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Learning Fine-Grained Bimanual Manipulation with
Low-Cost Hardware
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Example Teleoperated Skills

Fig. 1: ALOHA ® : A Low-cost Open-source Hardware System for Bimanual Teleoperation. The whole system costs <$20k with off-the-shelf
% 10 ALOHA: & YA Z2Z 28t 2|8 QEAA SIEQIO] A|AEL MA| AL BIE2 48 7452 AFEd = <$20k0|tt

robots and 3D printed components. Left: The user teleoperates by backdriving the leader robots, with the follower robots mirroring the motion.
Right: ALOHA is capable of precise, contact-rich, and dynamic tasks. We show examples of both teleoperated and learned skills.

Abstract—Fine manipulation tasks, such as threading cable ties
or slotting a battery, are notoriously difficult for robots because
ZE—7|0|2 EO|E 7|2 BiE{2|E £R0| Y Yst= At 22 HY 23
A= oh3at 22 0|72 2X0H 0 H&ECt
they require precision, careful coordination of contact forces,
UG Y=o Mttt 2¥0| 2R3t
and closed-loop visual feedback. Performing these tasks typically
MR I A2 Dj=90| TWRstLt. 0|28 WA E 435t H Ytz o=
requires high-end robots, accurate sensors, or careful calibration,
g 2R, Z2stAlM £ Maeh 230 sty
which can be expensive and difficult to set up. Can learning
enable low-cost and imprecise hardware to perform these fine
manipulation tasks? We present a low-cost system that performs
Ol= H|80| 0| S o7 = o{&EL} 52 Sall AH|82e] £y=st
SIEQIOI2 of2fst Y 22F WA E e = UST? 2 HF0M= 22
SHote AHIE A|L-S A AISHCH
end-to-end imitation learning directly from real demonstrations,
A AHC2RE 2Y ZH 7F 2YstES st
collected with a custom teleoperation interface. Imitation learn-
ing, however, presents its own challenges, particularly in high-
UEY A2 QELO|AE LSl £+ Btct. 2Lt 2YStE2 55| =2
HLUEIF 275 = FAOM 1 A4A|Q] 2A1E A 7|t
precision domains: errors in the policy can compound over time,
Y20 2 Z 7L AlZtof whet &=HE £~ U0
and human demonstrations can be non-stationary. To address
these challenges, we develop a simple yet novel algorithm, Action
Chunking with Transformers (ACT), which learns a generative
model over action sequences. ACT allows the robot to learn 6
difficult tasks in the real world, such as opening a translucent
QUS| A|A2 HIY LAY 4= ATt 0[2{5t B i1 ASH| lal s A0
oist 4 2AE sEote UHsEME M22 22|52 Action
Chunking with Transformers (ACT)E 7H&stCt. ACTE AtEsSHH 220|
BIEESH AS o= S A4l 232 6712 A2 A S SH5E 4= AT
condiment cup and slotting a battery with 80-90% success,
& F2 2 HiE2|E £X0| HYsh= 2AHIE 80-90%2 SER
35
with only 10 minutes worth of demonstrations. Project website:
tonyzhaozh.github.io/aloha
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I. INTRODUCTION
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Fine manipulation tasks involve precise, closed-loop feed-
back and require high degrees of hand-eye coordination to
adjust and re-plan in response to changes in the environment.
dY 22 A= YUS RO D|EWS 2SI, 2 Bt
CiEol Z2& St ChAl A=lsty| flol &2 &2 &0t =2 88
7tstet
Examples of such manipulation tasks include opening the lid
of a condiment cup or slotting a battery, which involve delicate
operations such as pinching, prying, and tearing rather than
broad-stroke motions such as picking and placing. Take opening
Ol2{gt 22 IpA|9] Ol 2= 'E Aol FAS E7L HiE2|E 2X0
YYote Yol A0, of7|0ll= YO 23 =72t &2 2 S20|
ofHzr Y21, S0 22 Eal7|, H7|et &2 Mgt 220| ZECt
the lid of a condiment cup in Figure 1 as an example, where
the cup is initialized upright on the table: the right gripper
needs to first tip it over, and nudge it into the opened left
gripper. Then the left gripper closes gently and lifts the cup
ago g g £4 E7IE 02 S0 E2F A= E|0]E <o
LHIZ M2 JEIZ 2713150 A2, 8% 2Tt HA HS
712 o E YE Do o= AE YO{of B,

off the table. Next, one of the right fingers approaches the
3 Oh2 A% 22|m7t REHA E51HM S H0IS0M S0
=2C
cup from below and pries the lid open. Each of these steps
CLhEo2 8% &7t2 & SiLivt E OfriZe 2 Hasl 238 S0
= ¢Ch
requires high precision, delicate hand-eye coordination, and
rich contact. Millimeters of error would lead to task failure.
O] 29| thjoll= =2 =t dMe &t =2 §8, 78
H=0| 2RI o~ Y2|0[E Q| 22t 2 & DR HT ST,
Existing systems for fine manipulation use expensive robots
and high-end sensors for precise state estimation [29, 60, 32,
41]. In this work, we seek to develop a low-cost system for fine
7120 Y 22 A A2 Yoot B Y S fIoh 2ote] 2R3 g
MME AFRBICH (29, 60, 32, 41].
manipulation that is, in contrast, accessible and reproducible.
2 0N Ol9F RHOR RN HHLS U YU 22
AH|E A ARS ZHE SR} BHC
However, low-cost hardware is inevitably less precise than
high-end platforms, making the sensing and planning challenge
more pronounced. One promising direction to resolve this is
J2fLt MBI 8 StEQI0E HHH o2 g SAUFTEL BTt
Hobz et A&lol ZA|7F oS FEHRIC
to incorporate learning into the system. Humans also do not
0| SHEY RYTH L& F Sttt AlLHI0| stEE =¥ sh= A0|ot.
have industrial-grade proprioception [71], and yet we are able
to perform delicate tasks by learning from closed-loop visual
feedback and actively compensating for errors. In our system,
QUZHAA| LA +F2| NFLEUAES 2 UR|= AR [71],
ML A2t T EMS SOl 56t 2LFE S22 B4 2H)
HMIEE A E el 4 AT
we therefore train an end-to-end policy that directly maps
RGB images from commodity web cameras to the actions.
Tretd f2/9f A|A0M= o4& 8 71020 22 RGB 0|02
WSC= Y 0iEste S 2 S shEettt
This pixel-to-action formulation is particularly suitable for
fine manipulation, because fine manipulation often involves
objects with complex physical properties, such that learning the
manipulation policy is much simpler than modeling the whole
environment. Take the condiment cup example: modeling the
Ol2fst HA-AE YAlsh= YU 220 £3] Agsith 2 =2&0l=
=ct 22/ S48 Al SAT AR ZEE 22 A SES
DEYSE AL 22 YAUS stgste 20| €Y HEsty| WE0lch
contact when nudging the cup, and also the deformation when
prying open the lid involves complex physics on a large number
of degrees of freedom. Designing a model accurate enough for
YE S o= =9, S A T U Y2 FFS S0 249 &
mo| Hes ZEstH U2 ARE0 27 54t 22 dYE
CH&{OF SHCt.
planning would require significant research and task specific
engineering efforts. In contrast, the policy of nudging and
Ao SEY =2 Y&ot RYS dAotT TS Aot A E
AL 20| 22Tt
opening the cup is much simpler, since a closed-loop policy
can react to different positions of the cup and lid rather than
precisely anticipating how it will move in advance.

Ol9F YZHOR S AP AT Of= Y2 YH TisiC), MR
HUS ZT FAO| YO 0L SYURS F23| 053He ChAl

M2 BHE 2I2[0] gre e 4 U7| TZO0ICt.



Training an end-to-end policy, however, presents its own
challenges. The performance of the policy depends heavily
2Lt S 2 YA SHEShE Hlo = RS 0{24 0| THECH
on the training data distribution, and in the case of fine
manipulation, high-quality human demonstrations can provide
tremendous value by allowing the system to learn from human
dexterity. We thus build a low-cost yet dexterous teleoperation
HAO| 452 o5 HIO|H 20| 2 22 H, Y 229 F2
DEH AL A|HZ AAHIO] QU7 E2AFZRE shge 4= U
SIE= 0f2 2 72| S AlS et
system for data collection, and a novel imitation learning
algorithm that learns effectively from the demonstrations. We
TretM H0IE £=2S fIoh HE|E0|HME EAFIF HOo{ L YA =2
ANAES AE510, U222 2422 SI5sts M2
2gsts 2SS Jigstch
overview each component in the following two paragraphs.
O 270 2EOlA 2f 7 248 JHEstct
Teleoperation system. We devise a teleoperation setup with
HAZZ ALY
two sets of low-cost, off-the-shelf robot arms. They are
B8 48 2R B 2MEE Ar85te HAZR2 74 S 1orettt.
approximately scaled versions of each other, and we use joint-
space mapping for teleoperation. We augment this setup with
FEXES MR OUERCeR 37|15 2¢ot dEjo|H, A A4x22ts
Qo 2 St oEE AFESiT)
3D printed components for easier backdriving, leading to a
highly capable teleoperation system within a $20k budget. We
Of 7+40f 3D Z2IE B&F5 271510 752 4 2 ¢S, 1
Z3 20k Otte 2 =2 sl AAZRZ A|AHS S,
showcase its capabilities in Figure 1, including teleoperation
of precise tasks such as threading a zip tie, dynamic tasks such
as juggling a ping pong ball, and contact-rich tasks such as
assembling the chain in the NIST board #2 [4].

18 10ilM O] A|ARIS] eS8 HMEQITE 07|0= AT EIO|E 7|R+=
HYst 2Y, B 5E A2Yse 41U AY, NIST EE #20M
Aole 2Esk= HE0| S5t 2t S0l ZEHECT [4].

Imitation learning algorithm. Tasks that require precision and
2getg L2E

visual feedback present a significant challenge for imitation
learning, even with high-quality demonstrations. Small errors
HYUEet AIZL T EHMS 246ts 22 DFH AlHO0] AH2tE
2ESE0l| 4gst HAE A 7S

in the predicted action can incur large differences in the state,
exacerbating the “compounding error” problem of imitation
learning [47, 64, 29]. To tackle this, we take inspiration from
OISE =2 22 22t HEjof| 2 10|15 REE 4 A0, Ol=
RYs50| w4 2af ZAIE of=tAZIC [47, 64, 29].

action chunking, a concept in psychology that describes how
sequences of actions are grouped together as a chunk, and
executed as one unit [35]. In our case, the policy predicts the
O|Z sl Zot7| floll, WS AIEAE SHLIS| A= F0f SHLte] ¢Hel2
Aeish= AES dYsk= delst 719l s HZolA 2fekstct [35].
target joint positions for the next k timesteps, rather than just
one step at a time. This reduces the effective horizon of the task
O] Z< E22 ot Hof 171 THA B 0| S5h= il THS k7l EFY A&
tist =2 24 12|E o|Sstet

by k-fold, mitigating compounding errors. Predicting action
0| Sall Y2l R= AlZt HRIE kil 201 +2] 225 2fefett.
sequences also helps tackle temporally correlated confounders
[61], such as pauses in demonstrations that are hard to model
with Markovian single-step policies. To further improve the
WS AHALE VS5 AP = Hote Wt 201 s 25k=
E=30| 2Lt [61]. Ol =01 Al S LAl ZA= 0228 T
o Yo =2 RAYSHY| of L.

smoothness of the policy, we propose temporal ensembling,
which queries the policy more frequently and averages across
the overlapping action chunks. We implement action chunking
JAS O B 2S7] Qo Al LeE2 Attt ol= S
O 2t Zolst M2 Hal= ds 3 S0 tisl B2 Adsi=
YYolct.

policy with Transformers [65], an architecture designed for
sequence modeling, and train it as a conditional VAE (CVAE)
[55, 33] to capture the variability in human data. We name our
AZA A2 2|5 MAH S OF7|ElX{ Q1 Transformers [65]2
ARSI dE ¥Z S A5, AT COEe MEdE
Z25I=2 RS VAE(CVAE) [55, 33]2 Sh&6tot,

method Action Chunking with Transformers (ACT), and find
that it significantly outperforms previous imitation learning
algorithms on a range of simulated and real-world fine
manipulation tasks.

22/ s ¥ LHE Action Chunking with Transformers
(ACT)2t S, Cret AlZ2f 0|4 E AAl|l Y 22 20l
7| 2Yes dUR|SEL Y HolHt 42 EYS =olRin)

The key contribution of this paper is a low-cost system for
learning fine manipulation, comprising a teleoperation system
and a novel imitation learning algorithm. The teleoperation
O] =20| Al 7|0l= YHZ A AAL M2 DUBtS
UD2Zo2 YT, FU 22 S 98 AH|G AlA™O|C,
system, despite its low cost, enables tasks with high precision
and rich contacts. The imitation learning algorithm, Action
UHZZ A ARIS IR YOG &2 HUTQ EH5 H20| WL
S slg = UM BT
Chunking with Transformers (ACT), is capable of learning pre-
cise, close-loop behavior and drastically outperforms previous
methods. The synergy between these two parts allows learning
Darsks Ane|=0l s Y2 7|8 Action Chunking with
Transformers (ACT)= d 28 MR L S22 S5e 4+ U2H 7|2
YYHECH 2N Ot dsS EQICt
of 6 fine manipulation skills directly in the real-world, such as
opening a translucent condiment cup and slotting a battery with
80-90% success, from only 10 minutes or 50 demonstration
trajectories.

o
Y slee 4+ AUCE ol E SO0 BERE AE L SV|2t BiE2| YYS
10& E£= 50712 Al HHRISZ 80~90% 2 43EZ &S &

II. RELATED WORK

i

[

Imitation learning for robotic manipulation. Imitation learn-
2R 222 flct 2Yss

ing allows a robot to directly learn from experts. Behavioral
2HetES ol 22 AR7I2RH Ay sad 4 ok

cloning (BC) [44] is one of the simplest imitation learning
algorithms, casting imitation as supervised learning from
observations to actions. Many works have then sought to
AdS SAI(BO) [44]= 7+ Bt 2Ysts L2 S StL=E,
HHOM AZ229| 0 S A=STF22 22|t

improve BC, for example by incorporating history with various
architectures [39, 49, 26, 7], using a different training objective
[17, 42], and including regularization [46]. Other works
0|% H2 A0 M CHfSt O ||IHE Saif 0|22 S§stAL [39,
49,26, 7], th2 stg =4 &S AFESHALE[17, 42], EAetE
Letots YA 22 [46] BCE 7HAISHLA} T

emphasize the multi-task or few-shot aspect of imitation
learning [14, 25, 11], leveraging language [51, 52, 26, 7], or
exploiting the specific task structure [43, 68, 28, 52]. Scaling
e AoiM = 2e50| O 21Y £= 74 SHE Y25t [14,
25, 11], A0S ESIHLL[51, 52, 26, 7], §4 ¥ #=2&
O|Z¢otCt [43, 68, 28, 52].

these imitation learning algorithms with more data has led
to impressive systems that can generalize to new objects,
instructions, or scenes [15, 26, 7, 32]. In this work, we focus
ol2fst 2stg Yu2|E2 M Y2 CIO[HZ Stz ME2
A, ZIA| EE dHo = Ytetal £ QU= el A|ARIO]
s&3UCt[15, 26, 7, 32].

on building an imitation learning system that is low-cost yet
capable of performing delicate, fine manipulation tasks. We
2 AP0 M= AB[E0|HME HMIeH HY 22 2gS +Alg &
Ue 2Yshs AL 20| 2S5 YEOL

tackle this from both hardware and software, by building a
high-performance teleoperation system, and a novel imitation
learning algorithm that drastically improves previous methods
on fine manipulation tasks.

