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Consider a robot        asked to build a tower of blocks.🤖
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How many subgoals, or waypoints, does the robot need?

Consider a robot        asked to build a tower of blocks.🤖
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Stacking Two Blocks

Initial state Goal state
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Stacking Two Blocks

Initial state Goal state

Can be solved directly
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Initial state Goal state

Stacking Two Blocks with too many planning stages
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What about Eight Blocks?

Initial state Goal state
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What about Eight Blocks?

Initial state Goal state



9

What about Eight Blocks?

Initial state Goal state

2 blocks

4 blocks

6 blocks

…
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Stacking Eight Blocks with too few planning stages

Initial state Goal state

4 blocks?!
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Desiderata for Long-horizon Planning and Exploration
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Desiderata for Long-horizon Planning and Exploration

(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
(1)The number of planning stages should match the difficulty of the problem
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Desiderata for Long-horizon Planning and Exploration

s g

(1)The number of planning stages should match the difficulty of the problem
(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
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Desiderata for Long-horizon Planning and Exploration

s g

: Many waypoints

(1)The number of planning stages should match the difficulty of the problem
(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
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Desiderata for Long-horizon Planning and Exploration

s
g

(1)The number of planning stages should match the difficulty of the problem
(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
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Desiderata for Long-horizon Planning and Exploration

: Fewer waypoints

s
g

(1)The number of planning stages should match the difficulty of the problem
(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
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Desiderata for Long-horizon Planning and Exploration

: Or even NONE

gs

(1)The number of planning stages should match the difficulty of the problem
(≈ 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠)
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Desiderata for Long-horizon Planning and Exploration

(2)Waypoints should be directed toward the goal.

(1)The number of planning stages should match the difficulty of the problem
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Desiderata for Long-horizon Planning and Exploration

s g

(2)Waypoints should be directed toward the goal.

(1)The number of planning stages should match the difficulty of the problem

Consider the eight-block stacking task,
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Desiderata for Long-horizon Planning and Exploration

s g

2 blocks

4 blocks 6 blocks

(2)Waypoints should be directed toward the goal.

(1)The number of planning stages should match the difficulty of the problem

Consider the eight-block stacking task,
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Desiderata for Long-horizon Planning and Exploration

gs

3 blocks

2 blocks

Wrong order

Blocks scattered

(2)Waypoints should be directed toward the goal.

(1)The number of planning stages should match the difficulty of the problem
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Desiderata for Long-horizon Planning and Exploration

(2)Waypoints should be directed toward the goal.

(1)The number of planning stages should match the difficulty of the problem

gs
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Desiderata for Long-horizon Planning and Exploration

(2)Waypoints should be directed toward the goal

(1)The number of planning stages should match the difficulty of the problem

gs



Problem Setting
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📝
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Basic Setup : Data collection process
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Basic Setup : Data collection process

High level planner
z ~ 𝜋! 𝑧 𝑠, 𝑔)

(Low level) policy
a ~ 𝜋" 𝑎 𝑠, 𝑧)
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Basic Setup : Data collection process

High level planner
z ~ 𝜋! 𝑧 𝑠, 𝑔)

(Low level) policy
a ~ 𝜋" 𝑎 𝑠, 𝑧)

z: latent subgoal

Goal distribution 
g ~ 𝑃#(𝑔)
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Basic Setup : Data collection process

High level planner
z ~ 𝜋! 𝑧 𝑠, 𝑔)

(Low level) policy
a ~ 𝜋" 𝑎 𝑠, 𝑧)

z: latent subgoal a ∶ action

h step

s ∶ current stateh step interval

Goal distribution 
g ~ 𝑃#(𝑔)
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Basic Setup : Data collection process

High level planner
z ~ 𝜋! 𝑧 𝑠, 𝑔)

(Low level) policy
a ~ 𝜋" 𝑎 𝑠, 𝑧)

z: latent subgoal a ∶ action

h step

s ∶ current stateh step interval

Goal distribution 
g ~ 𝑃#(𝑔)

,𝜋 ∶ ℎ𝑖𝑒𝑟𝑎𝑟𝑐ℎ𝑖𝑐𝑎𝑙 𝑝𝑜𝑙𝑖𝑐𝑦
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Basic Setup : Data collection process

High level planner
z ~ 𝜋! 𝑧 𝑠, 𝑔)

(Low level) policy
a ~ 𝜋" 𝑎 𝑠, 𝑧)

z: latent subgoal a ∶ action

h step

s ∶ current stateh step interval

Goal distribution 
g ~ 𝑃#(𝑔)

Fully Online ! No prior data ! No rewards ! No pretrained models
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Basic Setup : A probabilistic approach to planning
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Basic Setup : A probabilistic approach to planning

Given a state s and a goal g,
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Basic Setup : A probabilistic approach to planning

Given a state s and a goal g,
assume K waypoints in between, with intervals Tᵢ ~ Geom(1 − γ).
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Basic Setup : A probabilistic approach to planning

Given a state s and a goal g,
assume K waypoints in between, with intervals Tᵢ ~ Geom(1 − γ).

s w1 w2
… wK g

Tᵢ ~ Geom(1 − γ) Tᵢ ~ Geom(1 − γ) Tᵢ ~ Geom(1 − γ)
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Basic Setup : A probabilistic approach to planning

Given a state s and a goal g,
assume K waypoints in between, with intervals Tᵢ ~ Geom(1 − γ).

