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ICML

Overview

Tutorial and Main Conference Registrations are

Workshop registrations are still open and authors of accepted posters can still register see
full details. For information on capacity and venue WiFi limits read our blog post.

o 1c

Latest Announcements

Stay updated with conference news

LR 2026 *.

IS page for

A Massive Crowd

« 20,456 attendees were reportedly on site

« Koreans seem to enjoy attending conferences and
studying
* ICML rented every hall at COEX, making it much

more comfortable than last year's CoRL

* |[CML Has Deep Pockets

Y « Quant firms must have plenty of money (Citadel,
Jane Street, etc.)

« Corporate booths served free ice cream and
barista-made coffee (at nearly every booth—mostly
quant firms)

« Quiz contests that felt like 1Q tests offered prizes (|

won an AirTag)



ICML Overview

ICML 2026

Seoul

Explore side events at ICML. July 6-11, Seoul, South Korea.

Events

No Upcoming Events

Follow

Past Events

Jul 11

Al4Science @ ICML Afterparty

Soju Is All You Need @ ICML Afterparty
<«

'!1'{1{‘(7243

Jul 10

(un)official ICML house party x NONCE
€@

i T

®* Many Luma networking events brought

 rotow
together researchers with similar interests
® These days, almost every computer vision lab
has at least one robot arm
: Eo ® Some professors use Claude Code/Codex for

12 13 14 15 16 17 18

19 20 22 23 24 25

B solo research and paper writing (Prof. Min-hwan
Oh, Seoul National University)
®* More robotics researchers attended ICML than
expected

®* Many VCs want to invest in Al/robotics



Networking Events

ICML 2026 | i BLURLD £ o <zs>

ML2

seoul: .- [ e Free Lunch Theorem
Opening ' £ 4 i 2026 Free Lunch @ ML2
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Sunday, July 5, 2026
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Networking Events

OpenAl Meetup

AI for Science Meetup guys | just cancelled my Claude plan | don't know what happened

what happens when you put a kpop girl group in front of a room of ai
researchers? #icm|

!i!lipttonotiint

Chungha at the OpenAl party
was so awesome that some
people canceled Claude




RLWORLD Networkin




RLWORLD Networking
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Academic Celebrities

®* More robotics researchers attended ICML than expected!
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| Levi

Chelsea Finn

Perhaps they were
attending RSS?




Workshop Talks

Data-Driven Control

Emergent Physical Generalization

Sergey Levine
UC Berkeley
Physical Intelligence

Chelsea Finn

S:anfo:d R I S
|NlELlI5ENCE

T physicalintelligence.company

Generative Modeling for Multimodal Al Agents:
Reasoning, Action, and Simulation

ICML 2026 SCALE Workshop *

Minhyuk Sung
KAIST

The problem with scalar rewards & preferences

People are really bad  a. Leads to major misalignment

at specifying it.
b. Leads to overlooked dimensions of behavior.

Generative Adversarial Harness

Strong focus on basic task completion.

B B N S RoboReward s
e N ! | (aﬂobumeler I
| & =

TOF'Reward = L, - OB B8

Kangwook Lee

KRAFTON / Ludo Robotics

Joint work with Beomhan Baek, Junsoo Oh, Seonho Lee, and Junhyuck Kim.




Poster Session
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New Information

\

Dispersion

Research Ideas

Fresh Inspiration

Next Paper Topic

11



Key Issues Iin Robotics Research

®* Data-Driven vs. Theory-Driven Improvements: Which Is Better?
® RL vs. SFT: Which Is Better?

® RL Limitations: How Can We Address Them?

® Limitation 1: Reward Design Is Difficult

®* Limitation 2: Rewards Are Scalar

® Limitation 3: Actor Distributions Tend to Collapse to a Single Mode
®* Limitation 4: RL Fine-Tuning After IL Leads to Poor Exploration

® Limitation 5: Long-Horizon Policies Are Hard to Learn

® Limitation 6: Poor Generalization



Key Issues in Robotics Research

®* Data-Driven vs. Theory-Driven Improvements: Which Is Better?

® RL vs. SFT: Which Is Better?

® RL Limitations: How Can We Address Them?