O|Z SIERIOI2F AL ELQIO| AX0|M s Z5H| flo Lds =2
A|ABIHY 22 2AH0M 7|2 LS 37 SYote M2
2Ysts Yue|S2 FEEL

Addressing compounding errors. A major shortcoming of BC
=4 22} 512

is compounding errors, where errors from previous timesteps
accumulate and cause the robot to drift off of its training
distribution, leading to hard-to-recover states [47, 64]. This
BCO £2 T2 £ 2XI0|Ct. 0|z O|H EfYARIS| 227}
FAHE O 2R0| &g 2EUM HOLA &2, O B2 =451
Ol2{2 e O|=2= H0[Ct [47, 64].

problem is particularly prominent in the fine manipulation
setting [29]. One way to mitigate compounding errors is to
O 2Al= d2 22 &0l £3] =220 [29].

allow additional on-policy interactions and expert corrections,
such as DAgger [47] and its variants [30, 40, 24]. However,
L2 @312 AB5H 5 72| Y DAgger [47] 2 1 ¥ (30,
40, 24]2 20| F7t4Ql 22 2|A| 42280 W27t wyS

5| &3t= 20|t

expert annotation can be time-consuming and unnatural with
a teleoperation interface [29]. One could also inject noise at
D2fL YZZ 2 OIEH0|AS ALRSH HETL 24 2tele AlZHO| 22
A2 Fa A 4= QUCH[29].

demonstration collection time to obtain datasets with corrective
behavior [36], but for fine manipulation, such noise injection
can directly lead to task failure, reducing the dexterity of
teleoperation system. To circumvent these issues, previous
Al = Aol 0|25 2SI ny A=0| Zete Ho|HME
LS = AR [36], Y Z20||M= 02t =0[= F 0
2YHoZ 2 AN E zefisto] dA 22t AL/ RS
2{5HAIZ 2 Qct,

works generate synthetic correction data in an offline manner
[16, 29, 70]. While they are limited to settings where low-
0|24t 2AIE Llot?| flal 7|& oMz LE2el LAC 2 By
uY E0[HE dgsttt [16, 29, 70].

dimensional states are available, or a specific type of task like
grasping. Due to these limitations, we need to address the
A2t HEE AMEY o s SE0|L Ofeft 22 EY 79
A2 A StEI T,

compounding error problem from a different angle, compatible
with high-dimensional visual observations. We propose to
Ol2{st BHA|R Olaf Nt A2 BED} SoiE|E CH2 THOM -3
22} 2HE sl Z5HOF BT,

reduce the effective horizon of tasks through action chunking,
i.e., predicting an action sequence instead of a single action,
and then ensemble across overlapping action chunks to produce
trajectories that are both accurate and smooth.

AE FUS Sofl HAHQ 72 AlZHERIE S0l= LHE Aetsict 5,
oY AE il S AEAE OIS O, M2 g2l ds ol
B St YESITME D22 H& S ddetHt.

Bimanual manipulation. Bimanual manipulation has a long

AN
& 22

X
[l

history in robotics, and has gained popularity with the lowering
of hardware costs. Early works tackle bimanual manipulation
A 222 2R SC0M 2 FARS AL D, SO BIE0]

SO HM Q1715 2 UCE.

from a classical control perspective, with known environment
dynamics [54, 48], but designing such models can be time-
consuming, and they may not be accurate for objects with
complex physical properties. More recently, learning has been
27| AF0ME 28 SHE0| YHA UCh= 7+ 510l 234 #|0f
THOIIM A& 22HS TR AR [54, 48], 0|2{5 2ES EH5H=
Gl AlZHo] 20| 28 4= o0 S35t 52|34 E42 2 S4(oll=
detota] b2 o= UL

incorporated into bimanual systems, such as reinforcement
learning [9, 10], imitating human demonstrations [34, 37, 59,

67, 32], or learning to predict key points that chain together
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Fig. 3: Left: Camera viewpoints of the front, top, and two wrist cameras, together with an illustration of the bimanual workspace of ALOHA.
Middle: Detailed view of the “handle and scissor” mechanism and custom grippers. Right: Technical spec of the ViperX 6dof robot [1].
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motor primitives [20, 19, 50]. Some of the works also focus
z|20l= detets [9, 10], 12F Al 29 [34, 37, 59, 67, 32],
= 2= Z2|0|E|EE ABshe e AF S oS5h= o5 20, 19,
50]1 20| eH&5S AE AL S&Sh= A7 0| R0JFICH
on fine-grained manipulation tasks such as knot untying, cloth
flattening, or even threading a needle [19, 18, 31], while using
robots that are considerably more expensive, e.g. the da Vinci
surgical robot or ABB YuMi. Our work turns to low-cost
US ol 05 Z7], M 17|, AR|0] BEs0f A #7] [19, 18,
1]t 22 Y 22 A0 2H S =22 da Vind &5
2X0|Lt ABB YuMiet 20| E} Il 2R-S ALEStCt
hardware, e.g. arms that cost around $5k each, and seeks to
enable them to perform high-precision, closed-loop tasks. Our
2 7= AH|E otEY0], 0| S0 E st of $5kQ 2Re=
Yots detstl, 0|2 Soll =2 U2 HRL WA S sAle =
UEE ot AS SHZ oI}
teleoperation setup is most similar to Kim et al. [32], which
2 o1 7o| Y2z AHS Kim et al O 9179t 72 SARSICH
also uses joint-space mapping between the leader and follower
robots. Unlike this previous system, we do not make use of
[32] 0 7 %Al 2| 227 LR 2 Ajojof BE 27 0jLS
AFEBICE
special encoders, sensors, or machined components. We build
Ol AlABIT} ©ra| & G0lMs S4 Q1A MM EE 7|4 72
BEES AE5HA| %=L
our system with only off-the-shelf robots and a handful of 3D
printed parts, allowing non-experts to assemble it in less than
2 hours.
= AL-2 7|EE 2R 49| 3D ZY
o

HIZE7}E 24|12 O|Ljof] Z&I5H 4 i},
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III. ALOHA: A LOW-COST OPEN-SOURCE HARDWARE
lIl. ALOHA: A{H| & 2EAA SHER0f
SYSTEM FOR BIMANUAL TELEOPERATION

o AL 93 Al

We seek to develop an accessible and high-performance
teleoperation system for fine manipulation. We summarize our
2 7= Y20l 211 40| 240 YL 228 YAZRA ALH-ES
Hegstnap stet
design considerations into the following 5 principles.

A 3 AFE BHS 571A] fRle =z 0ofstitt
1) Low-cost: The entire system should be within budget for
most robotic labs, comparable to a single industrial arm.
1) AMB|E: A A|A-HI2 HIREES 2R A7H0A HY M8 2R
2 HIoHEELZ FOIEY & QU= o4 HL| LHOfl RLOOF BT,
2) Versatile: It can be applied to a wide range of fine
manipulation tasks with real-world objects.
2) t=Ad A SAE Y22 Sh= Chast 22 240
HEg 4 U0JOF BHL,
3) User-friendly: The system should be intuitive, reliable,
and easy to use.
3) AFEAt 2lehg: A[ARIE 22 0[1 42|
+|9{Of Btet.
4) Repairable: The setup can be easily repaired by re-
searchers, when it inevitably breaks.
4) 22| 80| A A2 WAHH o= g LHEete A7 A
Z2[g 4= A0{OF Btk
5) Easy-to-build: It can be quickly assembled by researchers,
with easy-to-source materials.

]

UASH AHESHY|

A
e

When choosing the robot to use, principles 1, 4, and 5 lead
5) A2t E0lg: AFAE A Y = Us HZE ARESHH A&
2YT 4 QO{OF BT AIRE 2R Meta of §3 1, 4, 50] Tt
us to build a bimanual parallel-jaw grippers setup with two
ViperX 6-DoF robot arms [1, 66]. We do not employ dexterous
ViperX 6-DoF 22 & 270 At8ote Y& Bl & T2 A|LES
TE3UCH[1, 66].
hands due to price and maintenance considerations. The ViperX
1A R | 2|2 Qs thatd &2 ARESHA| Y=t
arm used has a working payload of 750g and 1.5m span, with
an accuracy of 5-8mm. The robot is modular and simple to
ALt ViperX T2 2¢f 5+& 7509, 21 &9l 1.5m0[0f, FS=E
5-8mmO|Ct,
repair: in the case of motor failure, the low-cost Dynamixel
motors can be easily replaced. The robot can be purchased
O 2R2 25A0|2 f=2[7t ZtEhsiCh 2E{7t 1 L= 32 AHH|&
Dynamixel 2E{E A w4~ QICt
off-the-shelf for around $5600. The OEM fingers, however,
O] 2X2 2 $560001| 7| 4E22 FOIE 4= QAT
are not versatile enough to handle fine manipulation tasks. We
Jdeitt OEM &7122 d8 22 AE £Al5H |0 S&35] Ch=E2{0]A|
24Tt
thus design our own 3D printed “see-through” fingers and fit
it with gripping tape (Fig 3). This allows for good visibility
T2t A o2 3D ZE2IEIGH “see-through” £7t2H8 MAI5t0 1
Ll0il 2 Ho|ZE R2CHAE 3).

Qs 240 Z7H2 Hoj2= 08 7H2: “handle and scissor” LS} 2H&H

when performing delicate operations, and robust grip even with
thin plastic films.
0|2 Saf MMEt 22t 483 2 3
ZoiAE| LSS AISIERE A0S ¥ 4

We then seek to design a teleoperation system that is
maximally user-friendly around the ViperX robot. Instead
IS ViperX 222 SA2 =2 A2t 2shd0| z|0iet =&
HAHZ2ZE MA-S A5kt et
of mapping the hand pose captured by a VR controller or
camera to the end-effector pose of the robot, i.e. task-space
mapping, we use direct joint-space mapping from a smaller
robot, WidowX, manufactured by the same company and costs
$3300 [2]. The user teleoperates by backdriving the smaller
VR ZEZ L} 7I02t2 25t & 2HMIE 28 LT 207(9| 2tM|2
OjZsts YA, = 21 S 00TE oid, 22 SIAOfA A 23t E 2t2
2X WidowxE 0|8¢%t 2|84l 2#d 37t OS2 AI85IH HIE2
$33000|C} [2].
WidowX (“the leader”), whose joints are synchronized with the
larger ViperX (“the follower”). When developing the setup, we
A= H 22 WidowX(‘2|H")E F755t0] d 2 Z26HH, Of
229| A¥2 o 2 ViperX(H29")2| 222 7|3t
noticed a few benefits of using joint-space mapping compared
to task-space. (1) Fine manipulation often requires operating
AARIS ONYSHHAM 21 S0 O Bl s 2 S2F S AR Y
i 2 712 0|H0| USS =L,
near singularities of the robot, which in our case has 6 degrees
of freedom and no redundancy. Off-the-shelf inverse kinematics
(1) dY 222 2X9| 50|14 Z22{0|M 2tYali0f 5h= 227t T2,
2 A1 2R2 6 AREE A S=40| gict
(IK) fails frequently in this setting. Joint space mapping, on
0245t EHF0M= 7|dE 7|7+3H(IK) O] Atz AIHBHCE
the other hand, guarantees high-bandwidth control within the
joint limits, while also requiring less computation and reducing
latency. (2) The weight of the leader robot prevents the user
BHH 2t 7 OE 2 2 o Lo =2 T =F2] HoE
E5tH, AttEE A1 2| AZHE SQ1T
from moving too fast, and also dampens small vibrations.
(2) 25 REO| DAL AR YR w2 S20|2| 2513 50
22 USE gafstt
We notice better performance on precise tasks with joint-
space mapping rather than holding a VR controller. To further
VR ZEE2|E 51 225l= AL0 2 S 0iES AL EE o
FEst A OM H L2 52 I3,
improve the teleoperation experience, we design a 3D-printed
“handle and scissor” mechanism that can be retrofitted to the
leader robot (Fig 3). It reduces the force required from the
Uz AHS S S| S8 2T 2RO 27 F2E 4 Us
3D =28l “handle and scissor” HIHUZS MA[GICHOZ! 3).
operator to backdrive the motor, and allows for continuous
control of the gripper, instead of binary opening or closing.
Ol HFLIZS 2Rt REIE A 1Ssle o LR 58 0|7,
J2|HE o| o= HIL B thal ASH o= #ofg &~ 7
ot
We also design a rubber band load balancing mechanism that
partially counteracts the gravity on the leader side. It reduces the
£k 2|H S0IM Y2 Jes F2H 2R Hifchs 1R HE 5t=
oY HAHUSE AR,
effort needed from the operator and makes longer teleoperation
sessions (e.g. >30 minutes) possible. We include more details
0| Sofl 2IUAIAH Bt 18 S0|1 & 21 FAH=Z=2F MM (o]
>302)0| 7ts3H2IC,
about the setup in the project website.
M| B3t 2H 3 LIRS T2 E UAIO|E0] HAIBHCE

The rest of the setup includes a robot cage with 20x20mm
aluminum extrusions, reinforced by crossing steel cables. There
LHHZ| HHl= 20x20mm 220|5 LEAZ €5t Watehe
HOl=2 20t 22X 70|22 &,
is a total of four Logitech C922x webcams, each streaming
480x 640 RGB images. Two of the webcams are mounted on
Z 409] Logitech C922x 0| 20y, 2t Y2 480x640 RGB
O|0|R| & AE2|YStCt
the wrist of the follower robots, allowing for a close-up view
of the grippers. The remaining two cameras are mounted on the
YA F 20= 2 2RO &30] F2fst0 22|HE 2Y 2de
U= Bt
front and at the top respectively (Fig 3). Both the teleoperation
LITHA| 2CH| FtH|et= 22t T T ZF2FSHCHFig 3).
and data recording happen at 50Hz.
9| A 22k} 0B 7|22 25 50Hz2 4-815IC}

With the design considerations above, we build the bimanual
teleoperation setup ALOHA within a 20k USD budget, compa-
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Fig. 4: Architecture of Action Chunking with Transformers (ACT). We train ACT as a Conditional VAE (CVAE), which has an encoder and a
decoder. Left: The encoder of the CVAE compresses action sequence and joint observation into z, the style variable. The encoder is discarded
at test time. Right: The decoder or policy of ACT synthesizes images from multiple viewpoints, joint positions, and z with a transformer
encoder, and predicts a sequence of actions with a transformer decoder. z is simply set to the mean of the prior (i.e. zero) at test time.
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Fig. 5: We employ both Action Chunking and Temporal Ensembling
when applying actions, instead of interleaving observing and executing.

rable to a single research arm such as Franka Emika Panda.

