layouts. A weighted occupancy
graph gives exact shortest paths on a fixed spatial discretization, with diagonal edges allowed only
when collision-free. We evaluate 100,128 directed state pairs and separately inspect 2,336 pairs
where straight-to-goal motion conflicts with a graph-optimal first move. The graph provides a spatial
reference for evaluating the learned representations.

In a five-seed representation study, DCP’s goal-embedding distances correlate more strongly with
U-maze graph distances than CRL’s (Table 4). Figure 4 compares the learned fields with graph
distance for one seed; Appendix F shows the individual-seed results and AntMaze examples. On the
pairs where moving directly toward the goal conflicts with the shortest route, the negative spatial
gradient of the learned distance points toward a graph-optimal first move on 70.9% of pairs for DCP
and 64.7% for CRL, averaged across seeds. DCP’s open-room graph and Euclidean correlations differ
by less than 0.001 in mean, while its U-maze graph correlation exceeds its Euclidean correlation
by 0.065. These measurements show that the representation captures the obstacle’s effect on route
length. Each method learns its representation from its own trajectories. We also find that better
distance ordering alone is insufficient to explain control performance: mean U-maze success over
training is similar for DCP and CRL (0.847 and 0.846), and CRL performs better in the open room.
We therefore next examine the actor’s response to the learned direction.

4.4 DOES THE ACTOR USE THE SUPPLIED DIRECTION?

If the actor uses the supplied direction to choose its actions, changing that direction should change
how it reaches the goal. We test this with a fixed trained policy, keeping the encoder, distance input,
initial conditions, and evaluation procedure unchanged. We first use a differential-drive U-maze with
persistent velocity, forward thrust, and yaw torque; the robot cannot command arbitrary lateral force.
Across three policies, 42 directed start–goal pairs, and four initial headings, the learned direction
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Figure 5: Changing only the direction supplied to a trained actor reduces success in navigation and
puck pushing (left, middle). In matched puck-pushing cases, DCP also makes more useful contacts
and goal progress than CRL (right). Bars show means and dots show the three training seeds. The
puck task uses 128 quartets per seed, varying the robot’s side of approach while holding puck and
goal fixed within each quartet.

yields 45.8% success. A reversed direction reduces success to 0.2%, and wrong-goal, orthogonal,
or zero directions also substantially reduce success (Figure 5). These interventions show that the
learned policies use the supplied direction to reach the goal.

Manipulation adds another difficulty: the robot has to make the right contact before it can move the
object toward the goal. We test this in a puck-pushing task, where the goal encoder receives puck
coordinates and the actor receives the full robot and puck state. DCP succeeds on 35.9% of matched
cases versus 27.9% for CRL, and makes contact from the correct side on 55.1% versus 43.7%.
Reversing its direction reduces success to 2.9%, even though contact remains frequent. Direction
therefore helps the actor turn contact into goal-directed object motion. The full-state input supplies
the robot–puck configuration needed to choose an approach.

4.5 WHEN DOES A WAYPOINT PRESERVE THE FINAL-GOAL ACTION?

The policy learns from achieved targets during training and receives the final goal at deployment.
For this change to work, a useful intermediate target should lead to an action consistent with the
final goal. We test this on three trained point-mass DCP policies, evaluating 20,000 start–goal pairs
per policy with two alternative targets: an exact midpoint on a graph-shortest path, and an off-path
control matched in distance from the source. Holding the actor and physical state fixed, we compare
each target’s action with the final-goal action. On-path substitution yields mean action cosine 0.789,
versus −0.072 for the off-path control; positive alignment with a graph-optimal first move occurs on
95.2% versus 41.9% of cases. The on-path target performs better on these measures across all seeds.
Here, the graph provides the midpoint, and substituting it changes both the direction and the distance.
We find that the learned policy largely preserves its action when the waypoint lies on the route to
the goal. The next question is whether our scorer actually finds such waypoints. Appendix C relates
latent triangle slack to direction agreement and includes the radius difference in the actor-output
bound.

4.6 HOW WELL DOES THE SCORER SELECT USEFUL WAYPOINTS?

A useful waypoint has to be present among the candidates and then chosen by the scorer. We examine
both steps using five trained U-maze encoders and 20,000 matched start–goal pairs and candidate sets
per encoder, sampled from the occupancy graph. An exact forward on-path candidate is available in
77.7% of draws. Uniform selection chooses one in 8.3%, while the inner-product scorer selects one
in 12.9–18.8%. The scorer also reduces median normalized path slack from 0.761 to 0.197–0.441 and
changes average normalized progress from negative to positive. We therefore see a clear improvement
over random selection, along with a substantial gap between having a useful candidate and choosing
it. Because candidates are sampled from the graph, this experiment tests the scoring rule separately
from the states collected during training.

A separate three-seed nested-candidate test increases availability from 77.9% with 32 draws to 94.3%
with 128 draws, while useful selection rises by only 2.4–3.9 percentage points. This gap identifies
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Table 5: Changing the candidate source in two controlled mazes. Mean success over training,
averaged across five seeds. ± denotes sample standard deviation across seeds. Projection maps each
proposal to the nearest stored state.

Task Visited pool Generator Generator + projection

Two-route maze 0.457± 0.301 0.613± 0.202 0.738± 0.128
Rare-gateway maze 0.271± 0.150 0.520± 0.113 0.204± 0.291

ranking as a limitation even when useful candidates are available. The pool introduces a further
constraint. If a fraction p of its states is useful, N independent draws contain at least one useful state
with probability 1− (1− p)N . When p = 0, increasing the number of draws cannot help. Alternative
ranking rules improve the fixed-encoder test (Appendix C), although their effect on online learning
remains to be established.