®* Limitation 1: Reward Design Is Difficult

®* Limitation 2: Rewards Are Scalar

® Limitation 3: Actor Distributions Tend to Collapse to a Single Mode
®* Limitation 4: RL Fine-Tuning After IL Leads to Poor Exploration

¢ Limitation 5: Long-Horizon Policies Are Hard to Learn

® Limitation 6: Poor Generalization
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Data-Driven vs. Theory-Driven Improvements

® Data-Driven
® Pure Data Scaling
®* As with LLMs and VLMs, scaling data may produce emergent abilities

® Theory-Driven Improvements
® Structured Representations
® Physics in the loop



My Opinion

® After the discussion, | was left thinking that China may win through sheer scale
in data collection, given its weaker privacy and human-rights protections

® China's large market is said to accelerate technological progress, as many
Chinese professionals return after working at U.S. Big Tech firms



My Opinion

® After the discussion, | was left thinking that China may win through sheer scale
in data collection, given its weaker privacy and human-rights protections

® China's large market is said to accelerate technological progress, as many
Chinese professionals return after working at U.S. Big Tech firms

®* But we lack data, large-scale GPUs for training, and top talent returning from
U.S. Big Tech, so we need to focus on theoretical solutions

® |n any case, both high-quality data and theoretical advances are essential to

learning
®* A central research question: where and how should structural knowledge be
injected into data-driven models?



The Success of LLMs

| Pre-Training I:Sizg-e{xl:ii(; ‘ Reasoning RL |

“Simulating” “Aligning” “Surpassing”

World Modeling Finiglc'fr?ing Physical RL

“The Great Parallel”

Robotics' End Game: Nvidia's Jim Fan



Data-Driven: Pure Data Scaling

®* As with LLMs and VLMs, scaling data may produce emergent abilities

ICLR 2025 Oral Presentation
Best Paper Award at Workshop on X-Embodiment Robot Learning, CoRL 2024

Fangi Lin"%%", Yingdong Hu"43", Pingyue Sheng', Chuan Wen'?3, Jiacheng You', Yang Gao'43

1Tsinghua University, “Shanghai Qi Zhi Institute, 3Shanghai Artificial Intelligence Laboratory
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Data-Driven: Pure Data Scalin

®* As with LLMs and VLMs, scaling data may produce emergent abilities

-

\\

-
—
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A comprehensive study ondata scaling
niimitation learning.for robotic manlpulatlon

/ N
™~

, !} Over 4OI’({ demonstratlons
- | I

Over 15K real-world evaluation rollouts ‘




The Problem: Not Enough Robot Data



How Can We Collect Robot Data?

®* Teleoperation

Mo  (ator
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How Can We Collect Robot Data?

* UMI




v .
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Source: Forbes article on Generalist. Apr. 2026

Source: Sunday Robotics, 2026




How Can We Collect Robot Data?

® Data From Human Video

24



Learning From Human Video

- i
=amiieiee s e

Autonomous Policy Rollouts (8x)




How Can We Use Robot Data
Efficiently?



Data-Efficient Learning

®* DexMachina: Functional Retargeting for Bimanual Dexterous Manipulation

(Shuran Song, Dieter Fox, et al.)
® Functional Retargeting enables a robot to interact with an object from a single demo

-



Data-Efficient Learning

®* DexMachina: Functional Retargeting for Bimanual C
(Shuran Song, Dieter Fox, et al.)

® Functional Retargeting enables a robot to interact with an object from a single demo

iexterous Manipulation

RN ﬁ“ %(

Many human demonstrations:

e Are naturally hong-horizon

e Contain mid-air object manipulation

e Require precise bimanual coordination

But a naive RL policy:

e Gets stuck at early failures

e Choose suboptimal actions that
cannot achieve the full sequence



Data-Efficient Learning

®* DexMachina: Functional Retargeting for Bimanual Dexterous Manipulation

(Shuran Song, Dieter Fox, et al.)
®* Functional Retargeting enables a robot to interact with an object from a single
demonstration

ﬁ\ Task 2(
Reward

g: Virtual Object Controllers (VOC)

X
. .
o Motion 2 -
Reward i‘ E S
3 g
Contact '§)§ Early Training Mid Training Late Training
- Reward & Strong VOC Weak VOC No VOC
Hand-Object - s