ALOHA enables the teleoperation of:

« Precise tasks such as threading zip cable ties, picking credit
cards out of wallets, and opening or closing ziploc bags.

o Contact-rich tasks such as inserting 288-pin RAM into
a computer motherboard, turning pages of a book, and
assembling the chains and belts in the NIST board #2 [4]

To train ACT on a new task, we first collect human
demonstrations using ALOHA. We record the joint positions of
the leader robots (i.e. input from the human operator) and use
them as actions. It is important to use the leader joint positions
instead of the follower’s, because the amount of force applied
is implicitly defined by the difference between them, through
the low-level PID controller. The observations are composed of
the current joint positions of follower robots and the image feed
from 4 cameras. Next, we train ACT to predict the sequence of
future actions given the current observations. An action here
corresponds to the target joint positions for both arms in the
next time step. Intuitively, ACT tries to imitate what a human
operator would do in the following time steps given current
observations. These target joint positions are then tracked by
the low-level, high-frequency PID controller inside Dynamixel
motors. At test time, we load the policy that achieves the
lowest validation loss and roll it out in the environment. The
main challenge that arises is compounding errors, where errors
from previous actions lead to states that are outside of training
distribution.

12 4: TransformersS &85 #E 12 (ACT)2| OF |3, ACTE 2245 VAE(CVAE)Z 8155101, QIR0 12 5: TS A|ZH ThAof HE
HYUD Al YNBSS DE HEFICH ABHOR ACTE 21210] 90| A7 DA HIEFO2 20k USD OfA LIOIA Y AHZ 2 447
ALOHAE 223ITH compafrom Ol BS2 32 WIS HOjLt HEf2 0|0j% AFE| OICBES 2Y5HD, Y2 WI|0], 22 NIST HE

#29] A0t HEES ZE5h= 21Y [4]

« Dynamic tasks such as juggling a ping pong ball with a
real ping pong paddle, balancing the ball without it falling
off, and swinging open plastic bags in the air.

Skills such as threading a zip tie, inserting RAM, and juggling

ping pong ball, to our knowledge, are not available for existing

teleoperation systems with 5-10x the budget [21, 5]. We include

a more detailed price & capability comparison in Appendix A,

as well as more skills that ALOHA is capable of in Figure 9.

To make ALOHA more accessible, we open-source all software
and hardware with a detailed tutorial covering 3D printing,
assembling the frame to software installations. You can find
the tutorial on the project website.
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IV. ACTION CHUNKING WITH TRANSFORMERS

IV. TRANSFORMERSS 283t #5 %2

As we will see in Section V, existing imitation learning
algorithms perform poorly on fine-grained tasks that require
high-frequency control and closed-loop feedback. We therefore
S5EOIM H4THENRT, 7|E 2Yets 2SS DT Aot 22
mEesio] et st MA0M 40| S| 4Lt
develop a novel algorithm, Action Chunking with Transformers
(ACT), to leverage the data collected by ALOHA. We first
IHetA ALOHAZG 4=t GIO|EIE &&3t7| flal 22 212|S5¢
TransformersS &%t d& AZ(ACT)S WL,
summarize the pipeline of training ACT, then dive into each
of the design choices.
S ACT ot THo|Z2felg 208t O,

oFst 2t A HEIE ZM|E]
AT

A. Action Chunking and Temporal Ensemble
A ds 8 LAY Q=

To combat the compounding errors of imitation learning in a
way that is compatible with pixel-to-action policies (Figure II),
we seek to reduce the effective horizon of long trajectories
collected at high frequency. We are inspired by action chunking,
DM +YE U YA 72 A HRIE 20, HA-ds FH(OY
N2t 2ot=|= YA L2 RYshE0| =2 210] ChESH A} B},

a neuroscience concept where individual actions are grouped
together and executed as one unit, making them more efficient
to store and execute [35]. Intuitively, a chunk of actions could
WE WSS M |0 SiLte] tHelz HATo =M A3 HlS o
4oz U= MFate gl ds oA A4S EUCH[35].
correspond to grasping a corner of the candy wrapper or
inserting a battery into the slot. In our implementation, we
UM dE A= AE EYR[9 BM2E &7LE 2RO
HiE{2|E 4 Yst= S0 sige 4= AL

fix the chunk size to be k: every k steps, the agent receives
an observation, generates the next k actions, and executes the
actions in sequence (Figure 5). This implies a k-fold reduction
To0M= d3 37|58 k2 DESIC} kAROICH OO0 EE 252
20, O ke ds2S ddst H dsS MUz ddstch(ad 5).
in the effective horizon of the task. Concretely, the policy
Ol A2 R= AlZH HRIE kBl 20l= =27t Ut

models 7y (as.11x|s¢) instead of mg(as|s;). Chunking can also
THH o2 HAME no(atit+kist) 7} OtL2t nB(atlst) & Y SICY.
help model non-Markovian behavior in human demonstrations.
FZ2 AL A[HO|M LELL= BOI22 8 AES RS sh= Ho| =
=500 2 4 Utk

Specifically, a single-step policy would struggle with temporally
correlated confounders, such as pauses in the middle of a
demonstration [61], since the behavior not only depends on
the state, but also the timestep. Action chunking can mitigate
THHoZ Th AR HAUE A S| HEL 20| A|ZHH ez
EHE Wk 2013 H2lste Ol 022 S FHE 4+ UL [61]. Ol=
ASO| SEHE R OFLI2t A[ZH T = 2| Z 517 | 20|Tt. s HE2



Algorithm 1 ACT Training
eSS 1 ACT &5
1: Given: Demo dataset D, chunk size k, weight (.
10 20{A: Al HIOE{M D, 3 37| k, 7153l B.
2: Let a¢, o4 represent action and observation at timestep ¢, O¢
2:at, ot= Al to WS HES LIEIUO ot=
represent o; without image observations.
O|0|Z] =2 AH|2ITt otS LIEFHCE
3: Initialize encoder q¢(2|at:t4k,0t)
4: Initialize decoder g (a¢:+k|0¢, 2)
5: for iteration n = 1,2, ... do
6 Sample o¢, at.t+x from D
7:  Sample z from gy (z|at:i4k, 0t)
8 Predict &t:t+k from 7r9(dt:t+k|0t, Z)
3: QIR qo(zlatit+k, ot)& Z7|SF6tCt 4: C|2H n6("at:t+klot, 2)&

Z IS} 518k Bl n =1, 2, . Of Cisl BHESHCt 6: DOA ot, atit+kE
MERISICE 7: qo(zlat:it+k ot)OlA zE2 MEZISHICE 8: me(“at:t+klot, )0l A
“atit+kE O S}

9: Lireconst = MSE(&t:t-l»k’ at:t+k)
10: Lreg = Drr(qe(z|asesr, 00) || N(0, 1))
11: Update 0, ¢ with ADAM and £ = Lycconst + BLreg

11: ADAMES AL235101 0, 92 H|0|ESHD, L = Lreconst + BLreg2 M5},

Algorithm 2 ACT Inference
LS 2 ACT 22
1: Given: trained g, episode length 7', weight m.
1: 3201 eH5E no, O T A= ZO| T, 7HS 2| m.
2: Initialize FIFO buffers B[0 : T, where BJ[t] stores actions
2: FIFO H{TH B[O : TIE 27|3}5t0, B[t]olE B&2S AYeiLh.
predicted for timestep t.
Al tofl thst o S-Stk
3: for timestep t = 1,2,...7T do
4:  Predict Gy.¢+r With mg(Gee4x|0t, 2) Where z =0
5 Add G4k to buffers Bt : t + k] respectively
6:  Obtain current step actions A; = B[t
7 Apply ay = >, wiAe[i]/ >, we, with w; = exp(—m * )

3tAE t=1,2, .70l Clislf BF=ESICt 4: nB("at:t+klot, 2)E ARSI
"atit+kZ 0| 2510, 0|t z = 0O|C}, 5: “atit+kZS 24ZH BT B[t : t + k]Of
ZI1StC 61 A THA2f s At = B[t]E Y&Ct 7 at =P iwiE AE5}0,
wi = exp(—m *j)O|C},

this issue when the confounder is within a chunk, without
introducing the causal confusion issue for history-conditioned
policies [12].

St I E3 Uof AS © O] EAHIE SHESIHME, 0] ZAUR
JAO|M LlSt= QA 25 BAle =YSHA| et [12].

A naive implementation of action chunking can be sub-
optimal: a new environment observation is incorporated
abruptly every k steps and can result in jerky robot motion.
dE S &t FaistH 2[20] ofd 4= QAT M22 2t
20| k ARDICH YA BYE(0] 2% S20| FHH 4
ALt
To improve smoothness and avoid discrete switching between
executing and observing, we query the policy at every timestep.
SEZS 4ot At 25 AL0|9] 2Ll Mets WA|sH|
213l ol Al-OICH 240 Hegict.

This makes different action chunks overlap with each other,
and at a given timestep there will be more than one predicted
action. We illustrate this in Figure 5 and propose a temporal
0|2 sl M2 CHE dE d37t M E2H, E4 Aldoll= oIS
ASO0| 1740t BOFRICE

ensemble to combine these predictions. Our temporal ensemble
O|Z Figure 50 Y5t 0|2{5t 0|2 Zefsty| fIsh AlZH
AHES Aletstet.

performs a weighted average over these predictions with an
exponential weighting scheme w; = exp(—m * i), where wq
is the weight for the oldest action. The speed for incorporating
2|9 AT LER g 71E LA wi = exp(—m *i)S ALESHO]
O|2{gt 052|713 FdS AlMtstH, O7I1M woe 71 2efiE =2
7t&2[0|Ct,

new observation is governed by m, where a smaller m means
faster incorporation. We note that unlike typical smoothing,
M2 252 25t S5 moj| 2l3 28 =0, mO| 2 2+5 H
W= gt =t

where the current action is aggregated with actions in adjacent
timesteps, which leads to bias, we aggregate actions predicted
for the same timestep. This procedure also incurs no additional
2 WS 1Yt AL AE ZYAloto] Hete RYsh= Yokl
Geslet |, fele st Aldo thial oSE dsS YAR=
Zoi| F2fsHof stTt.

training cost, only extra inference-time computation. In practice,
O] xfofl= 272l ob5 H|E0| SA| 220, =& AlZke] AjLtgt
ZII2 sttt

we find both action chunking and temporal ensembling to be
important for the success of ACT, which produces precise and
smooth motion. We discuss these components in more detail
A2 Yot R S22 Ydsts ACT| da0le ds
JZ A QYE0| 25 S235ITH= AMY S QIR

in the ablation studies in Subsection VI-A.

Subsection VI-A2| AA| HGO|A 0248t 4 245 ¢ ZIM|5]
=9| it

B. Modeling human data
B. QIZHCIOIE 2

Another challenge that arises is learning from noisy human
demonstrations. Given the same observation, a human can use
E COHE M= 430l U= AU AH22RE shE5h= A0|C
different trajectories to solve the task. Humans will also be
SYst HE0| FOHE U2 MA|E S ESH| flal M2 THE
HAHE AR E & Ct
more stochastic in regions where precision matters less [38].
Lo UL E 25 UM E AT WFO| H HEH22
BB} [38].

Thus, it is important for the policy to focus on regions where
high precision matters. We tackle this problem by training our

TretA 20| 22 JUEIH S22 9o YSste A0l SR23HL

action chunking policy as a generative model. Specifically, we
O ZAHE sliZot7| ol Ws ¥ dAS Wy 2D = S5olct

train the policy as a conditional variational autoencoder (CVAE)
[55], to generate an action sequence conditioned on current
observations. The CVAE has two components: a CVAE encoder
THHeZ YAUS 2HR HE 2EQITH(CVAE) [55]2 oH&5H0]
M UES ZUCZ ot WS AIHALE WHot=S Bttt

and a CVAE decoder, illustrated on the left and right side of
Figure 4 respectively. The CVAE encoder only serves to train
CVAEE CVAE QIZ4Qt CVAE C|2HeH= 2719 724 2a=
O|F0{A|H, Z}2t Figure 42| 2152t 2 EX0] LIEILE ATt

the CVAE decoder (the policy) and is discarded at test time.
CVAE QI CVAE CITC () S st&sts QD 23510
HIAE Aoz AAHECH

Specifically, the CVAE encoder predicts the mean and variance
of the style variable z’s distribution, which is parameterized as
a diagonal Gaussian, given the current observation and action
sequence as inputs. For faster training in practice, we leave out
TAHHSZ CVAE Q2= A 250t ds AEAE Y2 2ot
Ci2f 7t2AIRI2 2 D7) ol ABHY e 7O ZIL0)| Chiot Haat
=4t oSSt

the image observations and only condition on the proprioceptive
observation and the action sequence. The CVAE decoder, i.e.
MHZ O WE SIS 9lof 0[O A2 Helstn DR4EY B}
HE A|HAT ZHOZ AMZSICY,

the policy, conditions on both z and the current observations
(images + joint positions) to predict the action sequence. At
CVAE CI2C|, 2 H3e 70} 52l B2 (0[0]7] + 22 92))2 25
ZULZ MESIH s A[EAS O|STtCt

test time, we set z to be the mean of the prior distribution i.e.
zero to deterministically decode. The whole model is trained to
BIAE A0 25 AMd 22| BE, S 022 245t 222
C|2 G St

maximize the log-likelihood of demonstration action chunks, i.e.
ming — Zsham%eD log g (as.t4k|s¢), with the standard VAE
objective which has two terms: a reconstruction loss and a term
that regularizes the encoder to a Gaussian prior. Following [23],
U3 222 AH s HH9| 21 Vts=E 2|Uefet=S, 5 mind
—P st,at:t+keD log nO(at:t+k|st) 2 St&otH, 2= VAE 24 gt
2718 goz FYELE a AlTd A QIREHE a 7FRAIQ ARY
ZEZ Yqtelets a 2ol

we weight the second term with a hyperparameter 3. Intuitively,
[23]0)| 2t & SR Hof| SHo|THI2t0[Ef Bof 71E 2| S Fofstet.
higher 8 will result in less information transmitted in z [62].
UM 2 BO0| =245 22 dEE = FE7I 0= [62].
Overall, we found the CVAE objective to be essential in
learning precise tasks from human demonstrations. We include
HEFH o2 CVAE =4 &7t Q7 A2 8E HUst A S

S5 She Ol B420I2k= AME S EIiCt

a more detailed discussion in Subsection VI-B.