4.7 CAN A LEARNED CANDIDATE SOURCE IMPROVE EXPLORATION?

The finite pool limits selection to states the agent has already visited. To address this, we replace
pool samples with candidates from an online four-component mixture model trained on trajectory
midpoints (Jurgenson et al., 2020). We keep the actor, critic, scorer, candidate count, and 10M-step
budget fixed. The generator conditions on the current achieved-goal coordinates and the final goal.
We also test whether restricting generated proposals to observed states helps: a third variant projects
each proposal to its nearest stored state before scoring. The nine-task comparison uses the default
visited-state pool.

The generator increases mean success over training in both tasks (Table 5), exceeding the pool in four
of five paired seeds in the two-route maze and all five in the rare-gateway maze. Projection improves
the mean in the two-route setting but removes the benefit at the rare gateway, where it can move
proposals to the wrong side of the passage. The generator extends candidate coverage beyond the
visited-state pool. Appendix D describes its training and the projection step.

4.8 DOES SEEDING THE POOL WITH SUCCESSFUL STATES HELP?

A more direct way to improve candidate availability is to add states from successful trajectories.
We use this intervention to test whether supplying useful states is enough to improve control, while
keeping replay unchanged. Each task uses three target seeds and matched libraries of successful-path
states and states preceding meaningful object motion. On PusherHard, reserving 128 of the 512
slots for successful-path states increases mean success over training from 32.39% with the matched
pre-motion library to 38.17%, winning all three paired seeds. However, adding 128 states while
preserving all 512 online slots and their expected exposure gives no consistent benefit: successful-
path seeding scores 36.26%, compared with 38.09% for the matched control. On AntSoccer, the
scorer selects successful-path states on 30.91% of refreshes, versus 4.59% for pre-motion states,
and waypoint-to-goal direction agreement improves in every seed. Ball motion and success do not
improve. Analysis of completed training runs also finds sparse ball motion and little change from the
initial representation’s distance ordering (Appendix E). In this case, the scorer recognizes the added
states, but the policy still fails to turn them into useful ball motion.

5 CONCLUSION

We asked whether a CRL policy could make better use of the geometry learned by its critic. DCP
supplies the actor with the direction and distance to a target in representation space, using visited
waypoints during collection and the final goal at deployment. Across nine tasks, DCP improves final
mean success and time near goal over CRL on seven tasks each.

Our analyses show that the representation captures route structure and that the actor uses the supplied
direction in navigation and manipulation. They also clarify where the difficulty lies. Waypoint
selection can slow learning when direct goal conditioning already works, and better candidates are
useful only if the learned policy can act on them. Learned generation improves exploration in two
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controlled mazes; adding successful states to the pool leaves AntSoccer unresolved. Improving
the connection between candidate selection and the behavior the policy can execute is therefore an
important next step.

Our experiments use simulated state observations. Actor sizes and collected trajectories differ across
methods, motivating parameter-matched and shared-data comparisons. Further work could extend
DCP to visual observations and combine it with deeper or action-chunked CRL.

REPRODUCIBILITY STATEMENT

The DCP implementation and reproduction scripts are available at https://anonymous.4open.
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A IMPLEMENTATION AND OBJECTIVES

A.1 DEFAULT ALGORITHM

Algorithm 1 gives the DCP procedure used in the nine-task comparison. We use the visited-state pool
and inner-product scorer throughout that comparison; the generator, demonstration-state libraries,
and alternative scoring rules are studied in separate experiments. The policy outputs a tanh-squashed
Gaussian distribution; evaluation uses the deterministic policy. The actor input concatenates the full
state, a 64-dimensional direction, and one radius.

Algorithm 1 Direction-Conditioned Policies
1: Initialize actor πη , encoders (ϕθ, ψθ), replay, and state pool.
2: while training budget remains do
3: Observe full state s and requested final goal g.
4: if waypoint refresh is due then
5: Sample 32 candidate indices with replacement from the 512-state pool.
6: Select z∗ maximizing ψθ(q(z))

⊤ψθ(g).
7: Set collection target y ← q(z∗).
8: end if
9: Recompute (d, r) from (s, y) using Equation 3.

10: Sample and execute a ∼ πη(· | s, d, r); store the transition.
11: Refresh the pool from the collected trajectory batch at the collection boundary.
12: Sample replay sequences and relabel transitions with future achieved goals.
13: Update encoders with backward InfoNCE and the baseline regularizer.
14: Update actor and entropy coefficient, holding encoder parameters fixed.
15: end while
16: At deployment: use y = g at each step, without the pool or scorer.

Numerical details. The implemented energy is −
√
∥ϕ(s, a)− ψ(g)∥22 + 10−6. The goal displace-

ment is divided by r + 10−8; a zero displacement therefore produces a zero direction. In addition to
Equation 2, the critic uses

Lreg = 0.1
1

B

∑
i

log∑
j

exp(ℓij + 10−6)

2

. (6)

We differentiate the actor loss through the critic’s action input while holding both encoders fixed. The
temperature update uses the baseline entropy target.

Future-goal relabeling. Within a sampled sequence, a future index j > i receives weight propor-
tional to γj−i, restricted to the same trajectory identifier. A small diagonal weight handles positions
with no eligible future sample. The selected achieved-goal coordinates provide the critic positive and
actor target.

Pool maintenance. The default pool is refreshed from evenly spaced indices of the flattened latest
collection batch. Its initial entries are zero-initialized before collected observations replace them.
Candidate indices are shared across parallel environments, but candidates are ranked separately for
each requested goal. The waypoint is refreshed every 25 steps according to the implementation’s
environment-step schedule. Encoder evaluations of the current achieved goal and selected target
produce an updated direction on every action.

