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What’s in for you

Agenda
Motivation


Data for Robot Learning


Streaming Dataloader  
for 100+ TB robot datasets



Motivation

Visuo-motor Policies
Image observation

Encode

Language instruction

“Pick up the industry 
object and place it in 
the yellow bin”

Actions

Tokenize

Model

Robot state

Joint Velocities

Joint Positions

Base Position

EFF Poses

Encode



Drivers of Progress

Data Generative models

Teleopt

UMI

Ego video



The Data Pyramid

Teleopt

UMI VolumeQuality

Ego video



FRom recordings to models

robot training LOop

Data 
c o l l e c t i o n

I N G E S T I O N  &  
N o r m a l i z a t i o n

A n n o t a t i o n  &  
P o s t - p r o c e s s i n g C u r a t i o n T r a i n i n g

E v a l u a t i o n  &  
D e p l o y m e n t

df.select(...).where(...)

for batch in dataloader: Encode

Model
Tokenize

Encode

Actions



It’s not a table 

ROBOTICS DATA
Multimodal


Multirate


Episodic


High volume / skewed


Flexible schema

“Pick up the industry object and 
place it in the yellow bin”

Challenging to store, query, and process 
in classical tabLe-oriented data systems

Robotics dataset



A Solved PRoblem?

Open-source DATA FORMATs

Data 
c o l l e c t i o n

I N G E S T I O N  &  
N o r m a l i z a t i o n

A n n o t a t i o n  &  
P o s t - p r o c e s s i n g

C u r a t i o n T r a i n i n g
E v a l u a t i o n  &  
D e p l o y m e n t

LeROBOT

Read-optimized (ML training tasks)


Time-aligned samples, columnar


Popular format in physical AI community


Opinionated, mainly for training tasks

MCAP

Write-optimized (record & replay tasks)


Chunks of heterogenous data, row writes


Also: default file container for ROS bags


Not optimized for columnar analytics queries



A Solved PRoblem?

Open-source DATA FORMATs

D a t a 
c o l l e c t i o n

I N G E S T I O N  &  
N o r m a l i z a t i o n

A n n o t a t i o n  &  
P o s t - p r o c e s s i n g

C u r a t i o n T r a i n i n g
E v a l u a t i o n  &  

D e p l o y m e n t

rerun_sdk

Open source library and tools for  logging, storing, 
querying, visualizing, and training on multi-rate,  
multimodal data.


Implemented in Rust w/ Python bindings

RRD

Write-optimized (record & replay tasks)


Columnar chunks


Footer manifest


Supports columnar analytics queries



Data Access Pattern

Time-Aligned Context Window Multi-Modal



Cam 1 Cam 2 Cam 3 Task State Actions

Basic sample construction for a VLA model

VLA model

Inputs

Predicted actions

Training loss

Target actions

Cam 1 Cam 2 Cam 3 Task State Actions

Inputs

VLA model

Observed actions

Training loss

Predicted actions



Cam 1 Cam 2 Cam 3 Task State Actions

Sample construction with history

History

VLA model

Predicted actions

Training loss

Target actions

Cam 1 Cam 2 Cam 3 Task State Actions

History

Inputs
VLA model

Observed actions

Training loss

Predicted actions



Sample construction for a World-Action-Model

WAM

Action DiTCam 1 Cam 2 Cam 3 State Task Actions

Video DiT

Inputs

Target actions

Training loss

Predicted actions

Training loss

Cam 1 Cam 2 Cam 3 Task State Actions

Inputs

VLA model

Observed actions

Training loss

Predicted actions



Video compression and GOPs

Video is compressed in Groups of Pictures (GOP) containing keyframes and delta-frames

Video often 90% + of dataset size 

Need to look back in time to decode a given video packet to an image



Streaming Dataloader
Challenges & design decisions for 100+ TB robot datasets



Challenges

Data Volume

Data residing on object stores favors few 
contiguous reads

Amplification

Data formats and GOP contribute to redundant 
data transfer on scattered reads

Decode Heavy

Efficient decoding of target frames, avoid 
redundant frame decoding



Proposed Solution

Block ShufflE
Trades shuffle-quality for contiguous reads


Outline:


Group samples into contiguous blocks 


Permute blocks and assign them to workers


Workers fetch blocks, decode samples and put them into a 
node-local shuffle buffer



THe core building block

Block Shuffle
DATASET 4 segments, natural order

0 1 2 0 1 2 3

SEGMENT A SEGMENT D

SAMPLE SHUFFLE
every fetch scatters across segments

1 2 2 3 3 0 3 2 1 1 0 0 1 3 0 2

3 0 1 2

SEGMENT B

3 1 2

SEGMENT C

BLOCK SHUFFLE
every fetch reads one contiguous span

2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1

0 3

TODO


...


