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Embodied Al Systems in 2026

“Can you please do the
shopping for me?”

https://www.youtube.com/watch?v=0qsqzPCLvE4



Jagged Intelligence

“The Al is unbelievably
intelligent but for some
reason it fails at X.”

“The Al s a fun toy.” “The Al is helping me “The Al has a jagged frontier,
’ in some tasks.” sometimes it’s amazing,
sometimes it’'s dumb.”

Tasks
an Al

Tasks of a
human job



Moravec’s Paradox

“It is ... easy to make computers exhibit adult
level performance on intelligence tests ..., and
difficult or impossible to give them the skills of
a one-year-old when it comes to perception and
mobility. " —Hans Moravec

MORAVECS PHRBDOX
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OFTEN EXCEL bT TASKS
PEOPLE FIND DIFFICULT
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From Reasoners to Physical Agents

OpenAl Imagines Our Al Future

Stages of Artificial Intelligence

Level 1 Chatbots, Al with conversational language
. Current
Level 2 Reasoners, human-level problem solvin -
P 9 status of Al
Level 3 Agents, systems that can take actions
Level 4 Innovators, Al that can aid in invention

Level 5 Organizations, Al that can do the work of an organization



Three Requirements for Action Experts

 Multimodal action distributions

 Real-timeinference

* Learning from experience



Action Multimodality

Multiple valid actions for the same observation.

“Grasp the mug on the table.”




Generative Policies in Embodied Al

Generative policies are becoming the action head of embodied foundation models.
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Behavior Cloning by Diffusion Policies

Imitating demonstrations

Dataset
(state, action) pairs

Training
dlffu5|on models

Capturing multimodality

Gaussian Policy Diffusion Policy

[Chietal., DiffusionPolicy, RSS 2023]




What’s Next in Generative Policies?
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[Prasad et al., Consistency Policy, RSS 2024] [Zhan*, Tao* et al., MeanFlow Policy, ICLR 2026]
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Specific Task Datasets

[DeepSeek-Al Team, DeepSeek-R1, arXiv 2025]



Real-Time Control Demands

[Physical Intelligence Team, i, 2025] [https://innotechtoday.com/autonomous-cars/]



Policy Improvement through Experience

[https://bostondynamics.com/blog/training-a-humanoid-robot-for-hard-work]



Action Generation of Diffusion Policies

Diffusion and flow policies generate actions through ODE trajectories:

1
a=x; =x9+ j vg(xe, t,5) dt.
0

t=0 ODE Trajectory t=1

>
RORRLLTONON Vg (xti t S) —

XO~N(O,I) ----- P @ ccssansnnnnnnnnnnsg > P T LELEE L b yxl_a
Xt Xt+At

|

s: the state
a: action




Output-to-Trajectory Credit Assighment

RL feedback is defined on the final executed action, while diffusion policies need to
update all intermediate vg (x4, t, 5).

t=0 ODE Trajectory t=1
>
O Vg (x¢, t s) . _
xONN(OI) ----- P @ rrssnnnsnnnnnnnnns > PR PYPTERTETELLEL L xl_a
Xt Xt+At l
! ! RL Feedback
Q(s,a)

Which intermediate velocity field
should receive how much credit?

|

s: the state
a: action




One-Step Diffusion Variants

Important: Few-step variants (MeanFlow, Consistency Models) still have ODE
dependence, i.e., all intermediate shortcuts must align with the same endpoint.

Sampling is one-step, yet training remains trajectory-level.

Reward curve

"""" Pre-trained model
- RL-finetuned model



Drifting Field Policy: One-Step Pushforward Policy

Drifting field policy (DFP) directly parameterizes the action distribution with a single-pass
pushforward map fy:

a = fy(e,s), € ~ De,

o (- 1s) = [fo (, $)]upe.

Drifting Field Policy: A One-Step Generative Policy
via Wasserstein Gradient Flow

Juil Koo Mingue Park  Jiwon Choi  Yunhong Min  Minhyuk Sung

s: the state
a: action




Comparison to Diffusion Policy

Diffusion Policy

ve(:, t,5)
T 2N

xO xt x1 =a

Drifting Field Policy

€ ~pe = fo (-, 5) I—' a

Pushforward map generation

ODE-based generation

* One-step action generation.
* No ODE trajectory — No output-to-trajectory credit assignment.



Drifting Fields for Distribution Matching

* p:datadistribution
* q = [folupe: pushforward distribution induced by a single-pass function fj

The drifting field V,, , = V; — moves generated particles x toward positives p and aw
ay from

® Positive samplesy © ~p

Negative samplesy ~ ~¢q

Drifting Field Construction

Vy () =V (%) -
_ Ey+ [k, y (T = 2] ~ E [k(x,v )y —x)]

Ey+p[k(x, y )] E [k(x, v )]

_ llx-ylI>s. .
k(x,y) = exp(— —> ): Gaussian kernel




RL Finetuning Objective

RL finetuning aims to match the reward-tilted target distribution as follows:
mt(-|s) = arg max Eq-ncisy|@p (s, )| — aDyp (e (- |5) || Tora (- |5))

_ mgalals)exp(Qy (s, @)/a)
B Z(s)

Q4 (s, a): a critic network that estimates the value of a state-action pair (s, a).
To14: 0ld policy (soft-updated).