A.2 TRAINING SETTINGS

Table 6 lists the shared optimization settings and DCP’s waypoint settings. Humanoid U-Maze uses
fewer parallel environments and a smaller minibatch; comparisons within that task retain the same
settings across methods.
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Table 6: Main settings. Humanoid U-Maze uses the stated smaller parallelism and batch size. Replay
sizes retain the implementation’s buffer configuration units.

Setting Value

Actor / critic hidden width 256
Hidden layers 2
Representation dimension 64
Actor, critic, and temperature learning rates 3× 10−4

Discount 0.99
Minibatch size 256 (Humanoid: 128)
Parallel environments 512 (Humanoid: 128)
Episode length 1,000
Collection unroll length 62
Minimum / maximum replay size 1,000 / 10,000
Contrastive loss / energy Backward InfoNCE / negative L2 norm
Log-sum-exp penalty coefficient 0.1
Pool size / candidates / refresh steps 512 / 32 / 25

We train DCP, CRL, and SSGC with the same within-task simulation settings and backward InfoNCE
configuration. All baseline results come from these matched runs.

A.3 PARAMETER COUNTS

We count saved actor and critic parameters for all five seeds of each benchmark task. Counts agree
across seeds. DCP replaces the two or three raw goal coordinates with 64 direction components
and one distance. With first-layer width 256, this adds 256(65 − dim(g)) weights: 16,128 for
two-dimensional goals and 15,872 for three-dimensional goals. All remaining actor layers and both
critic encoders have identical parameter counts. The totals in Table 7 include the actor and both
encoders; the learned entropy coefficient adds one scalar to each method.

Table 7: Saved parameter counts for the nine benchmark tasks. Grouped tasks have identical
architectures and counts. Percentage increases are relative to CRL.

Tasks CRL actor DCP actor Actor increase Total increase

AntMaze Big / Hardest / U-Maze 78,096 94,224 20.65% 6.37%
Humanoid U-Maze 144,162 160,034 11.01% 4.15%
AntPush / AntSoccer 78,608 94,736 20.52% 6.35%
PusherEasy / Hard / Hard Far 75,534 91,406 21.01% 6.40%

The controlled point-mass actor has a smaller physical-state input and fewer action outputs, so
the added input weights account for a larger relative increase (23.5%). Across the benchmark,
that increase is 11–21% for the actor and 4.15–6.40% for the complete actor–critic. The capacity
difference is thus confined to the input layer. A parameter-matched raw-goal actor would provide a
further control for its contribution to performance.

Computational cost. We measure training throughput over three seeds using the median steps per
second in the second half of each run. This reduces the effect of compilation and logging on the
comparison. DCP runs at 95.3% of CRL’s throughput at the median across tasks, with task ratios
ranging from 92.4% to 97.6%. A 512-entry float32 state pool occupies 0.523 MiB at the largest state
size (268). The pool and scoring are removed at deployment; goal-encoder evaluation is still required.

B TASKS AND EVALUATION PROTOCOLS

Table 8 specifies each task’s goal coordinates, success radius, and training budget. These determine
what counts as reaching the goal: AntPush measures the robot’s position, whereas AntSoccer measures
the ball’s position. All three methods receive the same interaction budget for a given task.
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Table 8: The nine evaluation tasks. Training steps are matched across methods within each task.
Task Goal coordinates Radius Training steps

AntMaze Big Ant position 0.5 50M
AntMaze Hardest Ant position 0.5 50M
Ant U-Maze Ant position 0.5 50M
Humanoid U-Maze Humanoid position 0.5 100M
AntPush Ant position (movable obstacle) 0.5 100M
AntSoccer Ball XY 0.5 50M
PusherEasy Cylinder position 0.1 50M
PusherHard Cylinder position 0.1 100M
PusherHard Far Cylinder position 0.1 50M

Navigation. AntMaze Big and AntMaze Hardest place an eight-actuator quadruped in different
corridor layouts. Ant U-Maze uses the same robot in a U-shaped corridor, where reaching the opposite
arm requires moving around the central wall. Humanoid U-Maze uses a 17-actuator humanoid in that
layout. Actions control the robot’s joints. The actor observes the physical state, including positions
and velocities. Ant navigation uses horizontal root position as the achieved goal; Humanoid uses
three-dimensional root position, with target height fixed by the environment. Success requires a goal
distance below 0.5.

Object interaction. AntPush requires the Ant to reach a target position in a passage obstructed
by a movable block. Success is measured from the Ant’s position. AntSoccer uses the same type of
quadruped to move a ball; the achieved goal is the ball’s horizontal position, and success requires
ball-to-target distance below 0.5. AntSoccer is called ant_ball in the environment implementation;
these are two names for the same task.

Robot-arm manipulation. The Pusher tasks use a seven-joint arm to push a cylinder. The achieved
goal is the cylinder’s three-dimensional position, and success requires distance below 0.1. The variants
differ only in their target distribution. Let (u, v) denote the two planar goal-joint offsets, in their
stored order. PusherEasy samples (u, v) uniformly from [−0.55,−0.25]× [−0.2, 0.2]; PusherHard
uses [−0.65, 0.35] × [−0.55, 0.45]; PusherHard Far uses [0, 0.35] × [−0.55, 0.45]. The first joint
translates along world y and the second along world x, relative to the goal body’s reference position.
All variants initially sample cylinder offsets from [−0.3, 0]× [−0.2, 0.2], with the same adjustment
when the cylinder and goal are too close. Figure 10 provides additional views of target placement.