...

1 FETCH

BATCH

1 2 2 3
✓ 4 segments
well mixed, but slow fetches

BATCH · NO BUFFER

✗ 2 segments
2 3 0 1

consecutive frames, correlated

BATCH · SHUFFLE BUFFER

✓ 4 segments
3 3 1 0

well mixed again, fast fetches



Why it works

Block ShufflE
Block shuffle preserves fetch and decoder locality.


Large shuffle buffer decorrelates nearby frames and mixes segment-level 
conditions.


Decorrelated samples reduce gradient variance and thus increase 
effective batch size. 



Video decoding Details

Block Shuffle
If you fetch encoded packets you either feed them to 


A packet-level decoder API (pyAV), or


Remux them into a temporary MP4 for an API that requires an 
MP4 index (e.g. torchcodec)


We are excited about ongoing work in torchcodec to allow 
the above more easily. 

PR#1585



In Action

Block Shuffle

RerunIterableDataset

Block shuffle w/ small blocks

Per-process shuffle buffer  

Pros

High shuffle quality



Cons

High memory req

StreamingLeRobotDataset (<=0.6)

Block shuffle w/ large shards 
Per-process shuffle buffer  

Pros




Cons

High memory req

StreamingLeRobotDataset (>0.6)

Resident episode buffer 
Random access in resident episodes  

Pros

Low memory req


High throughput



Cons

Low episode-level diversity  
(see PR#4874)

https://github.com/huggingface/lerobot/pull/4874


Benchmarks

Block Shuffle
stable-worldmodels


Benchmark on simulated 2d push-t task


Compared against LanceDB


Data in AWS S3
Throughput comparison
Samples/s · Higher is better

Rerun
No shuffle

Rerun
Shuffle (block)

LanceDB
No shuffle

LanceDB
Shuffle

0

53.3

200 400 600 800

Rerun

1,000

LanceDB

1,092.5

1,054.3

1,028.3

1,200



Benchmarks

Block Shuffle
abc-sim


Task: pour beads


ABC-DiT finetune on 2× H100


Compared against abcdl (local)
 ABCDL (local) Rerun (S3)

Training throughput 2.70 it/s 2.61 it/s (97%)

GPU time spent waiting on data — 0 ms median per step (<0.2%)

Validation error @ 25k 0.0544 0.0481 (12% lower)

Success Rate (200 rollouts) 131 / 200 126 / 200 (on par)



Sincerely 

Thank you

Stay in touch! 


Join the Discord


Contributions welcome Feedback





Building the data layer for physical AI:


→ SDK, Viewer & Infra to log, query, view & train


Widely used by some of the best teams in the space.



Founded in Stockholm


International remote team with regular offsites


Tech stack built on Rust, wgpu, egui, …


Fully open-source viewer & SDK, commercial Hub


Strong OSS backgrounds & contributors



We ♥ Open source
pip install rerun-sdk github.com/rerun-io/reruncargo add rerun

Open source


→ Ephemeral


→ Local storage


→ Local access


→ Built for workstation-scale

Free forever Rerun Hub


→ Identical APIs


→ Persistent and managed


→ Indexed across your object stores


→ Secure team access


→ Built for petabyte scale

Commercial

https://github.com/rerun-io/rerun


THe core building block

Columnar CHUNKs

Per-entity data lives in Arrow RecordBatch:


Arrow metadata (schema 
description & versioning)


One contiguous table


Index / time columns


Component columns (e.g. points, 
colors, labels, …)

C h u n k  h e a d e r

C H U N K  i d E n t i t y  p a t h

R o w  i d

T i m e  v a l u e

T i m e  c o l u m n s

M e t a d a t a

C o m p o n e n t 
c o l u m n



Open Standards

WHY ARROW?

→ Open-source industry-standard


→ Used by Parquet, Polars, (Pandas), Spark…


→ Zero-copy IPC between client libraries


→ Built for query performance



Apache Datafusion builds query engine on Arrow


→ SQL & Dataframe queries


→ Extensible with custom table providers



VIDEO observation

Language instruction

Robot state

Heterogeneous chunk storage

Batching & Indexing Head e r f o u r c c  v e r s i o n  …

C h u n k

C h u n k  w i t h  s m a l l   

h i g h - f r e q u e n c y  

c o m p o n e n t

C h u n k  w i t h  s i n g l e 

l a r g e  c o m p o n e n t
C H U N K

C H U N K

i n d e x

F O o t e r



RECAP

RRD
RRD is the core data model that powers Rerun


→ Built on indexed chunks of columnar Arrow record batches


→ Efficient random-access for view, query and training tasks


→ Append-friendly & modular augmentation via layers

The open-source Rerun SDK provides APIs and tools for all stages of the training loop