For notational consistency, we set w0 = s and wK+1 = g

s w1 w2
… wK g

Tᵢ ~ Geom(1 − γ) Tᵢ ~ Geom(1 − γ) Tᵢ ~ Geom(1 − γ)
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The Objective
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The Objective

Given (s,g) and number of waypoints K,

s g
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The Objective

s … g

Given (s,g) and number of waypoints K,

?
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The Objective

s … g

?
For now, K is given. We then derive a criterion for selecting K adaptively.

Given (s,g) and number of waypoints K,
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The Objective

Given (s,g) and number of waypoints K,
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The Objective

Given (s,g) and number of waypoints K,

The distribution over the K intermediate waypoints 
given s and g, under data collected by ,𝜋
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The Objective

Given (s,g) and number of waypoints K,

A tractable approximation to the posterior 𝑝67
8,9 ⋅ 𝑠, 𝑔)



43

Hyperspherical Contrastive Representations
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Hyperspherical Contrastive Representations

Two representations on the unit hypersphere Sd−1 + One learnable rotation matrix R.
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Hyperspherical Contrastive Representations

Two representations on the unit hypersphere Sd−1 + One learnable rotation matrix R.

𝜙(𝑠, 𝑎)

𝜙(𝑠, 𝑎) : state–action representation𝜓(𝑠)
𝜓(𝑠) : state representation

…

𝜙 𝑠, 𝑎 ! = 𝜓(𝑠) ! = 1

: lie on the unit hypersphere 𝑆"#$
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Hyperspherical Contrastive Representations

R

Two representations on the unit hypersphere Sd−1 + One learnable rotation matrix R.

…

Cayley transform of a learnable matrix A:

𝜴 = 𝐴 − 𝐴%

𝑹 = (𝐼 + 𝜴)#$(𝐼 − 𝜴)
⇒ 𝑅%𝑅 = 𝐼, 𝑅𝑥 = 𝑥

: preserves hyperspherical geometry of representations
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Parameterization
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Parameterization

𝑓3(𝑠, 𝑠4) = 𝜓 𝑠 5𝑅6789:8;67 𝜓(𝑠4)

1. Score for planning
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Parameterization

𝑓3(𝑠, 𝑠4) = 𝜓 𝑠 5𝑅6789:8;67 𝜓(𝑠4)

1. Score for planning

1. 𝑾𝒉𝒚 𝒖𝒔𝒆 𝒕𝒉𝒆 𝒔𝒂𝒎𝒆 𝒆𝒏𝒄𝒐𝒅𝒆𝒓 𝒇𝒐𝒓 𝒔 𝒂𝒏𝒅 𝒔+?

To infer consecutive waypoints in a common latent space.
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2.𝑾𝒉𝒚 𝒊𝒏𝒕𝒓𝒐𝒅𝒖𝒄𝒆 𝒕𝒉𝒆 𝒓𝒐𝒕𝒂𝒕𝒊𝒐𝒏𝒎𝒂𝒕𝒓𝒊𝒙 𝑹 ?

In general, dynamics are asymmetric,

but the inner product is symmetric : 𝜓 𝑠 %𝜓 𝑠& = 𝜓 𝑠& %𝜓 𝑠

Parameterization

1. 𝑾𝒉𝒚 𝒖𝒔𝒆 𝒕𝒉𝒆 𝒔𝒂𝒎𝒆 𝒆𝒏𝒄𝒐𝒅𝒆𝒓 𝒇𝒐𝒓 𝒔 𝒂𝒏𝒅 𝒔+?

To infer consecutive waypoints in a common latent space.