For an episode of length T = 1000, let It indicate membership in the goal region. Success is
1{

∑
t It > 0}, averaged over episodes and expressed as a percentage. Time near goal is

∑
t It,

averaged over episodes. Where we report mean success over training in controlled studies, the statistic
is the arithmetic mean of the logged evaluation success rates across the fixed evaluation schedule,
first computed per seed. Comparisons within each study use the same schedule.

Table 9 distinguishes the main five-seed comparison from the smaller intervention and transfer studies.
Each seed corresponds to a separately trained policy or encoder; multiple probes of one policy share
that training run. The five-seed studies use seeds 1, 42, 123, 256, and 1234; three-seed interventions
use 1, 42, and 123. Uncertainty is computed across independent training seeds. The benchmark
and four-way comparison use Student-t intervals with four degrees of freedom: x̄± 2.77645 s/

√
5,

where s is sample standard deviation across seeds. Geometry and candidate-source tables instead
report sample standard deviations.

C CONTROLLED GEOMETRY AND SELECTION TESTS

C.1 CONTROLLED ENVIRONMENTS

Figure 6 shows the six controlled environments. These supplement the nine benchmark tasks; their
results are reported separately. All use 1,000-step episodes. The point-mass maze studies train for
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Table 9: Number of seeds and evaluations in each experiment. The geometry experiment and four-way
comparison use separately trained policies.

Experiment Training and evaluation

Nine-task comparison Five seeds per method and task; 50M or 100M steps.
Four-way collection/input comparison Five seeds, 10M steps, 20 evaluations, separately in

each layout.
Representation geometry Five encoders per method and layout, trained for 10M

steps.
Candidate-source comparison Five seeds per candidate source and maze, 10M steps.
Waypoint substitution Three policies; 20,000 paired probes per policy.
Differential-drive intervention Three policies; 42 directed pairs and four headings per

policy.
Puck-pushing intervention Three policies; 128 matched quartets per policy.
Demonstration-state seeding Three target seeds; successful states added to the can-

didate pool.
Frozen-CRL transfer One behavioral seed; 50M source pretraining plus

25M adaptation.

Planar force control

Open room

Planar force control

U-maze

Two routes around the obstacle

Two-route maze

Two rooms joined at one end

Rare-gateway maze

Forward thrust and yaw torque

Differential-drive U-maze

Contact is required to move the puck

Puck pushing

Figure 6: The controlled environments, rendered from their simulation models with floor textures
hidden. The four point-mass environments differ in wall layout and start/goal distributions. The
differential-drive robot adds heading-dependent motion. In puck pushing, the blue agent must contact
the yellow puck and move it to the green target. Images show illustrative task configurations.

10M interactions and evaluate at 20 checkpoints. We use the same dynamics and training settings
across methods within each layout.

Point-mass mazes. The state is (x, y, vx, vy), the action is a two-dimensional force, and the goal is
a position. Forces change velocity, which persists between steps. Wall cells have side length 4, and
success requires position error below 0.5. The open room has boundary walls only and starts near its
center. The U-maze starts in one arm, with goals sampled from allowed free cells. The two-route
maze places start and goal on opposite sides of a central block, allowing a route around either end.
The rare-gateway maze has two rooms separated by a wall, with a single passage near one end; the
start and goal lie across the divider, away from that passage. The generator experiments use the latter
two layouts.

Differential-drive U-maze. The physical state is (x, y, θ, vx, vy, θ̇); the two actions apply forward
thrust along the current heading and yaw torque. The robot cannot directly command sideways force,
and velocity persists. The goal is horizontal position, with success radius 0.5. For the direction test,
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each of three learned policies is evaluated on 42 directed start–goal pairs and four initial headings per
pair, holding these cases fixed across interventions.

Puck pushing. A planar force-controlled robot pushes a separate, unactuated puck. The actor
observes both positions and velocities, an eight-dimensional physical state; the goal encoder receives
only puck position. Success requires puck-to-target distance below 0.55. Contact transfers the robot’s
motion to the puck. The matched evaluation uses 128 groups of four cases per seed. Within a group,
the puck and target are fixed while the robot approaches from four different sides. Groups vary target
direction and distance, absolute position, and initial robot–puck separation. This tests whether the
actor combines its direction input with the physical arrangement needed for useful contact.

C.2 GRAPH REFERENCE AND INTERPRETATION

The point-mass state is (x, y, vx, vy) and the action is a two-dimensional force. The U-maze is
represented by a weighted occupancy graph with cardinal and collision-free diagonal connections.
For the global-distance comparison, the graph supplies 100,128 directed pairs of distinct positions.
Graph distances measure spatial route lengths. Local-direction probes compare the negative spatial
gradient of ∥ψ(q(s))− ψ(g)∥ with graph-optimal outgoing moves. The actor input is defined in
Equation 3.

In the open room, graph distance and Euclidean distance largely agree. The layouts have different
initial-state and goal distributions; comparisons of scoring rules and actor inputs are performed within
each layout.

C.3 COMPARING WAYPOINT SELECTION RULES

We want to know whether the scoring rule chooses useful candidates when they are available. We
therefore sample start, goal, and candidate positions from the occupancy graph, hold the encoders
fixed, and give each rule the same 20,000 draws of 32 candidates.

With graph distance D, a candidate is counted as forward on-path when

D(s, z) +D(z, g)−D(s, g) = 0, D(z, g) < D(s, g), (7)

up to the numerical tolerance. Relative slack divides the left-hand slack by D(s, g); relative progress
is [D(s, g)−D(z, g)]/D(s, g). Both require distinct source and goal. The default graph uses eight
subdivisions and 448 nodes. Additional resolutions test sensitivity to discretization.