Demonstration RL Reward Terms Auto-Curriculum Learning

29



Data-Efficient Learning

®* DexMachina: Functional Retargeting for Bimanual Dexterous Manipulation

Hand-Object
Demonstration

30



Data-Efficient Learning

® Learning to Move Before Learning to Do: Task-Agnostic Pretraining for VLAS
¢ Use failed trials and random play—not just expensive expert demonstrations—as physical
pretraining data
Self supervised learning  Fine tuning

: . i i Stage 2: Task-Specific Alignment
Existing Datasets (Bridge, OpenX, etc.) Real-World Deployment Stage 1: Task-Agnostic Pretrain 2 . 2

1 Discard Instructions 1 Autonomous Exploration
Fast+ Decoder Fast+ Decoder

(a) Task-Irrelevant Trajectories (b) Self-Exploration Trajectories

Pretrained VLM Model Task-Agnostic Pretrained Model

\\; . .i :}' (0t 0¢41)

“How to move” “What to do”

“push the pumpkin to the left”

(A) What is Task-Agnostic Data? (B) Task-Agnostic Pretraining(TAP) framework

How to move: physical/kinematic competence
What to do: language—task alignment

31



Human Ingenuity from Data Collection

" R
. e
I T g
!

autonomous, 4x, 00:00
E _ O

autonomous, 2x, 00:00 3 - :
SN ' S

-
(*

Wrapping sock on gripper to invert it Mashing plastic bag on the table to open it

32



Physics in the loop

®* PhysHanDI: Physics-Based Reconstruction of Hand-Deformable Object
Interactions
®* Estimate 3D hand motion from video
®* Run deformable-object simulations using hand-applied forces

® Generate physically plausible object deformations
® Use inverse physics to refine the hand pose

Hand Interaction Modeling
r MANO Model —| 1. Hand Reconstruction ]
- . Hand Vertex
: O object Node Interacting
» 27 P Virtual Spring Fit the Model 3D Hands Prior
| to Input RGB-D
")

2 Object Reconstruction ]

Physics-Based
Object Prior

L Deformable Object

Spring-Mass Model

[ 3. Hand Refinement ]




Physics In the loop

®* PhysHanDI: Physics-Based Reconstruction of Hand-Deformable Object
Interactions




Key Issues in Robotics Research

® Data-Driven vs. Theory-Driven Improvements: Which Is Better?
® RL vs. SFT: Which Is Better?

® RL Limitations: How Can We Address Them?

®* Limitation 1: Reward Design Is Difficult

®* Limitation 2: Rewards Are Scalar

® Limitation 3: Actor Distributions Tend to Collapse to a Single Mode
®* Limitation 4: RL Fine-Tuning After IL Leads to Poor Exploration

¢ Limitation 5: Long-Horizon Policies Are Hard to Learn

® Limitation 6: Poor Generalization

35



RL vs. SFT: Which Is Better?

® Retaining by Doing: The Role of On-Policy Data in Mitigating Forgetting

Learning Target Dist.
with Prior Knowledge
(LM Fine-Tuning)

Prior Knowledge
(old mode)
Y

AN Target
(new mode)

= TT O (y) Training Policy
-7 (y) Optimal Policy

Forward KL (Supervised Fine-Tuning)

t=1

The new mode stretches out

T

,\\Large Drop t

/7 \

Tﬁ-—-—m

Takes mass from the old mode

Reverse KL (Reinforcement Learning)

t=1

Negligible Drop t=T

The new mode maintains its shape and shifts towards optimal
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RL vs. SFT: Which Is Better?

® Retaining by Doing: The Role of On-Policy Data in Mitigating Forgetting
®* When adapting to the same new task, compare whether RL or SFT better preserves
prior capabilities
® RL tends to forget less than SFT while achieving similar or higher target-task
performance
®* This is due to differences in data distribution

® SFT: off-policy learning that imitates fixed teacher responses
® RL: on-policy learning using responses generated by the current model

®* Whether learning is on-policy is the key factor explaining differences in

u
fO r ettl n ) ) Forward KL (Supervised Fine-Tunin
g g Learning Target Dist. (Sup g)
with Prior Knowledge ; =1 plLarge Drop =T
(LM Fine-Tuning) 1\ Sampling Dist. N \
Prior Knowledge =0 | L CainS=
(old mode) ol il - i
N The new mode stretches out Takes mass from the old mode

Target
(new mode)

Reverse KL (Reinforcement Learning)
t=1 Ng‘gligible Drop t=T

\
/ \ Sampling Dist.
\

m— T Y (y) Training Policy

--=7 (y) Optimal Policy

The new mode maintains its shape and shifts towards optimal



RL Limitations: How Can
We Address Them?