Subsection VI-BOIA & ZtM|5| =2l 5tCt,

C. Implementing ACT
C. ACT &

We implement the CVAE encoder and decoder with trans-
formers, as transformers are designed for both synthesizing in-
formation across a sequence and generating new sequences. The
EUAZME AL MBI HEES St M2 A[EAE
WESIESE AU R, EMARME ARESIO CVAE Q1 2E 2t
C2HE Foistet.

CVAE encoder is implemented with a BERT-like transformer
encoder [13]. The inputs to the encoder are the current joint
CVAE Q2= BERTR} RAISH ERMA I Q1A [13]2 L3 GHC
positions and the target action sequence of length £ from the
demonstration dataset, prepended by a learned “[CLS]” token
similar to BERT. This forms a k+ 2 length input (Figure 4 left).
QT Y2 A 2 fIR[2t Al CO[E{AIOIM 22 ZO[ ke
=H = A|HL0|0, BERTRE RAISHA at&E “[CLS]” E22 ol
Z7totct. O|2M Z0|7t k+2Q1 0| FEECHAT 4 ¥%).

After passing through the transformer, the feature corresponding
to “[CLS]” is used to predict the mean and variance of the “style
variable” z, which is then used as input to the decoder. The
EAMAZHE St = “[CLS]0fl S Sh= S35 ARESHH AEY
B4 20 Yot 242 0 E5ta, 0|2 HIRHO| fH 22 ARESiCH
CVAE decoder (i.e. the policy) takes the current observations
and z as the input, and predicts the next k actions (Figure 4
right). We use ResNet image encoders, a transformer encoder,
CVAE B|ZH(F, Z3)= oAl 253 28 Y™ e & 2o L3 ke
dSS OISO 4 2EE).

and a transformer decoder to implement the CVAE decoder.
CVAE C|2GE 78517| 25l ResNet 0[0|2| QIR EHA R
RH, EMAZH L|ZHE AESiCt

Intuitively, the transformer encoder synthesizes information
from different camera viewpoints, the joint positions, and the
style variable, and the transformer decoder generates a coherent
action sequence. The observation includes 4 RGB images, each
YUMoz EMALN QIHE= MZ CHE ZH02E AlHe HE, 23
Q2| AEIY B0 HES SO, EMALD C[RH = L AS
AEAE Ygstct

at 480 x 640 resolution, and joint positions for two robot arms
(7+7=14 DoF in total). The action space is the absolute joint
HE0= 242 480 x 640 sl =2 47112] RGB 0|D|2|2f 271 2F
2ol 2 2IR7t ZYECHS 7+7=14 DoF).

positions for two robots, a 14-dimensional vector. Thus with
s Z7ke 27f 20| HCH 2 9120|0, 14349 HE{O|CH

action chunking, the policy outputs a k x 14 tensor given
the current observation. The policy first process the images
TetM dE S AL8otH HA2 A =S B2 kx 14
HIME Sstet,

with ResNet18 backbones [22], which convert 480 x 640 x 3
RGB images into 15 x 20 x 512 feature maps. We then flatten
H22 A ResNet18 W2 [22]2 AMZSHO] O|0|R|E H2|5tH, O]
=2 480 x 640 x 3 RGB O|0[A|E 15 x 20 x 512 £ Y=
Hetsict,

along the spatial dimension to obtain a sequence of 300 x 512.
O O3 32 2HdE W2t BEEISH 300 x 5122| A[#AS =Lt
To preserve the spatial information, we add a 2D sinusoidal



position embedding to the feature sequence [8]. Repeating this
S EEE EE57| floll S AIZA0] 2D ARRITE 2] YHIYS
Z7FIC} [8].

for all 4 images gives a feature sequence of 1200 x 512 in
dimension. We then append two more features: the current
Ol 4711 0]0|2] 250i| BH= 2 85tH 2F0] 1200 x 51221 £3
AYLE HECH

joint positions and the “style variable” z. They are projected
1121 Tk SIR) 2 9I2|Q} “AEIY #4 z3hs 27H0] S
=Tt

from their original dimensions to 512 through linear layers
respectively. Thus, the input to the transformer encoder is
2k7kg M8 20|0j2 S5 Hai AH0IM 5123422 EHFITY
1202 x 512. The transformer decoder conditions on the encoder
Tetd EMAZDN QA2 Y2 1202x5120|H,

output through cross-attention, where the input sequence is a
fixed position embedding, with dimensions k x 512, and the
keys and values are coming from the encoder. This gives the
EMAZN CREE= W2 OIS Sl 1 2H 0| ZUStE
Oluf U=t A|HAE 20 k x 51221 1 2|2| AH|F0|H, 7|2t g2
QIZHOM 7HH 2L

transformer decoder an output dimension of k£ x 512, which is
then down-projected with an MLP into k£ x 14, corresponding
to the predicted target joint positions for the next k steps. We
ofof wet EMARY C|FHO| & 2H{A2 k x 5127t =K, OIS
MLPE Sall k x 142 2} 43T} Ol= TFS k2 SHAOf Chish
OlSE =1 24 2|0f| siEStct.

use L1 loss for reconstruction instead of the more common
L2 loss: we noted that L1 loss leads to more precise modeling
of the action sequence. We also noted degraded performance
AlTdol= o Yol 12 &4 Oidl L1 &4S ARESiCh L1 &40
WS AHEAE o Y5 2P et S 37| Tzolot.
when using delta joint positions as actions instead of target
joint positions. We include a detailed architecture diagram in
Lot SE 2 22| ol BEL Y 23S WS22 MY ER
‘450] Astel= AE =it

Appendix C.

828 Cofl &MIst OF7[ElIA CHO|O{ 1= A[AlBHCE.

We summarize the training and inference of ACT in
Algorithms 1 and 2. The model has around 80M parameters,
L2|E 12 20i1M ACTL| a5 2 225 29fsth}.
and we train from scratch for each task. The training takes
S22 o 80MZH Q| T2f0[E{E ZHA|0], 2F 2HA|DICE X S E
S5ttt
around 5 hours on a single 11G RTX 2080 Ti GPU, and the
inference time is around 0.01 seconds on the same machine.
&H50l= ©Y 11G RTX 2080 Ti GPUOIIAM 2F 5A|7t0] Z2|tf, S Yt
Z2|0|M 2& A7+ 2F 0.0120]C},

— T

V. EXPERIMENTS

V. 4

We present experiments to evaluate ACT’s performance on
fine manipulation tasks. For ease of reproducibility, we build
FY 22 WAoM ACTS| He2 B7I5H| /I8t 4™ S AlAISCh
two simulated fine manipulation tasks in MuJoCo [63], in
addition to 6 real-world tasks with ALOHA. We provide videos
Medg 0[5tA 5t7| 2Isi MuJoCo [63]01A 271H2| AlE2]0]d HU
Z2F WHE TS5, ALOHAE ALESt0] 6719] AA| 2 2HAHE
M2 YT
for each task on the project website.
2t Ao SY 2 Z2HE UAIOIEOM HSTHTY.

A. Tasks
A IHA|

All 8 tasks require fine-grained, bimanual manipulation, and
are illustrated in Figure 6. For Slide Ziploc, the right gripper
87 IpA| B & Yot A& 222 W2 5t0f, 02
needs to accurately grasp the slider of the ziploc bag and open
it, with the left gripper securing the body of the bag. For Slot
601 A|A|=[0] UACE. Slide ZiplocOlME REZ 2|7t A|I{EHO|
S2l0|CE HESH &foF g1, ¥ 2= S5 2412 250t
st
Battery, the right gripper needs to first place the battery into
the slot of the remote controller, then using the tip of fingers
to delicately push in the edge of the battery, until it is fully
inserted. Because the spring inside the battery slot causes the
Slot BatteryOlMe &% 112|T7t YA BiE{2|E 2|272| £X0]
22 0, &7 B2 2 BiE 2| 7HYAte|E 2AA A Lol A5
L JaloF ettt
remote controller to move in the opposite direction during
insertion, the left gripper pushes down on the remote to keep
it in place. For Open Cup, the goal is to open the lid of a
HiE2| &2 Rl A MR0| 4 S 2|270| giof Yo =2
220|122, 21% 2|7} 2|271S Of22 &2 A|22|0] g st
small condiment cup. Because of the cup’s small size, the
Open Cup?| SH& 22 &'d Zo| 242 o= A0|ct,
grippers cannot grasp the body of the cup by just approaching
it from the side. Therefore we leverage both grippers: the right
el 2217t 27| 0 22|H= HoM H2ste Aoz H 24

o A
éFE . Silih

fingers first lightly tap near the edge of the cup to tip it over,
and then nudge it into the open left gripper. This nudging
et £ 12|HE 25 223 Q22 27202 My Y
7ty 2HE 7HEA FE HE 712 tg, 2 F a2
Zoz 4% aict

step requires high precision and closing the loop on visual
perception. The left gripper then closes gently and lifts the cup
O[2{5t DM 0|5 EHAIMlE =2 2=t A2} QIAOf Oist IR
Aloi7F Hstet.

off the table, followed by the right finger prying open the lid,
which also requires precision to not miss the lid or damage
the cup. The goal of Thread Velcro is to insert one end of
O O3 &% Mot SEHA E5I1HM Z2 E0|20iM S0
22|10, LEZX EIIE0| £Z S Eel At 0| HHoME F4E
AL EE &5t g YLFo| Hastet

a velcro cable tie into the small loop attached to other end.
Thread Velcro?| SH= #AR 705 EI0|Q 5t% £ CHE & 20|
FatE 22 1e|of 4Ysk= Aojck

The left gripper needs to first pick up the velcro tie from the

table, followed by the right gripper pinching the tail of the
tie in mid-air. Then, both arms coordinate to insert one end
1% J2|mIt HA H|O|S0|M Y32 EfO|E /0] S12, 0|01A
REZ J2|h7t SF0|M Efo|e] M2 22 Y=
of the velcro tie into the other in mid-air. The loop measures
O O3 & 20| g§3510] SSoM BAZ EOIQ R 25 HHE X
=20] dYstct,
3mm x 25mm, while the velcro tie measures 2mm x 10-25mm
depending on the position. For this task to be successful, the
12|19 37| 3mm x 25mmo| 1, Y132 Ej0]Q] F7|= Q%0 et
2mm x 10-25mmoO|Ct.
robot must use visual feedback to correct for perturbations
with each grasp, as even a few millimeters of error during the
first grasp will compound in the second grasp mid-air, giving
more than a 10mm deviation in the insertion phase. For Prep
O A E daH22 A5 HE 2R0| 2t QM Ldst= dss
S2Y517| 2l A2 D ERS ARSSHOF BT, & Hin] oM
L2|0[E2 a7 s = SS0AM slicts & B 2E0IAM
ap7F FAHL|0f &Y THAOIM 10mmE Z2tets HAE7L E4stY |
TZ0|Ct.
Tape, the goal is to hang a small segment of the tape on the
edge of a cardboard box. The right gripper first grasps the tape
Prep TapeQ| S H = 22 B|O|& 225 THA| &FAte] 7Hat2|of
Z2|= Aolct,
and cuts it with the tape dispenser’s blade, and then hands
the tape segment to the left gripper mid-air. Next, both arms
QEZ J2|HJt A H|O|ZE &1 E|0| 2 C|AHINC 2 22
Che, SSOIM HIOIZ 2245 /1% J2(mof AdEct
approach the box, the left arm gently lays the tape segment
on the box surface, and the right fingers push down on the
tape to prevent slipping, followed by the left arm opening its
gripper to release the tape. Similar to Thread Velcro, this task
CIEo2 & ZO| ¢ao| H2stct, 21% 0| 0|1 2213 44}
B0 REHY 22z, RLEZ &I1210] H|0| 7} 0|T12{ 2| 2|
RS FE LS, % 0| 12| E g0 0|28 =t
requires multiple steps of delicate coordination between the
two arms. For Put On Shoe, the goal is to put the shoe on a
Thread Velcro2t OR2t7HA[2 O] A0 M = & 2 ALO|2] HMISh
CIEHA 301 B35t
fixed manniquin foot, and secure it with the shoe’s velcro strap.
Put On Shoe?| SH= 1Y E OfH|Z gof AES 417|212 Mg
A2 AEMO 2 NYTh= AO|Cf
The arms would first need to grasp the tongue and collar of
the shoe respectively, lift it up and approach the foot. Putting
T2 HA 22 gl gRe UStE Y 50| ST TS o
E2aHOF SHC
the shoe on is challenging because of the tight fitting: the arms
would need to coordinate carefully to nudge the foot in, and
both grasps need to be robust enough to counteract the friction
between the sock and shoe. Then, the left arm goes around to
ALS AV|= g2 & 2= 72 TR0 O et & Bo| = Eez
YO0l E7| Lol MASHA €3sH0k 5t ¥% Q7 2& 2t A
AtO|o] OFof| CHE e 4= US BFF H25HOF BTt
the bottom of the shoe to support it from dropping, followed by
the right arm flipping the velcro strap and pressing it against
the shoe to secure. The task is only considered successful if
7124 Ch 212 To| AlY 0RO 2 S0P} AlL0| HOjR|2| Y2
A|Z[5tll, 2% HO| HA= AEMS S0 Lo z2 DY
the shoe clings to the foot after both arms releases. For the
SIS R 52 S0|E AWo| Loj| 20f Q0{opot s 2HA7t
‘daot A2 7Bl
simulated task Transfer Cube, the right arm needs to first pick
up the red cube lying on the table, then place it inside the
gripper of the other arm. Due to the small clearance between
Al22|0]4 2tA| 2l Transfer CubeO M= B2 2E2E0| E|0[£ £{0
QW HE S Y2 T3, ChE B2l J2[TH Qfof '@ 0{0F Bt
the cube and the left gripper (around lcm), small errors could
result in collisions and task failure. For the simulated task
TELF Y 02| A0|Q] ZHAO| oF TcmZ F7| WZ20]| 22
ez = 0] YAso] 27 Huieh 4= Aot
Bimanual Insertion, the left and right arms need to pick up
the socket and peg respectively, and then insert in mid-air so
the peg touches the “pins” inside the socket. The clearance is
AlE21|0]d 2kA|Ql Bimanual InsertionOf| A& It 2 2L0| 2+2¢
270 S Y2 O, SSOIM HY5H0] TO[ 220 LIEO| “T o
S SHOF SHCY.
around 5mm in the insertion phase. For all 8 tasks, the initial
U SAOIMC 2EAE2 oF 5SmmO|Ct,
placement of the objects is either varied randomly along the
15cm white reference line (real-world tasks), or uniformly in
2D regions (simulated tasks). We provide illustrations of both
87 2HA| 2EO0M S22 27| BiZ[= 15cm 02| 2l 7|24 S
tef 22122 HISHEAHLHEMAl 2H4), AlZ2)|01d 2t4e] H< 2D
o LHollM LA BRI El T
the initial positions and the subtasks in Figure 6 and 7. Our
g 62t
evaluation will additionally report the performance for each of
these subtasks.
70l 27| 12| 2t 51| 2AE 2F AR,
AL 5= gt

In addition to the delicate bimanual control required to
solve these tasks, the objects we use also present a significant
perception challenge. For example, the ziploc bag is largely
Ol2{et 2tA|E sHASHH T st & H 07t WL & OfL2f,
AEEIE 22 HEst A ZAHIE A 7Istct
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transparent, with a thin blue sealing line. Both the wrinkles
Ol€ S0] A2 R SH5tL gF2 gk US4H0[ T,

on the bag and the reflective candy wrappers inside can vary
during the randomization, and distract the perception system.
F220st YoM 2|2 FEI LR U= BrAMY AR ZLZR|7t
25 g & o], QA A ARS Ho{ET)

Other transparent or translucent objects include the tape and
both the lid and body of the condiment cup, making them
hard to perceive precisely and ill-suited for depth cameras. The
Blo| et &g Zo| £ L 24 = FEotH L B S4|0|22
HLUSHA QA | O 210] 71|20l 2 tstA| Q4T

black table top also creates a low-contrast against many objects
of interest, such as the black velcro cable tie and the black



Real-World Task Definitions

1 init. RS 1 o el o #3
Slide Ziploc: Open the ziploc bag that is standing upright on the table. The bag is randomized along the 15c¢m white line. It is dropped from ~5cm
above the table to randomize the deformation, which affects the height and appearance of the bag. The left arm first grasps the bag body (Subtask#!
Grasp) followed by the right arm pinching the slider (Subtask #2 Pinch). Then the right arm moves right to unzip the bag (Subtask #3 Open).