We compare two alternative scoring rules on the same candidate sets without retraining the en-
coders. One maximizes the cosine between ψ(z) − ψ(s) and ψ(g) − ψ(s). The other minimizes
∥ψ(z)− ψ(s)∥ + ∥ψ(g)− ψ(z)∥. Across five trained encoders, the default inner-product scorer
selects a forward on-path candidate in 12.9–18.8% of draws; cosine ranking achieves 24.7–27.8%,
and minimizing the sum of learned distances achieves 28.6–33.0%. Uniform selection achieves 8.3%.
Both alternatives improve waypoint selection in this test. Whether they improve online learning
remains untested: changing the selection rule would also change the experience collected and the
representation learned.

C.4 A GEOMETRIC STATEMENT ABOUT THE DIRECTION INPUT

When a waypoint and goal lie in similar directions from the current embedding, they provide similar
direction inputs to the actor. We can quantify this relation using the slack in the triangle formed by
their embeddings. We use exact normalization and nonzero displacements for the statement below.
Let x = ψ(q(s)), w = ψ(q(z)), and v = ψ(g). Define

a = ∥w − x∥ , b = ∥v − w∥ , c = ∥v − x∥ , h = a+ b− c, uz =
w − x
a

, ug =
v − x
c

.

(8)

Proposition 1 (Latent slack and direction agreement). For a, c > 0, the triangle slack h ≥ 0 satisfies

∥uz − ug∥2 =
h(b+ c− a)

ac
≤ 2h

a
. (9)
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Proof. The cosine law gives b2 = a2 + c2 − 2ac⟨uz, ug⟩. Consequently,

ac ∥uz − ug∥2 = b2 − (a− c)2 (10)
= (a+ b− c)(b+ c− a) = h(b+ c− a). (11)

The triangle inequality b ≤ a+ c implies b+ c− a ≤ 2c, proving the bound.

This identity describes the geometry of the Euclidean embedding. If a deterministic actor is separately
Lipschitz in direction and radius, with constants Ld, Lr at a fixed state, then

∥π(s, uz, a)− π(s, ug, c)∥ ≤ Ld

√
2h/a+ Lr|a− c|. (12)

The distance input matters here. Even when h = 0, the waypoint and goal can be at different distances
from the current embedding. For example, x = 0, w = 1, and v = 2 give identical directions and
different radii. Equation 12 accounts for both changes.

The distance ∥ψ(q(s))− ψ(g)∥ is symmetric in its two goal-coordinate arguments and may vanish
between distinct coordinates. It is therefore a pseudometric on those coordinates. Relating it to
optimal-control cost requires additional assumptions, as in metric constructions for contrastive
successor features and quasimetric value learning (Myers et al., 2024; Wang et al., 2023).

D CANDIDATE GENERATION AND DEMONSTRATION SEEDING

D.1 ONLINE CANDIDATE GENERATOR

The generator is a conditional mixture-density network with four diagonal-Gaussian components and
two hidden layers of width 128. Its inputs are the current achieved-goal coordinates and a desired
endpoint. Training samples an ordered triple of indices i < k < j from a replay sequence, with
k = ⌊(i + j)/2⌋, and fits the midpoint coordinates by negative log likelihood. Triples crossing
trajectory identifiers are masked out. The learning rate is 3× 10−4 and the generator warm-up is 1M
interaction steps. Component scales are constrained between 0.05 and 2, with initial scale and offset
scale 0.5. Candidate count stays at 32.

The unprojected variant uses sampled goal-coordinate proposals as the waypoint targets. The projected
variant maps proposals to the nearest pool state’s goal coordinates, then applies the same scorer.
Projection returns a stored target but can move a proposal across an obstacle. All three variants retain
the same deployment policy input. The default DCP configuration uses the visited-state pool.

D.2 DEMONSTRATION-STATE LIBRARIES

We construct each task’s libraries from nine successful DCP episodes, three per source seed. The
successful-path library contains 128 states chosen around object displacement. For the control, we
take the same number of states from those episodes before meaningful object motion. This lets us test
the value of the states supplied to the pool while keeping replay and contrastive training unchanged.

In the reserved-slot comparison, each library occupies 128 of the 512 slots, leaving 384 online slots.
The augmented comparison instead preserves all 512 online slots and adds 128 library slots. It draws
40 candidates so that the expected number of online draws remains 32, approximately preserving
each online state’s exposure. The reserved-slot experiment tests the value of library content under
constrained capacity. The augmented experiment tests the benefit of adding those states to the full
online pool.

Table 10: PusherHard demonstration-state experiments, three target seeds. Entries are mean evaluation
success over training (%). Paired wins compare successful-path against pre-motion seeding. DCP
without seeding scores 35.76% in these experiments.

Pool intervention Pre-motion Successful path Paired wins

Reserve 128 of 512 slots 32.39 38.17 3/3
Add 128 to 512 online slots 38.09 36.26 0/3
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Table 10 shows that useful demonstration states help when they replace part of a capacity-limited
pool: successful-path seeding exceeds the matched pre-motion control in all three seeds. Adding
these states to the complete online pool gives no corresponding benefit. The comparison therefore
depends on both the content of the added states and which online candidates they replace.

For AntSoccer, successful-path seeding improves mean waypoint/final-goal direction cosine from
0.596 to 0.655 and latent slack from 1.096 to 1.000, without improving ball motion or success.
Improving candidate availability and selection is insufficient to resolve this task.

