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NEO
Home Robot

Product FAQ

Standard $499/mo
+ Monthly Subscription
« Starter Productivity Package
« Standard Delivery

Early Access $2
« Ownership with 3-Year Warranty
« Premium Support

fE'DiOlUSCUCIHB :_E A « Priority Delivery

RISTORANTE |[TALIAND  coomas

$200 Deposit Due Today

Carnegie Mellon Univers
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How far are we from
general robots
in our home?

Carnegie Mellon University



A Reliability
SR

How far are we from
general robots
in our home?

generalization
#task

>

Carnegie Mellon University



RO bOt ICS IN Ax speed, unsc-é:e:ﬁ"chga‘n; : ' RT-1 Controlling the robot

2022 v ORI T R

|

(S

RT-1 Google Instruction: Bring me the rice chips from the drawer.
’ Current step: go to the drawers

Pick and place in structured env



Robotics in
2024

Pi—0, Physical

i - % — 5____‘_‘&\%
1“-“-‘_—-_‘_‘_‘-‘__‘_'_‘—‘—-—_.
autonomous, 2x speed ‘

Intelligence Laundry i



Robotics in _ 1 .

Human: put the laundry in the laundry basket

2025 - e

Pi—0.5, Physical /

autonomous, 10x speed

Open-world Mobilel Maripgtatios :

8 Carnegie Mellon University



Robotics this
week

ACT-1,
Open-world MoBiLlﬁqMérgjpulation




More data,
better generalization

Scaling Performance with Pretraining Data & Compute

=2
1.45%x10 % Pretraining Dataset

1.4 x 1072 14.1% of data
28.2% of data
42.3% of data
1.3 x 10~2 56.3% of data
70.4% of data

1.25x107? 84.5% of data
' 100% of data

Figure Helix

1.35x 1072

1.2 x 1072
1.15x 1072
1.1 x1072

1.05x 1072
.. @

Figure 4. GEN-0Q is trained on orders of magnitude more real-world manipulation data than some
of the largest robotics datasets that exist to date (as of Nov 2025).
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Data Scaling Law shown by Generalist Al

Thttps://generalistai.com/blog/nov-04-2025-GEN-0
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More data , Success Rate doesn’t scale with more data
better genera | izatio n ShirtEasy ShirtMessy Number of Demonstrations

Shirt-100% 75% 70% 8,658

Shirt-75% 75% 70% 6,493

Shirt-50% 85% 20% 4,329

Shirt-25% 30% 0% 2,164

i i i | Shirt-25%-LongFilter 30% - 1,623

But not reliable in new Environment! i N - b
Shirt-25%-ShortFilter 40% - 541

ALOHA Unleashed?

=
o

o
©
1

o
o
1

Average Task Progression

Bl | BM finetuned
0.0 B | BM finetuned [TRI-Ramen]
B LBM finetuned [TRI-Ramen-50%]

Pi0 Zero-shot deployment in GRASP Lab' Lo fnetunea (TR-Ramer-25%)

B Single Task

T T T
0 0.15 0.5 1.0

1https://penn-pal-lab.github.io/Pi0-Experiment-in-the-Wild/ Fraction of fasicSpecific bata _
2https://aloha-unleashed.github.io/ Large Behavior Model3
Shttps://toyotaresearchinstitute.github.io/lbm1/
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Master skills via RL Bootstrapping

A Reliability A Reliability
SR SR

I ——>| RL Bootstrapping

More Data
>
generalization generalization
#task #task
“ChatGPT” “Deepseek-R1”

12



Master skills via RL Bootstrapping

< | Timing Belt
Assembly ___ggU'®

Dyna-1 RL-1002

Thttps://www.dyna.co/dyna-1/research
2https://lei-kun.github.io/RL-100/
3https://hil-serl.github.io/

HIL-SERLS3



Can we achieve both?

A Reliability
SR

> RL Bootstrapping

>>> PLD.VLA = ... #OpenVLA, Pi@, Octo,
>>> PLD.robot = YAM_REAL_01()

A >>> PLD.task = 6PU_Insertion()
>>> PLD.Reward = binary()
More Data >>> PLD.train()

VLA_star

———————————>
generalization
#task




Can we achieve
both?