1'./

Slot Battery: Insert the battery into the remote controller. The controller is randomized along the 15cm white line. The battery is initialized in
roughly the same position with different rotations. The right arm first grasps the battery (Subtask#! Grasp) then places it into the slot (Subtask#2
Place). The left arm presses onto the remote to prevent it from sliding, while the right arm pushes in the battery (Subtask#3 Insert).

init. 4 #1 . #2

Open Cup: Pick up and open the lid of a translucent condiment cup. The cup is randomized along the 15cm white line. Both arms approach the cup,
and the right gripper gently tips over the cup (Subtask#! Tip Over) and pushes it into the gripper of the left arm. The left arm then gently closes its
gripper and lifts the cup off the table (Subtask#2 Grasp). Next, the right gripper approaches the cup lid from below and prys open the lid.

. | - #3
Thread Velcro: Pick up the velcro cable tie and insert one end into the small loop on the other end. The velcro tie is randomized along the 15cm
white line. The left arm first picks up the velcro tie by pinching near the plastic loop (Subtask#1 Lifi). The right arm grasps the tail of the velcro tie
mid-air (Subtask#2 Grasp). Next, both arms coordinate to deform the velcro tie and insert one end of it into the plastic loop on the other end.

L init. #1 L] #3 | |
Prep Tape: Hang a short segment of tape on the edge of the box. The tape dispenser is randomized along the 15cm white line. First, the right gripper
grasps the tape from the side (Subtask#l Grasp). It then lifts the tape and pulls to unroll it, followed by cutting it with the dispenser blade
(Subtask#2 Cut). Next, the right gripper hands the tape segment to the left gripper in mid-air (Subtask#3 Handover), and both arms move toward the
corner of the stationery cardboard box. The left arm then lays the tape segment flat on the surface of the box while the right gripper pushes down on
the tape to prevent slipping. The left arm then opens its gripper to release the tape (Subtask#4 Hang).

LS E|O| 2 T2 H2M -2 705 Eto|Qt 0|NES &A|5t7]|
12| E ZOof E|0|ZE ==C} (Subtask#4 Hang).
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Put On Shoe: Put a velcro-strap shoe on a fixed manniquin foot. The shoe pose is randomized along the 15cm white line. First, both left and right
grippers pick up the shoe (Subtask#1 Lifi). Then both arms coordinate to put it on, with the heel touching the heel counter (Subtask#2 Insert). Next,
the left arm moves to support the shoe (Subtask#3 Support), followed by the right arm securing the velcro strap (Subtask#4 Secure).

Fig. 6: Real-World Task Definitions. For each of the 6 real-world tasks, we illustrate the initializations and the subtasks.
Fig. 6: A4 2t & 2| ol 6702| HA| 84 Dbl 2H2tof Chal 27|38kt 5t2| 2AHIE EHECt.



Left: Cube Transfer. Transfer the red cube to the other arm. The right arm touches (#/) and grasps (#2) the red cube, then hands it to the left arm.
Right: Bimanual Insertion. Insert the red peg into the blue socket. Both arms grasp (#/), let socket and peg make contact (#2) and insertion.

Fig. 7: Simulated Task Definitions. For each of the 2 simulated tasks, we illustrate the initializations and the subtasks.

1% 7: A8 T Ho|. 2742] AlZ2{01H 21 2iziof Cial 2715 AlERe} 5H9| THAIE A AIBHCY,

Cube Transfer (sim)

Bimanual Insertion (sim)

Slide Ziploc (real) Slot Battery (real)

B Z7171(AE20]) Bimanual Insertion(A|22]|0]/4) Slide Ziploc(&A) Slot Battery(AA])

Touched Lifted Transfer Grasp Contact Insert Grasp Pinch Open Grasp Place Insert

= SO SY U 47| g2 U Y71 471 B2 71 Hial Y

BC-ConvMLP 3413 1711 110 510 110 110 0 0 0 0 0 0
BC-ConvMLP 3413 17[11]105/01101/0000000

BeT 60116 51113 2711 2110 410 310 8 0 0 4 0 0
BeT6011651113271121104|/0310800400

RT-1 4414 3312 210 210 010 110 4 0 0 4 0 0
RT-1441433122|102/00/01/0400400

VINN 13117 9111 310 610 110 110 28 0 0 20 0 0
VINN1311791113106101101/028002000

ACT (Ours) 97 182 90 1 60 86 150 93176 90 1 66 32120 92 96 88 100 100 96

ACT (92| ') 971829016086150937690166 3212092 96 88 100 100 96

TABLE I: Success rate (%) for 2 simulated and 2 real-world tasks, comparing our method with 4 baselines. For the two simulated tasks, we

H |1 2712] AlZ2|0]4d 2HA|Qt 2712 A 2t apAof thst 4SE

HBE(%)=, 2 Yt 4719] 7[&H S

Bl@3ict,

report [training with scripted data | training with human data], with 3 seeds and 50 policy evaluations each. For the real-world tasks, we

2712] AlZ2{|0]4d 2EA|of BhisM = 3702] Al=2F 242t 5029
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report training with human data, with 1 seed and 25 evaluations. Overall, ACT significantly outperforms previous methods.
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Open Cup (real) Thread Velcro (real)

Prep Tape (real) Put On Shoe (real)

Open Cup (&) Thread Velcro(&A)

Prep Tape(&A]) Put On Shoe(&A|)

Tip Over  Grasp Open Lid Lift Grasp Insert Grasp Cut Handover Hang Lift Insert Support Secure
7180 27| &7 87| £ S0 2207 7| Y Y7 2A27| MY 27| 20 227] e A2l 1Y
BeT 12 0 0 24 0 0 8 0 0 0 12 0 0 0
BeT 12002400 800012000
ACT (Ours) 100 96 84 92 40 20 96 92 72 64 100 92 92 92

ACT (22| &) 100 96 84 92 40 20

9692726410092 92 92

TABLE II: Success rate (%) for the remaining 3 real-world tasks. We only compare with the best performing baseline BeT.
B |- LI A 3702] A &t 2HA0]| CHEt SE&(%). 71 4501 F o 7[F41Q1 BeT2ARH B|wGtC

tape dispenser. Especially from the top view, it is challenging
Ei|O|Z C|ATHIA.

to localize the velcro tie because of the small projected area.
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B. Data Collection
B. HIO|&f £

For all 6 real-world tasks, we collect demonstrations using
ALOHA teleoperation. Each episode takes 8-14 seconds for the
6702 M| 2h-8 2tA| 250 Choll ALOHA & HZR2E AHESH0] A8 E
ettt
human operator to perform depending on the complexity of the
task, which translates to 400-700 time steps given the control
frequency of 5S0Hz. We record 50 demonstrations for each task,
2t O I A~ E= MpA|Q| S =0 Tt Q12 22ER[7} =35t |
8~1427t 2|0, A|0] FOt=7t 50Hz0|22 0]= 400~700712]

Al ZH SHAOff SHE BTt

except for Thread Velcro which has 100. The total amount for
Thread Velcro2| 2<% 10070 s=2et A= A2ASHH, 2 2kA|0f THaK
50712l A|HE 7| Z3tCt.

demonstrations is thus around 10-20 minutes of data for each
task, and 30-60 minutes in wall-clock time because of resets
and teleoperator mistakes. For the two simulated tasks, we
et AlGio] 222 2t BA| T o 10~2020] GIO|E{0|0], Z7|3fe}
HAHAZ A2 M2 Qs HA| A2 AlZH2 30~60=0]Ct

collect two types of demonstrations: one type with a scripted
policy and one with human demonstrations. To teleoperate in
2712] A 22041 IHA|0] CisiM = 2712 K2 A|HS st
Sttt AT E Y2AS ALESIL, THE SiLhe Q17F Al S ARZsttt
simulation, we use the “leader robots” of ALOHA to control
the simulated robot, with the operator looking at the real-time
renderings of the environment on the monitor. In both cases,
Al E2i|0] 40| A &I H225t7| 2lslf ALOHAS| “leader robots’S
AHZ5t0] A 20| 4 E 2R A|0jot, 22 A= 2LE{0|M 2tE29]
A AT E BRM 2250

we record 50 successful demonstrations.

T 23S 25 4330l Al#S 50914 7SIk,

We emphasize that all human demonstrations are inherently
stochastic, even though a single person collects all of the
demonstrations. Take the mid-air hand handover of the tape
2E QIZHAI2 SHAIO| 2E AXIE £Y5IHetE 22H o=
EEH0|2ts ¥S ZREL
segment as an example: the exact position of the handover
is different across each episode. The human has no visual or
HIO|L 225 S80M &2 MYst= S22 oz 3, 2
OIS0 Hetet HE 2|7t 20t
haptic reference to perform it in the same position. Thus to
QIO OF S YIRI0IM S8 4 U= A2 E& 2247
7|20] gict.
successfully perform the task, the policy will need to learn that
the two grippers should never collide with each other during

the handover, and the left gripper should always move to a
position that can grasp the tape, instead of trying to memorize
where exactly the handover happens, which can vary across
demonstrations.

TEhM IHA E S = +A5HHH Y2
T2t M2 A SS3dME o =0, Alotct &
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C. Experiment Results
C.&¢ 21

We compare ACT with four prior imitation learning methods.
ACTE 0|d9| 471] 2etsts Wi} Bl WSt
BC-ConvMLP is the simplest yet most widely used base-
line [69, 26], which processes the current image observations
with a convolutional network, whose output features are
concatenated with the joint positions to predict the action.

BC-ConvMLP 713 EHASIRIM G 2] AFRElE 7|24 [69,
26122, 313 0|0|2] BHES BHZ HEYAZ 2|50 1 £

=g
S48 &4 2x|et HE5t WSS oS Ttot
BeT [49] also leverages Transformers as the architecture, but
with key differences: (1) no action chunking: the model predicts
one action given the history of observations; and (2) the image
observations are pre-processed by a separately trained frozen
visual encoder. That is, the perception and control networks
BeT [49] &A| OFZ|HIX 2 TransformersE &-&otA[C, TSt 2

=2 o
T2 2H0|7F UL, (1) WS HZO| gict. =, 2E2 A= 0[HS
HIES 2 1719 HFS O &5tCt. (2) 0[0|2| AE52 =2 sigH

DY A2 QIAEHZ AH 2| ElCH

are not jointly optimized. RT-1 [7] is another Transformer-
=, A2 HER 2Lt A0 HERIZE 8522 2|Hate|A| g=0.
based architecture that predicts one action from a fixed-length
history of past observations. Both BeT and RT-1 discretize
RT-1 [7]2 2t 252 1Y Z0| 0|5 BIYL 2 stLie| dsS

0| &3t= I CH2 Transformer 7|8t OF7 & 2{O|CF,

the action space: the output is a categorical distribution over
discrete bins, but with an added continuous offset from the bin-
center in the case of BeT. Our method, ACT, instead directly
BeTQt RT-12 25 s 575 Ofttetsitt =, 232 0|t F7tof|
Ciot HEd 2IZ0|0, BeT2| 2 71 S 2RE Q| ¢4 2ITAI0|
ZHEICE

=
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predicts continuous actions, motivated by the precision required
in fine manipulation. Lastly, VINN [42] is a non-parametric
29| Wl ACTE dY 220 Hest JULS nefsto] Cidl
ALEA0l HES 2Y o|Ssict,

method that assumes access to the demonstrations at test time.
OFZ|2f2 2 VINN [42]2 HIAE A|HO|| AlA C|O|&{of] E2g &
UL 7t 5He B 242 S0[C}

Given a new observation, it retrieves the k& observations with
the most similar visual features, and returns an action using



weighted k-nearest-neighbors. The visual feature extractor is
M2 BH20| ZO{X|B A|2H2 EH0| 714 QAR kle| BES
AL, 713 k-2|2 Y 0|R S ALESIY WSS Breteitt,

a pretrained ResNet finetuned on demonstration data with
unsupervised learning. We carefully tune the hyperparameters
ANZH EY 27| A H5E ResNetS Al G|O]E{0] THSH

Bl =St 2 DIM 248t Z0|C}

of these four prior methods using cube transfer. Details of the
4712 7|2 Y| StO|HII2I0|E S FE HO0|E ARZSHY LSS
ZHstct,

hyperparameters are provided in Appendix D.
SHO|HIH2IO|E O] MIF Atet2 £5 DOf| A|AlStC,