E ADDITIONAL ANALYSES

E.1 LEARNING EARLY IN TRAINING AND MAINTAINING SUCCESS

The direction input is learned online, so we also examine whether an initially inaccurate representation
delays learning and whether success is maintained once it begins. In a three-seed analysis of the nine
tasks, DCP crosses 2% success earlier than CRL on seven tasks and ties on two. At 5% and 10%,
it is earlier on six, tied on one, and later on two. Its success over the first 25M steps is higher on
seven tasks, tied on AntPush, and lower on AntSoccer. These comparisons concern early learning,
separately from the final five-seed results.

After first crossing each threshold, we measure the fraction of the next ten evaluations that falls below
it. The median fraction at 5% and 10% is 0% for DCP, compared with 10% and 20% for CRL. This
measures persistence after initial success.

On AntPush, mean DCP success decreases from 44.8% at 75M steps to 42.7% at 100M steps in the
five-seed results. The learning curves show the full course of training, including this late decline.

E.2 ANTSOCCER REPRESENTATION AND ACTIVITY

To understand what happens on AntSoccer, we examine how much the representation changes and
how often the agent moves the ball. Across five seeds, we compare distance ordering on fixed
coordinate pairs with its ordering at initialization. On AntSoccer, the mean Spearman-correlation
change is only −0.050 at 25M and −0.021 at the final checkpoint; the final changes are larger in
magnitude on AntPush and the Pusher tasks. Only 3.8% of retained consecutive AntSoccer transitions
move the ball by more than 10−3. AntSoccer combines sparse object movement with little change in
distance ordering.

We measured these signals in completed runs. They identify AntSoccer as unusual among the
evaluated tasks. Tracking fixed coordinate probes and replay activity would also make them available
during training; predicting individual-run outcomes requires further testing.

E.3 FROZEN CRL REPRESENTATIONS

If direction conditioning can use geometry learned by CRL, it should also be possible to train a new
actor on a frozen CRL representation. We test this directly. A single-seed AntMaze Big experiment
starts from a CRL checkpoint trained for 50M steps and trains a new DCP actor for 25M additional
interactions. One variant freezes only the goal encoder and adapts the state–action encoder; another
freezes both encoders. A fresh joint DCP receives 25M steps without pretraining.

Table 11: Frozen-representation transfer on AntMaze Big, seed 42. The transferred variants use 50M
CRL pretraining steps and 25M actor-training steps; fresh DCP uses 25M steps in total.

Variant Pretraining Final success (%) Mean training success (%)

Fresh joint DCP 0 25.4 16.72
Frozen CRL goal encoder 50M 22.3 11.60
Both CRL encoders frozen 50M 23.0 12.46

Table 11 shows that a new direction-conditioned actor can use a CRL representation even when both
encoders are frozen, reaching 23.0% final success. Fresh DCP reaches 25.4% with a smaller total
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interaction budget. This establishes reuse in the tested run, while the unequal pretraining budgets
preclude a sample-efficiency comparison.

The frozen encoder parameters remain unchanged at all 26 checkpoints examined during adaptation.
Separate implementation checks confirm that 15 CRL checkpoints across AntMaze Big, PusherHard,
and AntSoccer can be loaded and kept frozen while the actor is updated. The AntMaze Big experiment
demonstrates behavioral transfer for one seed. Its generality across seeds and tasks remains to be
tested.
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F ADDITIONAL VISUALIZATIONS

Variation across training seeds. Figure 7 expands Table 4 into individual-seed comparisons.
Each line connects encoders trained with the same seed. The first two panels measure how well
learned distances order graph shortest-path distances, over all state pairs and over the longest-distance
third. DCP improves both measures in every seed. The third panel measures local descent: whether
decreasing learned distance initially points toward a graph-optimal move. Its larger variation shows
that improved global distance ordering can coexist with local directional errors.
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Figure 7: U-maze representation measurements for all five seeds after 10M steps. Connected dots
compare CRL and DCP with the same seed; black horizontal marks show means. DCP has higher
graph-distance correlation in every seed, both over all pairs and over the longest-distance third. The
local-descent comparison shows more variation across seeds.

Distance fields in AntMaze Big. Figures 8 and 9 place learned distances alongside executed
trajectories. For a fixed goal, we evaluate the goal encoder over spatial coordinates and plot the
resulting distance to the goal embedding. The first example shows successful trajectories for both
methods; the second shows DCP reaching the goal while CRL stalls. Comparing the contours with
the maze walls helps reveal whether nearby physical positions are separated by learned distance
when a wall forces a detour. Colors are scaled within each panel, so the comparison concerns spatial
structure. These examples illustrate behaviors that contribute to the aggregate results; the five-seed
learning curves report their broader variability.
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Figure 8: AntMaze Big distance fields and example trajectories for a seed in which both DCP and
CRL reach the goal. Contours show ∥ψ(x, y) − ψ(g)∥; the blue circle and red star mark start and
goal. Both fields reflect the corridor layout. Colors are scaled separately for each method.

Pusher target placement. Figure 10 shows how target placement changes the required cylinder
motion. The arm must first approach the cylinder from a suitable side and then maintain contact while
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Figure 9: A second AntMaze Big example (seed 1), in which DCP reaches the goal and CRL stalls.
The color range in each panel is clipped to the 1st–99th percentiles of distances along that method’s
trajectory. The field and trajectory illustrate one outcome; the main comparison averages all five
seeds.

pushing toward the target. The near-target image is drawn from PusherHard’s target distribution;
PusherHard Far restricts the target distribution as specified in Appendix B. These views help interpret
why reaching the cylinder alone is insufficient for success.