KA - ut >>> PLD.VLA = ... #0penVLA, Pi@, Octo,
=S BT e >>> PLD.robot = YAM_REAL_01()

>>> PLD.task = GPU_Insertion()

>>> PLD.Reward = binary()

>>> PLD.train()

VLA_star

! GPU Insertion|
Autonomous (1 hou rS




Method

Design Philosophy

'S \ / |
| On—-policy RL post training + | | e
: Sim2pReaI): P 9 : Bootstrap the data- Two-way Co'mmunlcatlon in I
VLA-RL. SimoleVLA-RL. Ti- flywheel data collection: I
| RL » SIMple T | RaC, HG-Dagger, DexFlyWheel |
| l l
S i — - 1 3 \ ————————— =
_________ PLD Policy Agnostic,
( \ Resource efficiency,
[ Real-World RL / Off20n: I Minimal Real world QGeneralistZGeneralist,
| SERL, Warm-start RL, RL- | human- o Deploy 6
1100 | effort Q’é
I I A
. - e



https://ai.princeton.edu/events/2024/data-pyramid-and-data-flywheel-robotic-foundation-models?utm_source=chatgpt.com

Method

Pipeline in a Nutshell

Task1 |Task2 ]Task N
(@) Residual Policy Learning @) Hybrid data collection @ Bése policy SFT

T
[PicK] [ up] [ the] s ! 9 ﬂ ¢
[red] [..] ot

( st re!@! pollc’for each

% [ ) [ ] [ )
S t pugh onting, xeal-world
Tlyra
| i ide C i
nstruction Si e| am Wrist Cam  Proprioception . ay e .
i rec p oblng the

l BENR B failure modes of the base policy.
E - ® * () oeiiaysengrdilst ): Dlstlll the
| & ' o VLA

Reward 7-‘-VLA Ly B (, o at e ( R b1
U T e 0D sy
0/1 7_‘_55 - ! W(Lh °

.............. S
Off-policy RL > @\

Offline  Online Ei

): Train a

u
N
B
ol

»—'F%A

((IG'S

Diverse Manipulation Tasks
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Method

Sample-Efficient Real-World RL

We have seen on-policy RL tuning VLA with hundreds E
or parallel simulation (GRPO, PPO), what about just . A
one env that deployable on single physical hardware? Language Insruction  3rd viewimage  wristimage(s)  Proprioception

P— 0= (1,p)
Key Components \L T
Offline Warm—start. Collect success rollouts of the s 3
base—-model to create a small offline dataset. Leverage

Calibrated—QL[3] for conservative critic initialization |
(approximately 80k steps) while preventing =
underestimation. Ay LEIN
Oversampling. Symmetric sampling from offline &

online replay buffer as in Hybrid—RL[1] to increase high
value state—action visitation.

18



Method

Sample-Efficient Real-World RL

Offline warm-started, Off—policy, Residual RL, w/
Sparse Binary Reward

Key Components

Online Exploration :

Offline performance is bottlenecked when dataset lack
sufficient corrective behavior or task diversity, Online
RL with controlled exploration and on-the—fly
refinement solves of better policy with improved
reactivity and dexterity that is absent from the
chunking policy.

19

Language Instruction 3rd view image  wristimage(s)  Proprioception

VS e “’)T

Tyra
B (378
&

l N\ r = d(success)

Avy1,A TSy




Method

Sample-Efficient Real-World RL

Offline warm-started, Off—policy, Residual RL, w/
Sparse Binary Reward

Language Instruction 3rd view image  wristimage(s)  Proprioception

Key Components | g—1°=W» T
Online Exploration : (s :
Accelerate exploration leveraging the prior knowledge _~L \
from the base policy: Sampling 50% from offline Vv G
buffer(self-bootstrapped data); Zero initialization and Ay Ty
controll delta actor scale; State Distribution Shaping: J a
Using base policy rollouts to initialize exploration emn Suend)

(“dump-start”[4])

20




Method

Sample-Efficient Real-World RL

Offline warm-started, Off—policy, Residual RL, w/
Sparse Binary Reward

Architecture:

Policy: VLA base policy (OpenVLA, OCTO, 1_0) + light
weight residual (ResNet + MLP)

Critic: Shared visual encoder (ResNet + MLP),
Evaluates combined action

Reward' Learned success classifier (Could be replaced
by foundation reward models)

21

Language Instruction 3rd view image  wristimage(s)  Proprioception
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Method

Sample-Efficient Real-World RL

Offline warm-started, Off—policy, Residual RL, w/
Sparse Binary Reward

Objectives
Policy: MaxEnt RL (SAC)

m5 = argmax o, < a,n, @ (@ + a5) — alogm(as]s)