𝑓3(𝑠, 𝑠4) = 𝜓 𝑠 5𝑅6789:8;67 𝜓(𝑠4)

1. Score for planning
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𝑓<(𝑠, 𝑎, 𝑠4) = 𝜙 𝑠, 𝑎 5𝜓(𝑠4)

Parameterization

2. Score for training policy

1. Score for planning

𝑓3(𝑠, 𝑠4) = 𝜓 𝑠 5𝑅6789:8;67 𝜓(𝑠4)
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Representation Learning

𝓛𝒃𝒂𝒄𝒌𝒘𝒂𝒓𝒅 (𝝓,𝝍; 𝓑) = −
1
𝐵
-
()*

+

log
exp(𝑓,(𝑠( , 𝑎( , 𝑠(-))

∑.)*+ exp(𝑓,(𝑠. , 𝑎. , 𝑠(
-))

𝓛𝒔𝒚𝒎𝒎𝒆𝒕𝒓𝒊𝒄 𝑹,𝝍; 𝓑 = −
1
𝐵
-
()*

+

log
exp(𝑓5(𝑠( , 𝑠(-))

∑.)*+ exp(𝑓5(𝑠( , 𝑠.
-))

+ log
exp(𝑓5(𝑠( , 𝑠(-))

∑.)*+ exp(𝑓5(𝑠. , 𝑠(
-))

ℒ:;<: = 𝐸ℬ ℒ>?@@ABCDE 𝑅,𝜓; ℬ + 𝜆:;<: ⋅ ℒFGEHIJ:K(𝜙, 𝜓; ℬ)

Sample a batch ℬ = (𝑠', 𝑎', 𝑠'&) '($
) from the replay buffer, where si+ is Δ ∼ Geom(1 − 𝛾) steps after si :
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Policy Learning

max
!

𝔼"∼$𝒟, &∼$𝒟0 ⋅ "), )∼*1(⋅ | ",-(&))
𝜙(𝑠, 𝑎).𝜓(𝑔)
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Policy Learning

max
!

𝔼"∼$𝒟, &∼$𝒟0 ⋅ "), )∼*1(⋅ | ",-(&))
𝜙(𝑠, 𝑎).𝜓(𝑔)

𝑓<(𝑠, 𝑎, g)
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Policy Learning

max
!

𝔼"∼$𝒟, &∼$𝒟0 ⋅ "), )∼*1(⋅ | ",-(&))
𝜙(𝑠, 𝑎).𝜓(𝑔)

𝑓<(𝑠, 𝑎, g)

Same as CRL[1], except for this

[1] Eysenbach, Benjamin, et al. "Contrastive learning as goal-conditioned reinforcement learning." 2022.
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Key Assumptions on the Representations

[Assumption 1] The learned 𝑓! under the symmetric InfoNCE objective has the following  
Bayes-optimal form:

𝑓!(𝑢, 𝑣) = log
𝑝"#
$ 𝑢% = 𝑣 | 𝑢
𝑝"#
$ 𝑣 𝐶

[Assumption 2] The marginal distribution over the representations 𝜓 is uniform on 
the unit hypersphere 𝕊&'(:

𝑝"#
$(𝜓) = Unif 𝕊&'( [2] 

[1] 

[1] Eysenbach, Benjamin, et al. "Inference via interpolation: Contrastive representations provably enable planning and inference." 2024.
[2] Wang, Tongzhou, et al. "Understanding contrastive representation learning through alignment and uniformity on the hypersphere.” 2020.
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Tractable Reformulation

Assumption 1 & Markov assumption

# 1

# 2
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Tractable Reformulation

𝑓* 𝑤', 𝑤'&$ = 𝜓 𝑤' 𝑅𝜓 𝑤'&$Assumption 2  &  

𝑞' 𝑤' 𝑠, 𝑔) → 𝑞' 𝑧' 𝑠, 𝑔)
𝜓 𝑤' → 𝑧'

# 2

# 3
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Geometric Interpretation
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Geometric Interpretation
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Geometric Interpretation

s

𝜓(𝑠)

𝜓(𝑔)

g
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Geometric Interpretation

s

𝜓(𝑔)

𝜓(𝑠)

g

𝑧!
𝑧"

𝑅

𝑅

𝑅

𝑅

𝑧#
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Geometric Interpretation

s

𝜓(𝑔)

𝜓(𝑠)

g

𝑧!
𝑧" 𝑅

𝑅

𝑅𝑅

𝑧#
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Closed form Solution
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Closed form Solution
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Closed form Solution

Parameterize 𝑞+ by normalizing Gaussian samples onto the unit hypersphere :
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Closed form Solution

*

Under the small-variance assumption,
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Closed form Solution

s

𝜓(𝑔)

𝜓(𝑠)

g

𝑧$
𝑧!

𝑧+
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Closed form Solution

s

𝜓(𝑠)

g

𝑧$
𝑧!

𝑧+
Then, how many waypoints (i.e., K ) are needed for each state-goal pair?

𝜓(𝑔)
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K–selection strategy
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K–selection strategy 

: one geometric transition
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K–selection strategy

: K+1 geometric transitions

: one geometric transition
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K–selection strategy (see Appendix A.4 for the detailed derivation)

vMF likelihood & Bayes’ rule

: K+1 geometric transitions

: one geometric transition



74

i – selection strategy

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜓(𝑔)
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i – selection strategy

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜋L(𝑎 | 𝑠, 𝒛𝒊N?) 