PusherHard: near target PusherHard Far

Figure 10: Additional Pusher views. The white cylinder must be moved to the red target. Target
placement changes the required approach and pushing direction. The near-target view is an example
from PusherHard.

Comparing waypoint scoring rules. Figure 11 holds the encoder and sampled candidate sets
fixed while changing the selection rule. An exact forward on-path waypoint is available in 77.7% of
draws. The gap between availability and selection therefore measures missed opportunities within the
sampled set. Direction-agreement and latent-slack scoring select on-path candidates more frequently
than the default inner product in this test. Evaluating these rules during online training would
additionally measure how their choices change the subsequently collected experience.

Generating candidates beyond the visited-state pool. Figure 12 expands Table 5 into paired seed
results. Each point averages success across the 20 evaluation checkpoints of a complete training run.
The generator improves over the pool in four of five seeds in the two-route maze and all five in the
rare-gateway maze. Projecting generated candidates onto visited states improves the mean in the
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Figure 11: Waypoint selection with five fixed U-maze encoders. Connected points use the same
encoder and candidate draws; black marks show means. A forward on-path candidate is available in
77.7% of draws, but the default inner-product rule selects one much less often. Ranking by direction
agreement or latent slack improves this fixed-encoder test.

two-route maze but reduces it in the rare-gateway maze. This difference is consistent with the layouts:
projection can preserve useful route choices when visited states cover both routes, but can remove
proposals beyond a poorly explored gateway.
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Figure 12: Candidate-source comparison with all five seeds shown. Lines connect runs with the same
seed; black marks show means. The generator improves mean success during training in both layouts.
Nearest-state projection has different effects in the two mazes and removes the mean benefit in the
rare-gateway maze. Each value averages the 20 evaluation checkpoints.
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G COMPLETE BENCHMARK CHECKPOINTS

Figure 3 gives the complete nine-task learning curves. The following tables give the five-seed
checkpoint evaluation. Nominal checkpoints are matched to the nearest available logged evaluation.
Dashes indicate that a checkpoint lies beyond the task’s training budget. Student-t intervals are
reported without clipping to the metric’s bounds.

Table 12 reports whether the goal region is reached at least once per episode. Reading across a task
shows when performance improves and whether it persists. On PusherHard, DCP reaches 33.7%
at 25M steps, compared with 0.9% for CRL; CRL later improves to 28.8% at 100M, while DCP
reaches 47.7%. AntPush shows a different pattern: DCP’s mean falls from 44.8% at 75M to 42.7% at
100M. CRL retains the higher mean at every reported AntSoccer checkpoint. Bold entries identify
the largest mean, without implying statistical significance.

Table 13 reports how long the agent stays near the goal. Comparing it with Table 12 separates
occasional arrival from sustained proximity. At the final checkpoint, DCP’s PusherEasy success
of 55.4% accompanies 297.8 steps near the goal, compared with CRL’s 4.4% and 26.2 steps. On
Humanoid U-Maze, DCP reaches the goal in 8.4% of episodes but averages only 3.6 steps near it,
indicating brief arrivals. The intervals describe variation across the five training seeds; the full curves
in Figure 3 provide the evaluations between these selected checkpoints.

Table 12: Success at least once (%), mean ± reported 95% confidence-interval half-width over five
seeds. Bold marks the largest mean at each task/checkpoint.

Environment Method 10M 25M 50M 75M 100M

AntMaze Big DCP 18.4 ± 5.4 23.8 ± 3.3 29.9 ± 2.9 – –
CRL 15.1 ± 3.7 17.7 ± 5.3 18.3 ± 6.5 – –
SSGC 18.3 ± 1.2 22.0 ± 2.9 23.3 ± 3.0 – –

AntMaze Hardest DCP 9.5 ± 2.5 14.5 ± 2.1 16.1 ± 2.3 – –
CRL 5.8 ± 2.5 10.5 ± 3.8 12.2 ± 5.6 – –
SSGC 7.7 ± 1.6 13.2 ± 4.8 14.2 ± 8.0 – –

Ant U-Maze DCP 40.4 ± 9.5 52.9 ± 6.8 55.0 ± 13.3 – –
CRL 26.8 ± 4.5 40.7 ± 8.5 40.8 ± 10.2 – –
SSGC 28.4 ± 9.6 43.1 ± 8.1 49.8 ± 4.2 – –

Humanoid U-Maze DCP 4.6 ± 8.4 6.7 ± 11.4 13.4 ± 9.5 7.7 ± 9.2 8.4 ± 9.6
CRL 9.8 ± 11.5 7.0 ± 12.0 3.0 ± 8.5 0.0 ± 0.0 0.0 ± 0.0
SSGC 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 2.5 ± 6.9 0.0 ± 0.0

AntPush DCP 0.0 ± 0.0 1.1 ± 2.8 29.1 ± 19.3 44.8 ± 8.0 42.7 ± 12.6
CRL 0.0 ± 0.0 0.0 ± 0.0 28.9 ± 6.3 38.2 ± 8.8 45.6 ± 24.1
SSGC 0.0 ± 0.0 0.0 ± 0.0 28.0 ± 32.1 40.8 ± 21.1 51.4 ± 15.5

PusherEasy DCP 2.8 ± 2.2 30.9 ± 35.0 55.4 ± 9.6 – –
CRL 1.9 ± 0.9 2.2 ± 1.8 4.4 ± 4.1 – –
SSGC 1.9 ± 0.9 7.2 ± 10.8 34.1 ± 38.5 – –