Critic.: Standard TD-loss with ensembled Q function

Qﬁ(sh at) — T(S7 a) + 7E8t+1’\/p('|8t,6—tt) [Q?arget(st—Fl? aH—l)]

Language Instruction 3rd view image  wristimage(s)  Proprioception

VA “’)T

e @
o= dfsuceess)
Ay1,a TSy
a
é) (Bagies Boan9)



Method

Sample-Efficient Real-World RL

—— To-PLD (Ours) —— RLPD
—— PLD (no base model) —— WSRL*
Task 1 Task 2 Task 17 Task 21

1.0 1.0 1.0 1.0
0]
+
©
m \//w‘
: /\/s—\//\ ~ Ué N . /\//\
]
9]
O
5
)

o.0! 0.0! o.0! 0.0’

0 100k 200k 0 100k 200k 0 100k 200k 0 100k 200k
Task 33 Task 34 Task 46 Task 47

1.0 1.0 1.0 1.0
0]
-
©
o
A 0.5 0.5 0.5 0.5 \//———~\
(O]
(9]
)
5

0.0! 0.0! o.0! 0.0'

0 100k 200k 0 100k 200k 0 100k 200k 0 100k 200k
Actor Steps Actor Steps Actor Steps Actor Steps

We compare PLD-RL with baseline algorithms that either leverage policy
prior or data prior. We report mean rollout performance and 95% Cls for 3
seeds across 8 manipulation tasks selected from LIBERO-90. Performan on
all tasks can surpass 95% SR when converge.
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Method

Scaling “Self-Curated” Data

Data flywheel with residual RL expert: RL data is highly optimal, with consistent
and smooth behavior, no hesitation, shorter horizon.

A straightforward way is to learn from this high—quality data, will surely result in
improved task-specific performance. It’s good but...

) KL(O || @) <KL(® || ®)

uonisod Z
uoinised Z

Z Position

A 0 % ~0,
& ) 2

x posiio”

Base Policy Rollout Data RL Rollout Data PLD Rollout Data (Ours)

24 *RL’S RAZOR: WHY ONLINE REINFORCEMENT LEARNING FORGETS LESS




Method

Scaling “Self-Curated” Data HEEE--'B
(]
. . _ : Tyra
Hybrid data collection scheme: Incorporates base-policy
initialization: We first rollout the base policy for random
steps, then let the learned residual RL policy to take over. ' S
Tdemo — {(817 a’b,l)v ceey (St—17 a’b,t—l)} U {(St7 ab,t + C_Lt)v S }
o
: ; : e <—m &
‘gg) —
. FL—J’_
4
U
g 2 B an
N\ o "1?.} ) |—E| J
O &Y () O ® | «
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Method

Distillation via Supervised Fine-tuning (offline) @ Base policy SFT

> .
The entire pipeline is policy agnostic, trivally adopts to ug CLL —
different VLA architecture: Flow—based policy, s -; TTvia
autoregressive... - ~ BEB
PLD Dataset
Auto-regressive: sequential NLL Lsrr
£AR(9) — EkN[K] [logpQ(Uk ‘ u’<k7 .CC)] @DeployGeneralist

Diffusion/Flow: Score matching/Velocity matching

Laier(®) =By e (.0 [He g (@™ 4 Hi]

Fine—tune modes: Head-only, full parameter, LORA .

Diverse Manipulation Tasks
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Experiments

Performance on Simulation Benchamarks

LIBERO (https://libero—project.github.io/intro.ntml): Lifelong learning benchmark
focused on language—guided manipulation tasks. It comprises 130 tasks grouped
into four suites that stress object distribution, spatial arrangement, task goals

SimplerEnv (https://simpler—env.github.io): A suite of open-source simulated
evaluation environments for common real robot manipulation setups (google robot
in RT-series and WidowX in Bridge Dataset), aims for high sim-to-real correlation.

D involve &> nvolve
LIF E : Crocedural Google Robot BridgeData V2
mm LIBERO-Goal mw ce . 2
\ « « « _ LIBERO-Object
"« 0 @ oy c Different goals, same objects & layout
Different layouts, same objects . L
EioT
P LIBERO-Spatial g LIBERO-100
£ = ! =18
ifferent e layout Qe ! Put Carrot on Plate Put Spoon on Towel

Diverse obijects, layouts, backgrounds

Open/Close Drawer Put Object in Drawer Stack Cubes Put Eggplant in Basket

Distribution Shifts

27




Experiments

Performance on Simulation Benchamarks

Can PLD improve state—-of-the—art VLA on in—domain tasks?