Policy Improvement as Distribution Matching

Same training objective, different target distribution.

Distribution matching: p = pyata

Policy improvement: p = ™t n*(als) «x myg(als)exp(Qqy (s, a)/a).

4 N
2
Lariee(0;0,q) = Ecyp, [”x — sg (x +V,, (x)) ” ] ,where x = fy(e), (Distribution Matching)

LPI(H; mT, T[Q) = [Es,e

T ,TTg

2
a—sg (c’i +V_+ (c’i))” ],Where d = fy(€,s). (Policy Improvement)

A\
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[Koo et al., Drifting Field Policy, arXiv 2026]



Policy Improvement as Distribution Matching

Same training objective, different target distribution.

Distribution matching: p = pyata

Policy improvement: p = ™t n*(als) «x myg(als)exp(Qqy (s, a)/a).

4 N
2
Lariee(0;0,q) = Ecyp, [”x — sg (x +V,, (x)) ” ] ,where x = fy(e), (Distribution Matching)

LPI(H; mT, T[Q) = [Es,e

T ,TTg

‘& — sg (c’i +V_+ (c’i)) Hzl ,where @ = fy(¢,s). (Policy Improvement)

\ DFP directly updates the generated samples toward high-value
regions, without output-to-trajectory credit assignment. Y

[Koo et al., Drifting Field Policy, arXiv 2026]



Interpretation of DFP Update

Vn"’,ng (als) — hz [Valog nl;l_de(als) - Valog 7T(S’,kde(als)] (1)
1
o~ Ean(p(S, Cl) + (Valog T[old(als) — Valog 7T9(Cl|5)) (2)
V,Q, ascent Trust region around 144

via score matching

It updates the particle toward high-value regions, while preventing it from deviating too f

ar from 4.

(1): By the drifting field / score matching connection.
(2):ByVlogn™ = iVQ + Vlog 14

[Koo et al., Drifting Field Policy, arXiv 2026]



How to Approximate ™

T |s) =

oia(als)exp(Qy(s, @) /a)

Z(s)

We approximate the ideal target policy m* with an empirical top-K samples from m4:

Pk (s) == TopK; qu(S’ a(j))'

‘V/ t.op-K
X """"+ e o

a®, .., a®™ ~ 740 |5).

\.

Practical Approximation

1. Sample N candidates from myq4(als).
2. Score candidates with Q.
3. Selectthe top-K high-value actions.

4. Update gy toward the top-K region.

|d —sg (& + VPKJTQ(@)) ” 2]

Ltop—K(e; Py, 7T9) — [Es,e

J

[Koo et al., Drifting Field Policy, arXiv 2026]




DFP Algorithm

Algorithm 1 Drifting Field Policy (DFP), RL fine-tuning

Input: BC-pretrained policy 7g(:|s) = [fo(-, )] pe and critic Q4
Initialize old policy mo1q — 7o
for RL finetuning step do
Update 6 by minimizing Lsc(0) + A Liop-k (0)
Update ¢ via the Bellman backup
Update old policy: 0o1q < 70 + (1 — 7) 014
end for

Lgc: Behavior cloning regularization with stored data.

[Koo et al., Drifting Field Policy, arXiv 2026]



Experiment Results



Comparison to Diffusion Policies

Success Rate
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[Koo et al., Drifting Field Policy, arXiv 2026]



Qualitative Results

MVP (MeanFlow-Based) DFP (Ours)
[Koo et al., Drifting Field Policy, arXiv 2026]




Top-K-of-N Ablation Study

With N = 16, DFP is robust across K, with the best performance at K = 4.
All DFP variants outperform MVP (80.4 avg.).

Robo. Cube-2. | Cube-3. | Cube-4. | Avg.
K=1 |95.0 99.7 54.5 94.2 85.8
K=2 ]94.6 100.0 76.2 96.8 91.9
K=4 |93.9 99.7 90.4 98.4 95.6
K=8 |88.6 99.8 85.5 96.2 92.5

[Koo et al., Drifting Field Policy, arXiv 2026]



Conclusion

Action experts require:
1. Multimodal action generation
2. Real-timeinference
3. Policy improvement through RL

 Diffusion policies have made progress, but a mismatch remains in RL training: action-
level feedback and their ODE-based parameterization.

* DFPremoves ODE dependency with a single-pass pushforward policy:
1. One-step generation.
2. Direct updates of generated actions toward high-value regions.

* Candrifting models become a general alternative for RL finetuning generative models?
1. How can we scale drifting models to high-dimensional outputs?
2. How can we leverage pre-trained diffusion models?



Thank You
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