PusherHard DCP 2.0 ± 1.9 33.7 ± 14.2 37.2 ± 11.7 45.6 ± 10.8 47.7 ± 5.8
CRL 0.3 ± 0.2 0.9 ± 0.6 2.0 ± 2.5 7.3 ± 12.8 28.8 ± 32.4
SSGC 0.2 ± 0.3 1.2 ± 1.4 8.4 ± 14.8 21.6 ± 26.4 27.8 ± 30.7

PusherHard Far DCP 1.1 ± 2.8 25.8 ± 17.3 47.4 ± 5.7 – –
CRL 0.0 ± 0.0 1.6 ± 1.9 12.5 ± 24.0 – –
SSGC 0.0 ± 0.0 0.2 ± 0.3 9.0 ± 15.1 – –

AntSoccer DCP 2.6 ± 0.9 8.8 ± 2.9 12.9 ± 4.3 – –
CRL 5.6 ± 3.6 14.9 ± 4.8 22.6 ± 3.4 – –
SSGC 2.5 ± 1.3 7.0 ± 2.5 14.1 ± 3.6 – –
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Table 13: Time near goal (steps per 1,000-step episode), mean ± reported 95% confidence-interval
half-width over five seeds.
Environment Method 10M 25M 50M 75M 100M

AntMaze Big DCP 78.7 ± 37.1 94.6 ± 26.2 115.3 ± 14.6 – –
CRL 75.3 ± 12.7 83.2 ± 29.4 89.2 ± 28.0 – –
SSGC 91.9 ± 19.1 94.6 ± 20.5 99.8 ± 9.0 – –

AntMaze Hardest DCP 30.3 ± 12.6 65.1 ± 12.9 63.2 ± 13.3 – –
CRL 28.4 ± 15.9 39.9 ± 24.0 48.1 ± 23.7 – –
SSGC 32.6 ± 8.1 59.0 ± 21.0 66.0 ± 41.4 – –

Ant U-Maze DCP 195.3 ± 58.0 223.5 ± 27.9 238.1 ± 76.2 – –
CRL 161.9 ± 33.1 233.2 ± 62.8 261.3 ± 77.2 – –
SSGC 157.7 ± 65.3 230.4 ± 38.6 252.7 ± 52.1 – –

Humanoid U-Maze DCP 1.3 ± 2.5 4.9 ± 9.5 3.4 ± 2.5 1.4 ± 1.9 3.6 ± 4.5
CRL 1.0 ± 1.7 1.4 ± 3.0 0.9 ± 2.5 0.0 ± 0.0 0.0 ± 0.0
SSGC 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.4 ± 1.1 0.0 ± 0.0

AntPush DCP 0.0 ± 0.0 3.8 ± 10.4 131.8 ± 113.5 190.9 ± 71.6 181.7 ± 95.6
CRL 0.0 ± 0.0 0.0 ± 0.0 95.9 ± 42.6 122.7 ± 30.1 143.4 ± 105.6
SSGC 0.0 ± 0.0 0.0 ± 0.0 103.2 ± 114.9 182.9 ± 83.9 199.1 ± 93.3

PusherEasy DCP 18.2 ± 9.0 148.2 ± 179.5 297.8 ± 90.9 – –
CRL 18.8 ± 9.3 20.3 ± 15.1 26.2 ± 8.4 – –
SSGC 18.8 ± 9.3 40.0 ± 49.3 180.7 ± 183.4 – –

PusherHard DCP 9.3 ± 4.2 161.5 ± 84.4 185.7 ± 45.4 285.3 ± 103.5 280.9 ± 28.5
CRL 3.1 ± 2.2 9.4 ± 5.5 13.1 ± 9.9 36.2 ± 66.8 125.7 ± 136.7
SSGC 2.3 ± 2.7 9.4 ± 8.1 54.0 ± 99.4 133.1 ± 161.3 170.5 ± 186.0

PusherHard Far DCP 2.5 ± 4.8 124.1 ± 88.4 260.7 ± 66.8 – –
CRL 0.0 ± 0.0 10.7 ± 15.9 48.4 ± 80.4 – –
SSGC 0.0 ± 0.0 1.6 ± 2.7 49.0 ± 82.3 – –

AntSoccer DCP 11.2 ± 8.8 33.6 ± 18.7 42.4 ± 22.1 – –
CRL 20.8 ± 10.5 46.3 ± 13.8 76.4 ± 7.7 – –
SSGC 9.4 ± 6.9 29.8 ± 12.6 48.2 ± 31.9 – –

25


	Introduction
	Related Work
	Methodology
	Contrastive goal-conditioned learning
	A relative goal input for the actor
	Collection, learning, and deployment

	Experiments
	Does DCP improve online goal reaching?
	What do scoring and direction conditioning contribute?
	Does the representation capture obstacle-respecting routes?
	Does the actor use the supplied direction?
	When does a waypoint preserve the final-goal action?
	How well does the scorer select useful waypoints?
	Can a learned candidate source improve exploration?
	Does seeding the pool with successful states help?

	Conclusion
	Implementation and Objectives
	Default algorithm
	Training settings
	Parameter counts

	Tasks and Evaluation Protocols
	Controlled Geometry and Selection Tests
	Controlled environments
	Graph reference and interpretation
	Comparing waypoint selection rules
	A geometric statement about the direction input

	Candidate Generation and Demonstration Seeding
	Online candidate generator
	Demonstration-state libraries

	Additional Analyses
	Learning early in training and maintaining success
	AntSoccer representation and activity
	Frozen CRL representations

	Additional Visualizations
	Complete Benchmark Checkpoints