As a detailed comparison with prior methods, we report the
average success rate in Table I for two simulated and two real
tasks. For simulated tasks, we average performance across 3
7|Z Ygatel Mis Bl E 2Ial 2742] AZ20]4 2tA|eF 2712
AA| A of cist B HSES E (0| 205t
random seeds with 50 trials each. We report the success rate
Al22{ 0] A0 M= 282 508] AlE=oh= 3702 2219 AIE0] ZA
ds8 st
on both scripted data (left of separation bar) and human data
(right of separation bar). For real-world tasks, we run one seed
ATEE HO[H (FEM 21F)2t QIZHHO[H (M 2E%) 250
tist 45&S 210ttt
and evaluate with 25 trials. ACT achieves the highest success
A 2 A= 1702] AIES AFESHRL 253 A|=2 76Tt
rate compared to all prior methods, outperforming the second
best algorithm by a large margin on each task. For the two
ACTE 2& 7|12 HEEH =2 d5&S 450, ZF 1AM 29
212|F5S 2 20|12 Y
simulated tasks with scripted or human data, ACT outperforms
the best previous method in success rate by 59%, 49%, 29%,
and 20%. While previous methods are able to make progress
A3 HE 08 £ AZHHO[H S AEste 2712] AlE20]d
DAHOM ACTE S8 7IE22 71 248 7|2 Y2 59%,
49%, 29%, 20% 4Lt
in the first two subtasks, the final success rate remains low,
below 30%. For the two real-world tasks Slide Ziploc and
71E YY2 A 2712 Sh9l LAOIM 2HS 20|R| 2, 2E
HdSE2 30% 0|22 S| RA|ECE
Slot Battery, ACT achieves 88% and 96% final success rates
respectively, with other methods making no progress past the
first stage. We attribute the poor performance of prior methods
271e] AR 24 2|2 Slide Ziploczt Slot Batterydi| A ACTE 242t
88%%2t 96%2| 2|Z 4552 P4ot= BHH, CHE YE2 A HAY
CHA O]= J¥ S 20|7] g=0t.
to compounding errors and non-Markovian behavior in the
data: the behavior degrades significantly towards the end of
an episode, and the robot can pause indefinitely for certain
states. ACT mitigates both issues with action chunking. Our
71E Yol Mot 52 E0IE2] £ 2afet B|DI2 AL s
HZol2t =0t =, oI ALVt 245 WS0| AAH Aotz L
2R0| EF HEHOIM F7/5t HE 4= UL ACTE W= LS Sl
O 2742 ZHIS rafettt.
ablations in Subsection VI-A also shows that chunking can
significantly improve these prior methods when incorporated. In
5t9l A VI-AS] HA HEoME ¥ S AESHH 0]2{5t 7|E Y-
4501 2 SHE &+ USS UL,
addition, we notice a drop in performance for all methods when
switching from scripted data to human data in simulated tasks:
the stochasticity and multi-modality of human demonstrations
make imitation learning a lot harder.

Est AlZ20]4d A0 AT E H|O|E{0|A Q1ZF CIO|E{ =
HetetH 2= Yol 40| AotEl= AS =HRIRHCE QU7 A[H2)
SE40 S e W0 2YsH50] #4024 2|7] WZ0|Tf,

We report the success rate of the 3 remaining real-world
tasks in Table II. For these tasks, we only compare with BeT,
LI Z] 371 4| 2t DtAof Cist 43S & 110] E0stet,
which has the highest task success rate so far. Our method
ol2{st TAHIAS X272 A HEE0| 71 &S BeTolat
B W StCf,

ACT reaches 84% success for Cup Open, 20% for Thread
Velcro, 64% for Prep Tape and 92% for Put On Shoe, again
outperforming BeT, which achieve zero final success on these
challenging tasks. We observe relatively low success of ACT
2|9 gHHOl ACT= Cup OpenOflM 84%, Thread VelcroOi|A]
20%, Prep TapeOllA] 64%, Put On ShoeOflAd{ 92%9| MZES
245101, O|2fet 7ITI22 AAH|O|A 2|F G5E01 0% BeTS ChA|
ML}

in Thread Velcro, where the success rate decreased by roughly
half at every stage, from 92% success at the first stage to
20% final success. The failure modes we observe are 1) at
Thread VelcroOlAM ACTS| §5&2 HI WA HUACH, A BiRf THA Q|
MBE 92%01M 21Z HBE 20%7H2 2t S0 A Th2s Zota
St 2o Ao et a2

stage 2, the right arm closes its gripper too early and fails to
grasp the tail of the cable tie mid-air, and 2) in stage 3, the
1) 2EA0IM 2LEZ 20| 22|HE HF 23 Fot 530 U=
0|2 Ef0[2] 2| S FA| R5tH,

insertion is not precise enough and misses the loop. In both
2) 3THH0IM A0l ZE5| U5 ot 12| S STt

cases, it is hard to determine the exact position of the cable tie
from image observations: the contrast is low between the black
cable tie and the background, and the cable tie only occupies
a small fraction of the image. We include examples of image
S 29 95 QN BEORSE A0S EL0[2] HEFt 92| T
O{ Lt 424 A|0l= EFO|2F B AtO[S] CHE|ZF S0, #|0|S EFO|7}
FHOM 2R ok Hlg = 27| &20|Ct.

observations in Appendix B.
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VI. ABLATIONS

A 4

ACT employs action chunking and temporal ensembling to
mitigate compounding errors and better handle non-Markovian
demonstrations. It also trains the policy as a conditional VAE
ACTE =2 2215 elstl BIOI2RRA A|HS o & 2{2|s7| f/5)
AE HZ A QL=S AE St

to model the noisy human demonstrations. In this section, we

B 0|27} QL QI7F A2 SUSE| U5 MG 2L VAER
=

1o 17

A
=
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ablate each of these components, together with a user study that
highlights the necessity of high-frequency control in ALOHA.
O] HollM= 2t 7+ 240 thet 24| 22t 7 ALOHAO|A =1}
Hol2l BRHE B0 F= AEA ¢S dstet.

We report results across a total of four settings: two simulated
tasks with scripted or human demonstration.

& 4712 2E0f|l 24 ZatE Eastt S, A98E e QI AN
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A. Action Chunking and Temporal Ensembling

A BS HYD AR Y4E

In Subsection V-C, we observed that ACT significantly
outperforms previous methods that only predict single-step
actions, with the hypothesis that action chunking is the key
design choice. Since k dictates how long the sequence in each
Skl E V-CojlM T A s OS5t 7|2 YYEL ACTIF 34
4ot A2 FQIon], s 0| e A HERO|2t= THE S
MIZICE,

“chunk” is, we can analyze this hypothesis by varying k. k
k2 2t “H 39| A|HA L0 BYSIER, kS BStAA 0| 7HES
=24g 4 UCH

corresponds to no action chunking, and k = episode_length
corresponds to fully open-loop control, where the robot
outputs the entire episode’s action sequence based on the
first observation. We disable temporal ensembling in these
k=12 S Y2 AESIA| ghe 80 atigst, k=
episode_length= 245t @E F I A|0{0f| SliFetCt 0] 32 2R2
A B2 S HIE R WA episode?| & A|HAS SSIC
experiments to only measure the effect of chunking, and trained
separate policies for each k. In Figure 8 (a), we plot the success
O H0M= 2o 2ot 25| Il AlZH Yd=S
Hlghgststd, 2} ko sk E=of H2S eta3ict.

rate averaged across 4 settings, corresponding to 2 simulated
tasks with either human or scripted data, with the blue line
representing ACT without the temporal ensemble. We observe
0% 8(a)0llMe= QIZHEIOIE = AT E H0|EE A3tz 2709
AlE2f|0[4 2tAof sliEsh= 471A] dE0| 24 Wt 35S
HAISIH, Tietdl M2 AI7H 453 AHESHA| Y= ACTE LIEHHTE
that performance improves drastically from 1% at k = 1 to
44% at k = 100, then slightly tapers down with higher k. This
k=101M 1%%E 40| k = 1000A 44%2 IAH S&E & k7t
S7totH ot Zaste AS QIR

illustrates that more chunking and a lower effective horizon
generally improve performance. We attribute the slight dip at
Ol UUHOR HUS O BO| HEFN RE AR YIS EULE
450| SEs 20 2.

k = 200,400 (i.e., close to open-loop control) to the lack of
reactive behavior and the difficulty in modeling long action
sequences. To further evaluate the effectiveness and generality
k =200, 4000 A LtEtLE= 9f7H9] 5teh (5, 22 FI A|0{0] 7t7t2
AR)2 3 Az 20 U AdF A-AE 2T o2 b
7|QlstCt 2Lt

of action chunking, we augment two baseline methods with
action chunking. For BC-ConvMLP, we simply increase the
WS dZo 2ot LEES It FItstr| fIsh 2712] 7|2 Lol
HE Y2 st

output dimension to kxaction_dim, and for VINN, we retrieve
the next k actions. We visualize their performance in Figure 8
BC-ConvMLP2| 22 =3 2}22 k*action_dim2 2 thad| 52|11,
VINNS| Z< T3 k7o WS dAIstet. 102 80M 0|22 452
AlZt=tstCt,

(a) with different k, showing trends consistent with ACT, where
more action chunking improves performance. While ACT still
outperforms both augmented baselines with sizable gains, these
results suggest that action chunking is generally beneficial for
imitation learning in these settings.

We then ablate the temporal ensemble by comparing the
highest success rate with or without it, again across the 4
aforementioned tasks and different k. We note that experiments
with and without the temporal ensemble are separately tuned:
hyperparameters that work best for no temporal ensemble may
not be optimal with a temporal ensemble. In Figure 8 (b), we
show that BC-ConvMLP benefits from temporal ensembling the
most with a 4% gain, followed by a 3.3% gain for our method.
We notice a performance drop for VINN, a non-parametric
method. We hypothesize that a temporal ensemble mostly
benefits parametric methods by smoothing out the modeling
errors. In contrast, VINN retrieves ground-truth actions from
the dataset and does not suffer from this issue.

(a) M2 CHE kO thist Z2HE HAISIH, W= dZS o 2Ol
AE8UdrE 40| FHEl= & ACTR E 2ME 221t ACTE
O 15| & 71A|2 BB 7| E YHEC 210|2 L4519,
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2|10 YSES BUSH0] A YLSS ZAECE A dYES
HET A HESIA| g2 2 a2 2YMUSS FAIE
A =S HESHA| b2 W 71 & 2{S3he Sto|HIt2t0Ef 7}
A Sd=S 48 ol 2140] ofd 4~ ATt 2 8(b)oIME

o
2, 0]01M 22| YYO| 3.3% Tkle AS QI H|24 HY
VINNOIM= 50| 5tetst= A2 RIS Al7H ddE2 2
LFE BHISIEZ 2 B4 WHO| =20 ot 71 otot, B
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B. Training with CVAE
B. CVAEE AtZ7¢t &H&

We train ACT with CVAE objective to model human
demonstrations, which can be noisy and contain multi-modal
behavior. In this section, we compare with ACT without the
LO|RIIUE £ JADOF 2E WSS Eotot= A2t A|lHE
DHRI5t7| @lsl CVAE 54 &2 ACTE SHESiCt
CVAE objective, which simply predicts a sequence of actions
given current observation, and trained with L1 loss. In Figure 8
0| H0|lM= CVAE =4 a7t gle ACTRF H| 1w otCt, Of B2 Ay
HUZ0| FOIHE M WS AHAE Thes| 0| Sotn] L1 &4 = e58lct

% 80jlM
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Fig. 8: (a) We augment two baselines with action chunking, with different values of chunk size k on the x-axis, and success rate on the
y-axis. Both methods significantly benefit from action chunking, suggesting that it is a generally useful technique. () Temporal Ensemble
(TE) improves our method and BC-ConvMLP, while hurting VINN. (¢) We compare with and without the CVAE training, showing that it is
crucial when learning from human data. (d) We plot the distribution of task completion time in our user study, where we task participants to

50Hz

perform two tasks, at SHz or 50Hz teleoperation frequency. Lowering the frequency results in a 62% slowdown in completion time.
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(c), we visualize the success rate aggregated across 2 simulated
tasks, and separately plot training with scripted data and with
human data. We can see that when training on scripted data,
(c) 2742| AlZ21[0]4 kAo Chall A AITH S5 ES AlZststa,
232 E GO|E{QL QIZHCIOIH & AL St et BIHE 2f2F HAlSHC)
the removal of CVAE objective makes almost no difference in
performance, because dataset is fully deterministic. While for
AFZE 0|82 Sh&g f HIO[E{ A0 2t 5| Z2H 24022
CVAE 52 &E A7sli= ds0le 72l 21017} giES =olg
UL,

human data, there is a significant drop from 35.3% to 2%. This
Bt Q17H H|O|E{0f| M= 35.3%0llM 2% 2 3| 5t2fstct,

illustrates that the CVAE objective is crucial when learning
from human demonstrations.
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C. Is High-Frequency Necessary?
C. O E28IP?

Lastly, we conduct a user study to illustrate the necessity
of high-frequency teleoperation for fine manipulation. With
ORR(e2 YU 2210 D0 @ A2 20| 25 0|7 & 2037
Qloll ALEAL H+LE AT,
the same hardware setup, we lower the frequency from 50Hz
to 5Hz, a control frequency that is similar to recent works
that use high-capacity deep networks for imitation learning

[7, 70]. We pick two fine-grained tasks: threading a zip cable

tie and un-stacking two plastic cups. Both require millimeter-
271e] Mt DA, = A0l EIOIS 7| 2= 2f¥at SetAE F 270E
=[5l 40[| A=F Sh= 2HYES MEstet

level precision and closed-loop visual feedback. We perform
A 25 22|0H +20| YT HFL AZ DS Ee2
ot

the study with 6 participants who have varying levels of
experience with teleoperation, though none had used ALOHA
before. The participants were recruited from among computer
HHZ2 Y +F0| M2 CHE 71 62 2| 75 S,
0|= & ALOHAS AtEdH & A2 SIULE

science graduate students, with 4 men and 2 women aged 22-25
The order of tasks and frequencies are randomized for each
participant, and each participant was provided with a 2 minutes
practice period before each trial. We recorded the time it took to
M2 = ZARE{ bt TSl S0M 28320, 22~25M 9] &
AHI OY 2Y O 2 YL UCE JTIAOICE 2HAeF 0| &M E
22210, 2t Al Mof 2:22] A& AlZHS AIS3UC.

perform the task for 3 trials, and visualize the data in Figure 8
(d). On average, it took 33s for participants to thread the zip
33| A|HO|AM IHAE ~3llSh= O 22 AlZHS 7ISsta, D HI0IEE
2 8(d)oll AlZtargtet.

tie at SHz, which is lowered to 20s at SOHz. For separating
271217t SHZOIM A0 EJO|Z 7|2 O 22 Aj7te B
3322, 50Hz0M= 2022 S0{S AL,

plastic cups, increasing the control frequency lowered the task
duration from 16s to 10s. Overall, our setup (i.e. S0Hz) allows
SetAE HS 2elchs 42 A0 ROE 0| IpA| = A|ZH0]
160K 1022 20{SUCt

the participants to perform highly dexterous and precise tasks in
a short amount of time. However, reducing the frequency from
oz 22/ 4 (S, 50Hz)S AFESHH 7R 1E2
AR Hestn LUst WAHE B2 A2 otoll 3l 4
50Hz to SHz results in a 62% increase in teleoperation time. We
JefLt OpE 50Hz0|M SHz2 S0 HA2E AZH0] 62%
S7tstct.

then use “Repeated Measures Designs”, a statistical procedure,
to formally verify that 50Hz teleoperation outperforms 5Hz
with p-value <0.001. We include more details about the study
O kg 82 Bt “gts 58 4AS ARSI 50Hz | A2 2{0]
p?l <0.0012 SHzEC R48E SAH L2 HSSHCL

in Appendix E.