Key Issues Iin Robotics Research

¢ Data-Driven vs. Theory-Driven Improvements: Which Is Better?
® RL vs. SFT: Which Is Better?

® RL Limitations: How Can We Address Them?

® Limitation 1: Reward Design Is Difficult

®* Limitation 2: Rewards Are Scalar

® Limitation 3: Actor Distributions Tend to Collapse to a Single Mode
®* Limitation 4: RL Fine-Tuning After IL Leads to Poor Exploration

® Limitation 5: Long-Horizon Policies Are Hard to Learn

® Limitation 6: Poor Generalization
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RL Limitation 1: Reward Design Is Difficult

®* Complex human objectives are difficult to specify with hand-crafted rewards
® Inverse Reinforcement Learning
®* RL from Preference



RL Limitation 1: Reward Design Is Difficult

®* Complex human objectives are difficult to specify with hand-crafted rewards
®* Relative preferences can address this to some extent

“How good is this trajectory?” ﬁWhich trajectory is better?x

: \ /

Relative preferences are easier to provide!

Chealsea Finn, ICML 26 SCALE Workshop 41



RL Limitation 1: Reward Design Is Difficult

®* Learn rewards indirectly from human preferences! (PbRL)

®* From Reward-Free Representations to Preferences: Rethinking Offline Preference-
Based Reinforcement Learning

® Video-Based Optimal Transport for Feedback-Efficient Offline Preference-Based
Reinforcement Learning

®* PAWS: Preference Learning with Advantage-Weighted Segments
® Rethinking the Hardness of PbRL: A Provable General Regret Bound




RL Limitation 1: Reward Design Is Difficult

®* Learn the policy directly from human preferences! (No Explicit Reward

Model)

®* TUR-DPO: Topology- and Uncertainty-Aware Direct Preference Optimization

®* Task-Aware Preference Calibration for Direct Preference Optimization

® Layer-wise Gradient Disentanglement: Decoupling Semantics and Preferences in

Direct Preference Optimization

® Distributed Direct Preference Optimization

® Spurious Correlation Learning in Preference Optimization: Mechanisms,
Consequences, and Mitigation via Tie Training

® Causal Direct Preference Optimization for Distributionally Robust Generative
Recommendation




RL Limitation 2: Rewards Are Scalar

® |In standard RL, rewards are sparse and represented as scalars

ﬂWhiCh trajectory is better?h Standard sparse reward Standard preferences

9

— 1 P S—
—> 1 ?
—_— ] — D —

Chealsea Finn, ICML 26 SCALE Workshop 44



RL Limitation 2: Rewards Are Scalar

ﬂ Which trajectory is better?x

Standard sparse reward Standard preferences
2

S— 1 — v e—

Freeform preferences

. J SN

Chealsea Finn, ICML 26 SCALE Workshop 45



RL Limitation 2: Rewards Are Scalar

®* Enrich Reward Information with Natural-Language Feedback

Freeform Preference Learning

‘{ small plate '
placement A< B

1. Describe axes of feedback (up front or

< speed A on-the-fly!)
| <‘f ot 2. Label preferred trajectory along each
: large plate A> B .
” ; axis.
{ smoothness , <8

Natural language text feedback

- can capture and describe many dimensions

- easler to specify correctly than single reward or preference

- can naturally express both coarse and detailed feedback

Chealsea Finn, ICML 26 SCALE Workshop 46



RL Limitation 2: Rewards Are Scalar

®* Enrich Reward Information with Natural-Language Feedback

® Expanding the Capabilities of Reinforcement Learning via Text Feedback
¢ Standard RLVR receives only one bit of correctness feedback—1 or 0—for an entire rollout
® The paper introduces text feedback as an intermediate form between scalar rewards and full
demonstrations
®* For example, instead of simply giving reward = 0O, provide feedback such as: “The approach is
correct, but independence was incorrectly assumed in the third step.”