𝜓(𝑔)

𝑠𝑒𝑙𝑒𝑐𝑡 𝑖
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i – selection strategy

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜋<(𝑎 | 𝑠, 𝒛𝒊N?) 

𝜓(𝑔)

𝑠𝑒𝑙𝑒𝑐𝑡 𝑖

🤔Are subgoals reachable by the low-level policy for all i ? 
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Proxy for reachability

- Recall the policy learning objective

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜓(𝑔)

max
,

𝔼-∼/𝒟, 1∼/𝒟% ⋅ -), 4∼5&(⋅ | -,8(1)) 𝜙(𝑠, 𝑎)
%𝜓(𝑤)

𝒛𝒊
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Proxy for reachability

- Recall the policy learning objective

𝒛𝒊

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜓(𝑔)

𝝓𝑳(𝒔, 𝒂)𝑻𝒛𝒊 ↑↑

max
,

𝔼-∼/𝒟, 1∼/𝒟% ⋅ -), 4∼5&(⋅ | -,8(1)) 𝜙(𝑠, 𝑎)
%𝜓(𝑤)
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Proxy for reachability

- Recall the policy learning objective

max
,

𝔼-∼/𝒟, 1∼/𝒟% ⋅ -), 4∼5&(⋅ | -,8(1)) 𝜙(𝑠, 𝑎)
%𝜓(𝑤)

s g

𝜓(𝑠) 𝑧!
𝑧" 𝑧#

𝑖 = 1 𝑖 = 2 𝑖 = 3
𝑖 = 0 𝑖 = 𝐾 + 1

𝜓(𝑔)

𝝓𝑳(𝒔, 𝒂)𝑻𝒛𝒊 ↑↑ 𝝓𝑳(𝒔, 𝒂)𝑻𝒛𝒊 ↓↓

𝒛𝒊
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Low level reachability : visualization

𝐿𝑜𝑤 𝑙𝑒𝑣𝑒𝑙 𝑟𝑒𝑎𝑐ℎ𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑠𝑐𝑜𝑟𝑒 ∶ 𝑓: 𝑠, 𝑎, 𝑤 = 𝜙(𝑠, 𝑎)%𝜓(𝑤)

Higher score indicates greater estimated reachability of the current policy

𝒛𝒊
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i – selection strategy
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i – selection strategy

1. Compute the 𝒇𝑳 score for each candidate waypoint representation 𝑧[

,
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i – selection strategy

2. Select the furthest waypoint whose score meets the threshold 𝜖

1. Compute the 𝒇𝑳 score for each candidate waypoint representation 𝑧[
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Overall planning algorithm

1. K-selection → 2. Closed form solution → 3. i-selection(s, g) 𝑧[∗



Experimental Results
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👀
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Benchmark Environments

Six manipulation tasks (BuilderBench) and six locomotion tasks (JaxGCRL)



87

Main Results : BuilderBench (top) and JaxGCRL (bottom)

Our method solves long-horizon tasks where baselines never achieve a single success.
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Latent Visualization : JAXGCRL 
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Latent Visualization : BuilderBench (5-tower)
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Latent Visualization : BuilderBench (4-tower)
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Does adaptivity matter? : ablation on K-selection

Fixing the number of waypoints — at any value — substantially degrades performance.

•  More waypoints is not consistently better.

•  The right K also changes within an episode as the agent nears the goal.
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Does adaptivity matter? : ablation on i-selection

The best fixed choice of i differs across environments; adaptive selection is best in both.

•  Early waypoints are safe but slow; late ones make progress but may be unreachable.

•  Adaptive i-selection method picks the furthest reachable one.
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Exploration in single-goal settings

With only one distant goal ever provided, our method still achieves a high success rate 
— directed exploration without a goal curriculum.
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Takeaways
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Takeaways

1   Adaptive planning. Adapting task decomposition to the goal-reaching problem is 
key to the benefits of hierarchy — fixing the number of planning stages substantially 
degrades performance.

2   Exploration. Our method solves long-horizon tasks where all evaluated baselines 
fail to achieve a single success, without a goal curriculum or dense rewards.

3   No extra architecture. Planning follows directly from spherical linear 
interpolation in the learned representation space — no separate high-level network, no 
planning graph.
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Takeaways

1   Adaptive planning. Adapting task decomposition to the goal-reaching problem is 
key to the benefits of hierarchy — fixing the number of planning stages substantially 
degrades performance.

2   Exploration. Our method solves long-horizon tasks where all evaluated baselines 
fail to achieve a single success, without a goal curriculum or dense rewards.

3   No extra architecture. Planning follows directly from spherical linear 
interpolation in the learned representation space — no separate high-level network, no 
planning graph.
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For more results & derivations ..

https://jonghaepark.github.io/c-slerp/
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Thank you
Any questions?
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