HHOfl CHEE AM|EE LHE2 F5 EOf| AAITHCE

VII. LIMITATIONS AND CONCLUSION
stAlet 2E
We present a low-cost system for fine manipulation, com-
prising a teleoperation system ALOHA and a novel imitation

IS GiCt RIS YRE 22 AIZH0] 62%

learning algorithm ACT. The synergy between these two parts
HY 2212 2ot AHH|Z A|LH-ES HAIBITE Of A|AREZ HAAZ2E

A LB ALOHASE M2 2 29k Zu2|S ACTZ 4 E L

allows us to learn fine manipulation skills directly in the real-
world, such as opening a translucent condiment cup and slotting
a battery with a 80-90% success rate and around 10 min of
demonstrations. While the system is quite capable, there exist
0] 271t 7+ 249 A|HA| 2t Soff BHEYE &'d HS S BiE2E
YUShs AU Z2 Y 22 7|2 A 2E0M AY shsE 4
Ao, o 1022] AT 2 80~90%2| I ES YA It

tasks that are beyond the capability of either the robots or
the learning algorithm, such as buttoning up a dress shirt.
O] AIABIS AT5t 5242 2020 YD M2 TR 32t
2P 2RO[LL 85 LS & o= 5L 58 doiMe
DA = SIS,

We include a more detailed discussion about limitations in
Appendix F. Overall, we hope that this low-cost open-source
system represents an important step and accessible resource
towards advancing fine-grained robotic manipulation.
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APPENDIX
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A. Comparing ALOHA with Prior Teleoperation Setups
A. ALOHAS} 7|E A z2 49| 5|

In Figure 9, we include more teleoperated tasks that ALOHA
is capable of. We stress that all objects are taken directly
0% 90l= ALOHAZ}E =3ieh &= Q= AR 2 A E 2712
zZabstt,
from the real world without any modification, to demonstrate
ALOHA’s generality in real life settings.
ALOHAZ| HA| 20| M| YBbdS YS5t7| flsi 2=
OfH et e M2 A| 1 A 2HH0IM 21 Tt 2 A=
Yot

Mo
X
rir

ALOHA exploits the kinesthetic similarity between leader and

follower robots by using joint-space mapping for teleoperation.

ALOHA= 2210 28 Z7H oS ARESH0] 2| 2R3 H=20
2R o] S FAMYS 283,
A leader-follower design choice dates back to at least as far as
1953, when Central Research Laboratories built teleoperation
systems for handling hazardous material [27]. More recently,
2|0 H20| 47 $AI2 HO|E 19536713 7442 S247t0, YA
Central Research Laboratoriese 2|8 2212 2|23517| I8
AHZY A LS PR 27).
companies like RE2 [3] also built highly dexterous teleoperation
systems with joint-space mapping. ALOHA is similar to these
Z|20l= RE2 [3]2 22 7Y e 2 S OES Aot n&9|
EAFE ZE AHRZ A L-S FEIUCL
previous systems, while benefiting significantly from recent
advances of low-cost actuators and robot arms. It allows us to
ALOHAE= O|2fst 7|& A| AR RALSHHA = A{B|E 2H=00|E{2t
2R Lo 2|2 YW S I 8t
achieve similar levels of dexterity with much lower cost, and
also without specialized hardware or expert assembly.
0|Z Saoll 2 S22 H82= RAlet 22| EAFE HE &
ASH, 54 SIEQOIL A2 20 2= WRSHA| QiCf
Next, we compare the cost of ALOHA to recent teleoperation
systems. DexPilot [21] controls a dexterous hand using image
CIZ22 ALOHAL| HIES 2|2 YA Z2F A|AED} H|WolT}
streams of a human hand. It has 4 calibrated Intel Realsense to
DexPilot [21]= Atef &0 4 AERS ALESIY &AFE ZE &2
Alofatct.
capture the point cloud of a human hand, and retarget the pose
to an Allegro hand. The Allegro hand is then mounted to a
0| A|AEI2 HHE |ntel Realsense 4CHE AF2SHO] AtZE £9| IOIE
SR EE PAStLL, & AHMIE Allegro £01| 22| Z ot
KUKA LBR iiwa7 R800. DexPilot allows for impressive tasks
3 .S Allegro &2 KUKA LBR iiwa7 R8000|| ZZ2I5HCt
such as extracting money from a wallet, opening a penut jar,
and insertion tasks in NIST board #1. We estimate the system
DexPilot2 A5t XYM =2 HUAHL, = g2 SHLE NIST
EE #10|M MY 2YS +ASt= 52| AR ATt 7t SICt
cost to be around $100k with one arm+hand. More recent works
2 E N2 MG E AR  BIE2 9F $100kY A= 2Yoirt
such as Robotic Telekinesis [53, 6, 45] seek to reduce the cost
of DexPilot by using a single RGB camera to detect hand
pose, and retarget using learning techniques. While sensing
Robotic Telekinesis [53, 6, 45]2} 22 2|2 = tH RGB
7IHI2IZ & AMIE ZAIst &5 7€ 22 0|5 AR Y sto]
DexPilote| B|&& £0|114t 3tk
cost is greatly reduced, the cost for robot hand and arm remains
high: a dexterous hand has more degrees of freedom and is
naturally pricier. Moving the hand around would also require
LA HE2 37 Z45A|2 2R &1F To| 5|2 5| =0
EMFE AE E2 ARSI H Ho B2 AAHATI [ HIACE
an industrial arm with at least 2kg payload, increasing the price
further. We estimate the cost of these systems to be around
&2 2201 2|2 2kgl| HO|ZEE Aotz LIYE B
RSIER JtH0| B 45ttt
$18k with one arm+hand. Lastly, the Shadow Teleoperation
Ol2{st A|ARIO| HIE2 Tt & 1702 o $18kY o2 HSICE
System is a bimanual system for teleoperating two dexterous
hands. Both hands are mounted to a UR10 robot, and the hand
OFZ|2t22 Shadow Teleoperation System &2F 71 FO{t =
&2 AR Y& AR AA-I0|CH
pose is obtained by either a tracking glove or a haptic glove.
F &2 25 URT0 2X0f Z2i=H, & 2tMl= Ealid dY = &E
dUoz A=t
This system is the most capable among all aforementioned
works, benefitted from its bimanual design. However, it also
O A|AERI2 AL G H20f %M gttt 2= A+ S 71 Foftt
458 =2olct.
costs the most, at at least $400k. ALOHA, on the other hand,
J3{LE 2|4 $400k= BIE% 714 20| =0
is a bimanual setup that costs $18k ($20k after adding optional
add-ons such as cameras). Reducing dexterous hands to parallel
Bt ALOHAE= $18k2| HIE0| E= & H4E0|Y, Fuij2tet 22
MEHH 2T} LY ES HotH $20kO|Ct,
jaw grippers allows us to use light-weight and low-cost robots,
which can be more nimble and require less service.
EAFE 4FE &2 B = 12HZ Hestold VHEL Aot 2R3
ArEe = o, Ol2{et 2R ¢ 2SI RAE4E G BRI
Finally, we compare the capabilities of ALOHA with previous
systems. We choose the most capable system as reference: the
OFR|Z22 ALOHAS| 7|58 7|& A|ABI2t Bl WStef,
Shadow Teleoperation System [5], which costs more than 10x
of ALOHA. Specifically, we found three demonstration videos
72k € ojuLt 21 2 2 2F A|AEIO] Shadow Teleoperation System [5]S
7|ZoR2 U, O] A|ARIO| HIZ2 ALOHAZ| 10HIE =t
[56, 57, 58] that contain 15 example use cases of the Shadow

Teleoperation System, and seek to recreate them using ALOHA.

TH|H 22 Shadow Teleoperation Systeme 0| &8t 157}3|
HAZZE A7 ZEE AR S 370 [56, 57, 58]5 20F ALOHAZ
O|Z Affeistaat e,

The tasks include playing “beer pong”, “jenga,” and a rubik’s
cube, using a dustpan and brush, twisting open a water bottle,
pouring liquid out, untying velcro cable tie, picking up an egg
and a light bulb, inserting and unplugging USB, RJ45, using a

pipette, writing, twisting open an aluminum case, and in-hand
rotation of Baoding balls. We are able to recreate 14 out of the
2HA|0fl= “beer pong”, “jenga’, REIA FE 50|, A2iEt7|9} HIzt2
AE, 28 =2 E7], WA 27|, WA= #|0|= Ef0] 27|, F&Eat
AL 2], USB 2 RJ45 &t 22|, TS ALE, 2247|, d=0|&
AolA =2 B, BIRY S5 &20IM 2|MAIZ|7|7F EE L,

15 tasks with similar objects and comparable amount of time.
FARSt 2AIE ARSI Bl A[ZE QO 1571 kA S 1470E Afle
= UAUCY.

We cannot recreate the Baoding ball in-hand rotation task, as
our setup does not have a hand.

2ol 2do= £0| 7| Mzof Bted &5 &
A= A 4 gl

oM S| A7 =

B. Example Image Observations
B. GlIA| O|O|Z] &t

We include example image observations taken during policy
execution time in Figure 10, for each of the 6 real tasks. From
22 100il= 6702 &A| 2bA| ZH2Hof| Chisi 24 Aol = 2155t oA
O|0| 2] &&S Zatotct.
left to right, the 4 images are from top camera, front camera, left
wrist, and right wrist respectively. The top and front cameras
IZ0|M REZOZ 4719] 0|0|2|= 242+ T 712t ™ 7oyt
YUE &=, 28X &=0|M et Ao|L,
are static, while the wrist cameras move with the robots and
give detailed views of the gripper. We also rotate the front
AT 7toetet dH FHHels DEE O s B, &5 Ft02t=
223 2200 22| E 2IM5| EZEC,
camera by 90 degrees to capture more vertical space. For all
EoHE 2 2 JAs 25| floi dE Ft02tE 90
SMAZICE
cameras, the focal length is fixed with auto-exposure on to
adjust for changing lighting conditions. All cameras steam at
2E 7tHetoM 23 Al 1t Atls =28 A Balste 28
ZU0f| 2 =it
480 x 640 and 30fps.

2& 710i2k= 480 x 640 a4 =2t 30fps2 AE2|YsiCt

C. Detailed Architecture Diagram
C. &Ml OF7 &% o0 12

We include a more detailed architecture diagram in Figure 11.

2 110ll= & &FM|eh OfF [ElX THO|0] 23S Hatotct,
At training time, we first sample tuples of RGB images and
joint positions, together with the corresponding action sequence
as prediction target (Step 1: sample data). We then infer style
St& Alofl= A RGB 0|0 2|2t 2t 2|2|2] FES oY ds
AlHLe 7 O 5 Clefe 2 MEZSHTH(TTHA: CIOoJE HEY).
variable z using CVAE encoder shown in yellow (Step 2: infer
z). The input to the encoder are 1) the [CLS] token, which
3 g 2o 2 FA|El CVAE QI 2EE AESI0] AEY B4
S FECCIREA: z 22). 2 2H YH2 TSk 2t
consists of learned weights that are randomly initialized, 2)
1) RAR= 27|etE &5 VISR 2 FHgE [CLS] B2,
embedded joint positions, which are joint positions projected
to the embedding dimension using a linear layer, 3) embedded
2) dd A ES AFEotY UMY ez st 2 2(2|Q YH|FE
2 213,
action sequence, which is the action sequence projected to the
embedding dimension using another linear layer. These inputs
3) ECE MY AISS AHBSI0] YHIE AHoz G5 s AlHAL
YHIFE AS AIZL0|C,
form a sequence of (k + 2) x embedding_dimension, and
is processed with the transformer encoder. We only take the
0l2{8 &2 (k + 2) x embedding_dimension2| A|EAS 0|20,
EWAZH QIRHZ H2|FCh
first output, which corresponds to the [CLS] token, and use
another linear network to predict the mean and variance of
z’s distribution, parameterizing it as a diagonal Gaussian. A
A HA 20t 2[5t=0|, 0l [CLS] E20i sigstH, = 02 MY
LIEQIZE AHESH0 ABTY B4 20| R 20| Cfet Bt Z4bs
Ol S5t1l O ChZt 7H2AI2tS 2 D7) 4~3totC,
sample of z is obtained using reparameterization, a standard
way to allow back-propagating through the sampling process
so the encoder and decoder can be jointly optimized [33].
79| HE2 AMO7HH2HE ARZSH0 =L Aoj7iH o= dEE
IHYg St JUME 71557 510 QI REQ T RHE 3822
2| Hotet = UAEE of= B&E LYO|CH[33].

Next, we try to obtain the predicted action from CVAE
decoder i.e. the policy (Step 3: predict action sequence). For
L2822 CVAE L 2H, S F20j|M 0|52 WES L=ttEHAl
A= AELOS).
each of the image observations, it is first processed by a
ResNetl8 to obtain a feature map, and then flattened to
get a sequence of features. These features are projected to
2 0|0]2] 22 T2 ResNet182 Sf 2/5101 S WS @2

Ct2, O BEtetsto] £ A|JEAE A0t
the embedding dimension with a linear layer, and we add
a 2D sinusoidal position embedding to perserve the spatial
information. The feature sequence from each camera is then
Ol2{et SHS MY ASS Ar8ot0] YHIY a2 £F5t, 52t
JEE BEot7| 2ol 2D ArRITH 22| WY S FIFStCt
concatenated to be used as input to the transformer encoder.
O Ok 2 7tof2te] S A[EAS HE5 EUARY QIRHI
YHASZ ArESHCt,
Two additional inputs are joint positions and z, which are also
projected to the embedding dimension with two linear layers
respectively. The output of the transformer encoder are then
27t Y2 2 2|2t 20|04, O|F FA| 22t 271e] M ASS
AHESH0] YHIY AH o2 EFot,
used as both “keys” and “values” in cross attention layers of
the transformer decoder, which predicts action sequence given
encoder output. The “queries” are fixed sinusoidal embeddings
02 O3 EGHARD QITHO| 232 EMAILD C|RHO| WA}
OfFlld A SOIM “7I"2F "2 22 25 AZSI0, EMARN LZH=
QAL 222 HIEIOR YE AIRAS Z3ICH
for the first layer.
A R A Sl e s D E AT ABF 0Tt

At test time, the CVAE encoder (shown in yellow) is
discarded and the CVAE decoder is used as the policy. The
BIAE Aol CVAE QIZH (=M 2 HAIE)E A5t CVAE
CIZHE o2 ARZotht,
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Fig. 9: Teleoperation task examples with ALOHA. We include videos on the project website.
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incoming observations (images and joints) are fed into the
model in the same way as during training. The only difference
Y= HE2H(0|0|2|et 24H)2 ot S st YAle = RO
YHECE

is in z, which represents the “style” of the action sequence
we want to elicit from the policy. We simply set z to a zero
FYS 20| = YAOM REStHE WS AL 2| “AEIYS
LtEtU= zOf RAC

vector, which is the mean of the unit Gaussian prior used
during training. Thus given an observation, the output of the
US| Yol z2 S5 S AR TRl 7HRAI AP 22| B Ol
GHIE = SYolCt

policy is always deterministic, benefiting policy evaluation.