Reinforcement Learning from Text Feedback (RLTF)

Feedback c, [ “You made a critical error in identifying cell (2,2) asa0...” ] Reasoning Math Creative Writing
Turn 1 Turn 2 Ly _ +213% -2 +14%| 8- +22%
iz +9% +16%
Promp Pollcy Reward Judge Pollcy Reward ! 71
Yo— Iy, + y; —r —RL 0.30 -
S 061
P I 0s 0.869 0.921 0423 0.336 7.755 > 205
S olic :
+ Self Distillation X, —> y vy, — A, —RL o2 [0-298 6375
* 0.2 1‘ 2
or ~ . 0.294
_ Policy Judge 0.0 0.20 4
+ Feedback Modeling Xo — * — Yo Co — SFT
(] [ GRPO [ Self Distillation = [ Feedback Modeling

. -



RL Limitation 3: Actor Mode Collapse

® Actors trained with recent RL algorithms often have highly unimodal

distributions
® E.g. Evolving Curricula with Regret-Based Environment Design (ICM Lag@geetagent gitnubior

Train
Curator on generated level < Generate new level
. ‘l'
4 )
Select replay level

Generator

a
g R
‘ Update with level » ’ Update with regret ’

Student \_




RL Limitation 3: Actor Mode Collapse

learn fp(x) +— arg ming D D |Ffo(x:) —wil? x* = arg max fg(x)
xX

Adversarial Noise

more formally: fp(x) is correct for x ~ p(x)

fo(x) has no reason to be correct for out of distribution x

a version of this challenge shows up in every
data-driven decision-making problem

optimizing over the inputs to a neural
network can yield almost any output

Sergey Levine, ICML 26 Decision-Making Workshop
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RL Limitation 3: Actor Mode Collapse

® Distribution shift also occurs in RL...

Q-learning: what is the objective?

Qe,2) ¢ rs,a) +mg=Q(s’,2) i B a)rs(s.0) [(Q(S,) — (s, a))?]

Q
actor-critic: / \

, _ target value
Q(s,a) < r(s,a) + Earnr[Q(s',a')] behavior policy
T = arg maXy Ear(als)[Q(S,a)]

we have distributional shift when mg(als) # w(als)

Adversarial Noise
This is just like what we saw before in the

simple case, just at every time step when
learning the Q-function!

{umar, Fu, Tucker, Levine. Stabilizing Off-Policy Q-Learning via Bootstrapping Error Reduction. NeurIPS 19

Sergey Levine, ICML 26 Decision-Making Workshop o0



RL Limitation 3: Actor Mode Collapse

® Towards Online RL

given MDP M = {S, A, T,r,~v}
and D = {(s,-, u,-..s-:, r‘-)}

and interactions with M

reward

n
j=1

offline-to-online RL re— sequential decision

why does this happen?

offline
phase

|

online
phase

Nakamoto, Zhai, Singh, Mark, Ma, Finn, Kumar,
Levine. Cal-QL: Calibrated Offline RL Pre-
Training for Efficient Online Fine-Tuning. 2023

given MDP M = {S§, A, T,r,9
and D = {(s;, a;. a: ri) i,
find policy 7 : s > a

with largest total reward

It’s very hard to figure out a method
that trains value functions both
offline and online

conservative value
functions have
high OOD error

when we start
collecting online
data, these points
might no longer
be OOD!