28

Table 1: Performance on LIBERO benchmark of VLA models fine-tuned on PLD data.

mo OpenVLA
Model Spatial Object Goal Avg | Spatial Object Goal Avg
Baseline (SFT/OFT) 93.2 97.6 87.4 93.4 92.9 99.1 83.25 91.8
w/ PLD 97.7 98.5 95.3 97.2 99.5 99.1 98.9 99.2
Table 3: Evaluate P1.D on SimplerEnv
Model WidowX Pick Eggplant WidowX Pick Carrot Google Open Drawer Google Coke Can  Avg
Octo-SFT 65.5 433 92.5 85.7 71.8
w/ ours 97.8 93.9 99.3 95.5 96.6
A 24.9




Success Rate

1.0

Experiments

Deep Dive: What does PLD brings to generalization

Task90

Task50

Task0 .

29

SSII W Base Policy Rollout Data

Unseen Task Performance

Seen Task Performance

#Training/#Evaluation Ratio

Seen Task Performance

Unseen Task Performance

g ST

Unseen Task Performance

Base Policy Rollout Data

Base Policy Rollout Data

(Sl Human Data ]S

(4 Human Data_ESY PLD

Unseen Task

formance

We have been talking about
generalist2generalist... But
what is wrong about self-
bootstrapping successful
behaviors / 0-1 REINFORCE ?

Generalization to unseen task:
For each ration, random select
tasks to form source domain;
SFT on different data source;
Zero-shot evaluation on all
tasks (LIBERO-90)

PLD is as good as human
oracle, if not better



Experiments

Scaling “Self-Curated” Data

Testing Env (EEEEEND

11"

ask 2 put the black bowl in the top drawer of the cabinet

ask 6 open the bottom drawer of the cabinet

& open the top drawer of the cabinet and put the bowl in
Task 11open the top drawer of the cabinet

Training Env

Libero-Goal-0

open the middle drawer of the cabinet

Libero-Goal-3

open the top drawer and put the bowl inside

Libero-Goal-6

put the cream cheese in the bowl

1998 Task 2 Task 6 Task 8 Task 11

55 K

H LN
056100 =00 5007 50 100 200

scale up training ((M[flgeReleE])) dataset

Base Policy Rollout Data

500 50 100 200 500 50 100 200 500

SR (%) for (IERE0

RL Rollout (w/o probing) === PLD Data (w/ probing)

30

Scaling in—domain PLD data
yields better few-shot
performance:

t_0 SFT: Different scales of
data from source tasks (plus
10 oracle demos of unseen
tasks).

Monotonic improvements in
SFT performance as PLD
data scales from 50 to 500
trajectories.



Experiments

Resource Efficiency

VLA base policy remains frozen and we only optimize a lightweight residual MLP,
the GPU memory footprint is significantly reduced compared to direct RL fine—
tune.

Peak VRAM ~5BG per task during online RL training (rt_0 inference).

CPU System RAM for replay buffer up to 100GB per task

Linear scalability for multi-task learning: We successfully parallelized the
LIBERO-90 experiment by distributing 90 tasks across a cluster node with 90
L40 GPUs and 10TB CPU memory.

Pipeline implemented with JAX, accelerating using Just-in—time. We can easily

deploy it on consumer-level compute (single 4090).

31




Experiments

Real-World Experiments

We deploy PLD on a 7-DoF Franka Emika Panda and 6—-dom YAM ARM with
end-effector delta pose control at 20~Hz.

Q: GPU Insertion (Stage 4)

32 *Pease check out our website: https://www.wenlixiao.com/self-improve-VLA-PLD




Experiments

Real-World Experiments

33




Experiments

Real-World Experiments

PLD improves data diversity by
capuring recovery behavior that
are neighter available in Human
teleop data nor base—policy
rollout data.

PLD can scale to long—horizon
multi—-stage tasks, the distilled
action—chunking policy preserves
reactivity and dexterity of the
closed loop RL expert.

34  *Pease check out our website: https://www.wenlixiao.com/self-improve-VLA-PLD




Conclusion

 We propose , a three—stage post-training pipeline that enables
VLA models to improve autonomously without relying on additional
oracle human demonstrations. PLD has the potential of a self-
improving data flywheel.

« Across large—scale simulation experiments and real-world
deployment, PLD improves without additional human demonstration,
achieving near—saturated ~99% success on LIBERO.

« Ablations identify residual policy probing and distribution—-aware
replay as key to stability, sample efficiency, and generalization.
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