CEpM 20| FOA|H Y| 22 e Z2YH0[0], Z2 FItof

— 71 HA (=}
welstet.
D. Experiment Details and Hyperparameters
D. &8 M Areh & 5HOJTHI}2t0| &

We carefully tune the baselines and include the hyperparam-
eters used in Table III, IV, V, VI, VII. For BeT, we found
712442 StO|HII2t0|E & LS5 Y5, ALEEt
SHO|HII2IOIE S E IlI, IV, V, VI, VIOl HA|SHTY.
that increasing history length from 10 (as in original paper) to
100 greatly improves the performance. Large hidden dimension
BeTOAM= 0| Z0|E 10(¥ ==t sY)0IM 10022 2|8 &S50
3| eHEIChE AME S RIS,
also generally helps. For VINN, the k used when retrieving
2 ey g Yoz 20| Et,
nearest neighbor is adaptively chosen with the lowest validation
loss, same as the original paper. We also found that using joint
VINNO[M= 2|2 0|22 ZAe 1] ALESh= kE & =22t Y5t
45 S0 7MY HEE 4342 et
position differences in addition to visual feature similarity
improves performance when there is no action chunking, in
which case we have state weight = 10 when retrieving actions.
Lot s HAUO| gle B3R Al S FALEO| Bt 2 12| 2{0|E
A5 450| FLEIChE A S =I3Ie, 0| 32 Wss MY
o MEf 7S RS 1022 JEotrt
However, we found this to hurt performance with action
chunking and thus set state weight to O for action chunking
experiments.
2L lE Z0M= 0] YOl 452 AStAIZICh= AHE S
oI 2 AWE HY M= HEl 7IE2E 022 dEstch
E. User Study Details
E. AFEAL A+ MIE ARt

We conduct the user study with 6 participants, recruited
from computer science graduate students, with 4 men and
2 women aged 22-25. 3 of the participants had experience
B ke ciskald S0l 24et 2712 68 (4 4F, 01 2,
AH 22~25M)) S Y22 ALEAL S sttt

teleoperating robots with a VR controller, and the other 3 has
no prior experience teleoperating. None of the participants used
712 S 3Y2 VR ZEEE AESI0 2R3 | A= 26 FH0|
AU, LI 2] 32 A 22 FH-O0| UAC.

ALOHA before. To implement the SHz version of ALOHA, we
712t 3 ALOHAE O|HO|| ARZ 3 AL SAUTE.

read from the leader robot at 5Hz, interpolate in the joint space,
and send the interpolated positions to the robot at S0Hz. We
ALOHAS| 5Hz B2 F3i5t7| I8l 2|5 29| 48 5HzZ A,
2 SUM 22+t £, E2HEl RI12|S 50HzZ 2R0f dEEHC
choose tasks that emphasizes high-precision and close-loop
visual feedback. We include images of the objects used in
DYYELHRI A2 D EME U2 oh= 2SS MBSt 18
1201 AFESt 24|2] O|D|Z|E AAITHTE

Figure 12. For threading zip cable tie, the hole measures 4mm
X 1.5mm, and the cable tie measures 0.8mm x 3.5mm with a
pointy tip. It is initially lying flat on the table, and the operator
needs to pick it up with one gripper, grasp the other end mid-
air, then coordinate both hands to insert one end of the cable
tie into the hole on the other end. For unstacking cup, we use
two single-use plastic cups that has 2.5mm clearance between
them when stacked. The teleoperator need to grasp the edge
of upper cup, then either shake to separate or use the help
from the other gripper. During the user study, we randomize
the order in which operators attempt each task, and whether
they use 50Hz or SHz controller first. We also randomize the
initial position of the object randomly around the table center.
For each setting, the operator has 2 minutes to adapt, followed
by 3 consecutive attempts of the task with duration recorded.

& 12, 2| #[0| = EIO|E ZHEAIZ|= YoM #HO| 27|=
Amm x 1.5mmO| 3, 0| Ef0|o] 27|= W= BES L 5+510]
0.8mm x 3.5mmO|Ct. A0 EtO|= XS0 H|0|S /0 BHSHA
=0 o], 2AA2= st 122 0|2 Ao SN HE £ E8
SSOIM &2 O, Y2 83Sot0] A|0|5 Et0|9] ot &2 BithE
29| ol Aafior st} 7 el YoM = AUS T = & Ato[of
2.5mme| 0|} 37H0| U= Y38 Z2tAE H 2702 ALESiC)
AR A= Q1F ol 7t E 2 OF &80 2elstAL T2
J2|o| =32 BrOfoF STt A2 A} HF0M = 2RIt 2 2H 2
NESHE £ AM2F 50Hz = 5Hz ZHEE2| £ oL 248 HA
AtESt=2IE F2I2IStSCH E5F 2|9 27| Y€ H0lE &
FHOIM 2222 Foict ZH YoM 2h 2= S
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F. Limitations
F. otA|
We now discuss limitations of the ALOHA hardware and
the policy learning with ACT.
O ALOHA StEQIIO{2F ACTE A E2 St52l otAIE =2lBttt.
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Fig. 10: Image observation examples for 5 real-world tasks. The 4 columns are [top camera, front camera, left wrist camera, right wrist
camera] respectively. We rotate the front camera by 90 degree to capture more vertical space.

Hardware Limitations. On the hardware front, ALOHA
struggles with tasks that require multiple fingers from both
hands, for example opening child-proof pill bottles with a push

the seam for prying open the candy wrapper could appear
anywhere around the candy. During demonstration collection,
it is difficult even for human to discern. The operator needs to

O3 10: A 32| 57 pA|of Chet 0|0 2] 2t Of[Al. 470 B2 [T Fto2t, A Ftof2t, 1% &5 72t LES &5 5H=9l|0f2] sHA|
SIEYO ZHOM ALOHAE &9 0f2f £7t2hs ALE5HOF Shz A0f 012132 ZE=Ch oIS S0 Al ZYA|E =2 M Z¥2|Q| 03047t
At = OfC|of|LE LIEHE &~ QUCH A|2 TIO[E1E +=Y3te S, Ol S0 00| 258 L 87|E o= AAY &2 AEsts MHAMME

O|Z01E AIESI |7t A0l 2| =2 of Z Lt

tab. To open the bottle, one hand needs to hold the bottle and
Z2 2= HE =2{0F siet

pushes down on the push tab, with the other hand twisting the
lid open. ALOHA also struggles with tasks that require high
87|15 U ot 202 EY|E N +E BB OliZ 2= A0,
CE &2 2 £ S H|S0] Zo{0F st

amount of forces, for example lifting heavy objects, twisting
open a sealed bottle of water, or opening markers caps that are
tightly pressed together. This is because the low-cost motors
S ALOHAE 22 S3IE 501 227U, 28E =283 HIEO
SAL, HES| =21 20 U= 0 F4S 0l= & 2 €0 B8t
IAHOIME o{HES H=Ch

cannot generate enough torque to support these manipulations.

Ol= A{H|& 2&{7} 0218t 228 £ OHF SE5t EIE WHsHA|
R5H7| WZ0|Cf,
Tasks that requires finger nails are also difficult for ALOHA,

even though we design the grippers to be thin on the edge.

Mol 7hAt2|E S ARSI = =76t &ES ARESHOF
St P Al ALOHAOE= ofFct,

For example, we are not able to lift the edge of packing tape
when it is taped onto itself, or opening aluminum soda cans.

OIS S0 22 B|0|Z7} 2p7| Ao 20 AS 1 21 E|0| 22
HEARIE S0 227U LR0|E HUISE S o= AYS s
% QL.
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Policy Learning Limitations. On the software front, we report
Y2 sh5 9l ohA|

all 2 tasks that we attempted where ACT failed to learn
the behavior. The first one is unwrapping candies. The steps
LZEQI0] SH0|M= ACTVt S22 stgohe Ol 2ofist, 227t
A%k 270 A E 25 B0 A SR IhAll= AR Z-R|E
H7]= ZAolct.

involves picking up the candy from the table, pull on both
ends of it, and pry open the wrapper to expose the candy. We
O] 2tA|= EIOIS0IM AIREE B0l S22, AR &E &2 Forg!
O, ZEAIE Yl AES E2{U= T2 0|01 2T,

collected 50 demonstrations to train the ACT policy. In our
ACT Z23 st&ot7| 2l 50712l A[HES S=ERUCEH

preliminary evaluation with 10 trials, the policy picks up the
candy 10/10, pulls on both ends 8/10, while unwraps the candy
0/10. We attribute the failure to the difficulty of perception and
102] A[H2 2 ofH| B7IE st 22, H2A2 10/108] AfES &
S, 8/103] &% 2 Ot AT, 0/103] At ZE2|E HZLE
lack of data. Specifically, after pulling the candy on both sides,

Offeh HIE 49| O{2AF 2t H|O|E] £ W2 0[] ST

judge by looking at the graphics printed on the wrapper and
find the discontinuity. We constantly observe the policy trying
THHCZ = RO FZS Hotg 7l = ZZR|0f QAiE J2iHS
21 SAH&S 2I0t0f Btk
to peel at places where the seam does not exist. To better track
H240| 0| Z0H7t 2SR Q= R0 AL HI|7|E Al=ste
Sl4S waBict
the progress, we attempted another evaluation where we give
10 trials for each candy, and repeat this for 5 candies. For this
el A O 2 2A5H7| 2ol AR 170 1024 Altisti 0|
571 AtEfof| BEESt= 7t HOHE S>3
protocol, our policy successfully unwraps 3/5 candies.
Of It YAIOIM M2 3/5712] AtE ZHR|E H3H 2= HA
Another task that ACT struggles with is opening a small
ziploc bag laying flat on the table. The right gripper needs to
ACT7t HHEE A £ OHE A= HIOIE 20l Z2I5HH =2 22
S o= Z0|C,
first pick it up, adjust it so that the left gripper can grasp firmly
on the pulling region, followed by the right hand grasping
the other side of the pulling region, and pull it open. Our
T 2EX OEMHZ TS 40 51, |Z DIt F7(=
S22 TS| 2 4 UES 9IS 2YE (13, 22402 Y|
S0 BHiZS &0t GA HOo{Oof Stef,
policy trained with 50 demonstrations can consistently pick
up the bag, while having difficulties performing the following
3 mid-air manipulation steps. We hypothesize that the bag is
5071 A2 otEot FA2 ATHHMS LA ol S = AUAT
O|0{R|= 371e] & 22 tHAIE oot Ol 02182 =t
hard to perceive, and in addition, small differences in the pick
up position can affect how the bag deforms, and result in large
differences in where the pulling region ends up. We believe
| Q1A | OfF T, ZOf S 9I2]2] 242 240|7} 21|
B A0 FoS 01X Y7l= 22 2IE fIx[0] 2 20|
Zefettta 71yt
that pretraining, more data, and better perception are promising
directions to tackle these extremely difficult tasks.
O|2{F DI 0242 A sl Z5t7| flet RS Y22 AR ot
Gl 22 Holy, e A 7|50| ATt d2tstct
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Fig. 11: Detail architecture of Action Chunking with Transformers (ACT).
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Fig. 12: The cable tie and cups for user study.

O 12: AFEAL A0l AR 70|12 Efo|2t F

learning rate le-5
batch size 8

# encoder layers 4

# decoder layers 7
feedforward dimension 3200
hidden dimension 512
# heads 8
chunk size 100
beta 10
dropout 0.1

SIEE 1e-5HIZ[ 7] 8 212 2f0]0f & 4 T|ZE 2|0[0f 4~ 7 TSI 242l 3200 24 A 512
E £823 37100 H|E} 10 EFOFR 0.1

TABLE III: Hyperparameters of ACT.
H |Il: ACTS| 5t0|HT}2t0| &

learning rate 3e-4
batch size 128
epochs 100
momentum 0.9
weight decay 1.5e-6

SHSE 3e-4 Hix| 27| 128 0|23 100 2HIE 0.9 7t &44( 1.5e-6
TABLE IV: Hyperparameters of BYOL, the feature extractor for VINN and BeT.

H |V: VINNZt BeTe| £ 2£7(Q! BYOLS| 5t0|T{It2}0|E]

learning rate le-4
batch size 64
# layers 6

# heads 6
hidden dimension 768
history length 100
weight decay 0.1
offset loss scale 1000
focal loss gamma 2
dropout 0.1
discretizer #bins 64

Jol

&8 Te-4 i3] 27] 64 2[0[0f 4 6 H 4 6 24 X2l 768 0/2 20| 100 7HEX| 241 0.1 LEA
24 A3 1000 23 £4 20t 2 SE0HR 0.1 0144817| ¥l 4 64

TABLE V: Hyperparameters of BeT.

H V: BeT2| 510|I}2}0|E

>

k (nearest neighbour) adaptive
state weight 0 or 10

k(2128 0|R) S JEI 7tE2 0 £ 10
TABLE VI: Hyperparameters of VINN.

H VI: VINNS| 50| T}2t0]E]

learning rate le-5
batch size 2
ViT dim head 32
ViT window size 7
ViT mbconv expansion rate 4
ViT mbconv shrinkage rate 0.25
ViT dropout 0.1
RT-1 depth 6
RT-1 heads 8
RT-1 dim head 64
RT-1 action bins 256
RT-1 cond drop prob 0.2
RT-1 token learner num output tokens 8
weight decay 0
history length 6

SHEE 1e-5 812 37| 2 VIT SIlE ¥ 32 ViT fI= 37| 7 ViT mbconv & 4 ViT mbconv 248
0.25 ViT E&02 0.1 RT-1 10| 6 RT-1 3| = 4~ 8 RT-1 3ll= 22l 64 RT-1 &iE Bl 4= 256 RT-1 2
AH S8 0.2 RT-1 EE 57| 28 E2 £ 87132 421008 Z0o| 6

TABLE VII: Hyperparameters of RT-1.
H VII: RT-19| 5}0|I{I}2}0| £