Sergey Levine, ICML 26 Decision-Making Workshop



RL Limitation 3: Actor Mode Collapse

®* Model the actor distribution with diffusion/flow matching

Q(Sa El) — T(S, El) g s Ea’wfr[Q(S’f a!)] 11511 E(s.a)ww,.g(s.a) [(Q(S a) o y(s, a))?]
m = arg maxXy Far(als)|Q(s,a)] s.t. D(m,m5) < e

“policy constraint method”

Problem: it can be very hard to make this work while avoiding “adversarial” actions

p(a) t (surprising) key idea: use a very powerful policy class (diffusion, flow matching)
.
problem: RL with diffusion model actors is difficult
A3 because it’s hard to get gradients w.r.t. model likelihoods
a

if we can train very expressive actors (e.g., diffusion), policy constraints can work well offline and online

Sergey Levine, ICML 26 Decision-Making Workshop 59



RL Limitation 3: Actor Mode Collapse

®* Replace Gaussian actor distributions with conditional diffusion
® Steering Your Diffusion Policy with Latent Space Reinforcement Learning (CoRL 25)

start by training a diffusion policy on offline data with imitation learning

N

s
D ={(s,a,s")} JL — ?po(S, W) — |

a

%, i

DSRL: Diffusion Steering via Reinforcement Learning

W
i sr = W 13 A
. _ 1 - W m -
o o [ — v -
R w~ 7" (8)

R Training )

Sergey Levine, ICML 26 Decision-Making Workshop 53



RL Limitation 3: Actor Mode Collapse

®* Does conditional diffusion alone completely solve mode collapse” No.

®* Even if a conditional diffusion actor initially represents multiple modes,
maximizing expected return with RL can concentrate probability on the highest-
reward mode

® Because Gaussian actions cannot easily represent multimodal distributions



RL Limitation 3: Actor Mode Collapse

®* Representing Multimodal Distributions
* Sample-Efficient Diffusion-based Reinforcement Learning with Critic Guidance

Gradient-based Method Sampling-based Method

Low Diversity

@ Excessively Diverse
l ‘ | 8

Slow Improvement

Overly Concentrated

rlr'.llr

L= figlEy, 8, ¢) 4+ 1y -

Critic-Guided Diffusion Policy Optimization [dmlls + €
.n'::“ r(8,1,e) = wls) ||E { [;:’”. s, I']IH':
Feedback /\ | o " Better Performance
50 o (o) (=) =9
oY % A7 t
‘ 0 Diffusion Policy Guidance

2 =

— ”
Interact -

Environment e
Critic Model Exploration & Exploitation
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RL Limitation 4: Poor Exploration After IL

® A behavior-cloned policy has an action distribution concentrated around
demonstrations, so subsequent RL fine-tuning cannot explore sufficiently novel actions



RL Limitation 4: Poor Exploration After IL

®* TMRL: Diffusion Timestep-Modulated Pretraining Enables Exploration for Efficient
Policy Finetuning (RSS 2026)




RL Limitation 4: Poor Exploration After IL

®* TMRL: Diffusion Timestep-Modulated Pretraining Enables Exploration for Efficient

Policy Finetuning (RSS 2026)

® Two Proposed Methods
®* CSP (Context-Smoothed Pretraining): add diffusion noise to observations/contexts during pretraining so the
policy learns distributions ranging from narrow BC behavior to broad action distributions
® TMRL.: directly control the diffusion timestep during RL to learn when to explore broadly and when to act
precisely

58



RL Limitation 4: Poor Exploration After IL

®* DF-ExpEnse: Diffusion Filtered Exploration for Sample Efficient Finetuning
(shuran song)

LB
_——---"'-""'- e EEr s cm.
——————
------
- - -

-

- b B
- .
- -

- i
-— ~.

(A &) [€] ) .
O 5] [3] [3]
2 |2 FFE

. |

L o

— 4 4Wva

(a) (c)

Diffusion Filtering Ensemble Evaluatlon Fleet Normalization



RL Limitation 4: Poor Exploration After IL

®* DF-ExpEnse: Diffusion Filtered Exploration for Sample Efficient Finetuning

(shuran song)
® Starting point: a

diffusion policy behavior-cloned from offline demonstrations

®* ng-(als): Fine-tuning the policy with online RL creates two problems

® First, the BC poli
® Second, random

cy repeatedly samples only near actions seen in demonstrations
exploration in continuous action spaces is too risky or inefficient

® In short, the method addresses being trapped near the IL policy while avoiding

useless data from completely random departures
® Sample multiple action candidates from the diffusion policy, then use a critic ensemble

to estimate each action's performance (Q-value) and uncertainty

®* Build a UCB obj

scoring action

ective with mean value + uncertainty bonus, then execute the highest-



RL Limitation 4: Poor Exploration After IL

®* Behavioral Mode Discovery for Fine-tuning Multimodal Generative Policies
®* Fine-tuning a multimodal generative policy such as a diffusion policy with RL improves
success rates but can collapse behavioral diversity
® First discover multiple behavioral modes already latent in the pretrained policy, then
add an intrinsic reward during RL fine-tuning to keep the modes distinct

Inference Model Steering
21 z St

|
S (2]s) |
t+1—» (p(2|S T
‘ \‘ . 3| 2 . R
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RL Limitation 5: Long-Horizon Learning

® Directly Improve Long Rollouts in a World Model
® Offline Reinforcement Learning with Universal Horizon Models

Universal Horizon Models: n ~ pg,Vpy € A(N)
Single-Step Models: n ~ §(1)

. ?«L

Geometric Horizon Models: n ~ Geom(1 — 7)

"_.«
N—
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RL Limitation 5: Long-Horizon Learning

®* Tackle Temporal Credit Assignment in Long-Horizon Tasks
® Use Intermediate Progress as Reward

® Intrinsic Credit Assignment for Long Horizon Interaction

® Instead of giving only a final-answer reward after a long interaction, reward the step-by-step
iIncrease in the agent's belief in the correct answer

GRPO ABelief-RL
Trajectory-Level i Turn-Level Credit Assignment
Turn 1 i . 0.6
N : ABelief Reward
, X | 3
Turn 2 | logpy | t+]) log p(y |*.1) =05
; i _ S
- Y J ‘/r & 0.3 —e— GRPO
— N - Turn ¢ 0ol ABelief-RL
i Change in agent s beliefs | | | | | |
Outcome ] | 0 10 20 30 40 50 60
\

Training Step

Intrinsic Credit Assignment — Better Training Signal




RL Limitation 5: Long-Horizon Learning

®* Tackle Temporal Credit Assignment in Long-Horizon Tasks
® Use Intermediate Progress as Reward

| Can freeform preferences enable temporal credit assignment?
s - freeform preference axes correspond to subtasks
® - preferences provided at trajectory level

Reward dimension for Quality of placement of: [[|Big plate [ |Small plate []|Cup []Cutlery

Binary Preference Learning major credit

assignment error

Freeform Preference Learning

/ | / o~ | K5
| | ~ |
( | [
big plate fail placing small plate cup cutlery big plate | fail placing small plate cup no event cutlery
placed| small plate| placed placed placed " placed| small plate placedi placed jachieved |placed
| | | —

-
A

Reward per step

Reward per step

B
-3
.

A-/ J-\/-"/
- | 1] 15 o | 5

Chealsea Finn, ICML 26 SCALE Workshop
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RL Limitation 6: Poor Generalization

®* Compositional Generalization After Learning Subtasks/Skills

®* Compositional Transduction with Latent Analogies for Offline Goal-Conditioned RL
® Extract reusable behavioral changes/skills from the training data, then combine them in a new
context to perform unseen tasks

Temporal distance geometries

: (D) : f))]
4-Eh task binck Do ~ quasimetric subspaces M induced by F 3-th ta.sk block B,
So the temporal distance d* s, (opening drawer ) g,
4 o™

;I

en __ _en
252 g2 — z53|5‘3

M= (Z°",d")

Temporal distance difference field

coordinate-free signature of the
task-endogenous displacement
under temporal distance geometries

H(S, g)(x) m= d*(xwg) o d*(x,s)

a(sg, go) = a(s1,91) a(s2, g2) = a(ssz, g3)




Summary

®* Data-Driven vs. Theory-Driven Improvements: Which Is Better?
A: Both matter, but we should prioritize theoretical advances

® RL vs. SFT: Which Is Better?

A: Results suggest RL is somewhat better (on-policy learning)

® RL Limitations: How Can We Address Them?

® Limitation 1: Reward Design Is Difficult

®* Limitation 2: Rewards Are Scalar

® Limitation 3: Actor Distributions Tend to Collapse to a Single Mode
®* Limitation 4: RL Fine-Tuning After IL Leads to Poor Exploration

® Limitation 5: Long-Horizon Policies Are Hard to Learn

® Limitation 6: Poor Generalization

A: RL is young, leaving ample room for impactful research



