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Fig. 1: Left: Comparison of action tokenization schemes with respect to three desiderata: high compiressiontgl decodability .2,

and left-to-right causally ordered token structuPed(, Existing methods satisfy only subsets of these properties, WRAfeuniquely satisPes

all three.Middle: Behavior of different policy classes as inference progresses. Diffusion and Bow policies rebPne actions through iterative
sampling, while autoregressive policies generate discrete tokens step-by-step. Due to its ordered tokednEpaceables prebx-based
detokenization: early tokens produce coarse action chunks, and additional autoregressive steps progressively rebne actions, enabling Rexible
anytime action generatiomRight: Overall policy performance aggregated over 20+ tasks.

AbstractNAutoregressive policies offer a compelling founda- successes is how continuous robot actions are represented as
tion for scalable robot learning by enabling discrete abstraction, discrete symbols suitable for autoregressive generation.

token-level reasoning, and RBexible inference. However, applying . . . . .
autoregressive modeling to continuous robot actions requires . T_hls representation prqblem 'S_ known asrion t(.)kenlza.—
an effective action tokenization scheme. Existing approaches fion: the process of mapping continuous control signals into a

either rely on analytical discretization methods that produce sequence of discrete tokens. Experience from natural language
prohibitively long token sequences or leamned latent tokenizers processing and computer vision has shown that tokenization
that lack structure, limiting their compatibility with next-token is far more than an implementation detail N it fundamentally

prediction. In this work, we identify three desiderata for action . . . e )
tokenization N high compression, total decodability, and a left- shapes learning dynamics, model capacity utilization, scala

to-right causally ordered token space N and introduce Ordered bility, and _downs'_[ream performancé, [17, 54, 67]. Despite_
Action Tokenization (OAT), a learned action tokenizer that satispes its centrality, action tokenization for robot control remains

all three. OAT discretizes action chunks into an ordered sequence signiPcantly less understood than its counterparts in language
of tokens using a transformer with registers, Pnite scalar quanti- 519 vision.

zation, and ordering-inducing training mechanisms. The resulting The domi ¢ hoi isti t . bot
token space aligns naturally with autoregressive generation and € dominant approach In €xistng autoregressive robo

enables prebx-based detokenization, yielding an anytime trade- policies relies on naive discretization via per-dimension bin-
off between inference cost and action Pdelity. Across more than ning [7, 8, 28. While conceptually simple, this strategy
20 tasks spanning four simulation benchmarks and real-world yje|ds extremely long token sequences whose lengths scale
settings, autoregressive policies equipped WItAT consistently  jieary with action dimensionality and prediction horizon,
outperform prior tokenization schemes and diffusion-based base- . L . 2 . .
lines, while offering signibcantly greater Rexibility at inference leading _to SUb_St?mt'al inefpciencies in training and inference.
time. To alleviate this issue, recent work has explored learned latent
tokenizers 4, 32, 45 and analytical compression methods
. INTRODUCTION such as frequency-domain compressiéf][ However, these

Autoregressive sequence models have emerged as a poakernatives introduce their own limitations: learned tokeniz-
ful foundation for modern robot learning. In particular, largers often produce unstructured latent spaces that are poorly
transformer-based policies have demonstrated strong genesfifned with next-token prediction, while existing frequency-
ization when trained directly on robotic datg f18] or adapted domain approaches may sacribce decodability. Across these
from pre-trained vision-language backboné&s 28, 63]. A approaches, we identify a persistent and fundamental limita-
critical but often under-examined component underlying thetien: existing action tokenization strategies face an inherent
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(a) oAT; MSE = 0.592 (b) OAT, MSE = 0.446 (c) 0AT4 MSE = 0.038 (d) oaTs MSE = 0.009 (e) Ground Truth

Fig. 2: Coarse-to-Pne action chunk reconstructionVisualization of reconstructed action chunks using increasing numbers of decoded
tokens. Panels (abd) sh@aT reconstructions using’ € {1, 2,4, 8} tokens, respectively, while (e) shows the ground-truth action chunk.
Earlier tokens capture the coarse, global structure of the motion, while additional tokens progressively rePne Pne-grained details, yielding
trajectories that increasingly match the ground truth. Ghosted poses indicate temporal progression within each reconstructed action chunk.
Interactive visualization on project websitdered-action-tokenization.githuh.io

time. If T ~1 is only partially debned, invalid or non-decodablgolicies: early token predictions capture the overall trajectory
token sequences can lead to undebPned behavior and cathape, stabilizing rollout before Pner details are generated.
trophic failures during executionP.3 The token sequence However, FAST detokenizationT —! is a partial function
T1.4, should admit a meaningful left-to-right causal orderintghat violatesP.2 Because BPE produces variable-length se-
aligned with causal, next-token prediction. Such a structugeiences, there is no guarantee that an arbitrary token sequence
is essential for stable autoregressive generation: early tokgeserated by the policy will decode into a valid frequency
should capture coarse, globally salient aspects of the actimatrix of Pxed dimensions. This structural mismatch renders
chunk, while later tokens rebPne Pner details. An ordered tokdve decoding function partially undebned for invalid token
space improves controllability, robustness, and compatibilippunts, leading to potential runtime failures. We refer readers
with prebx-based generation, and we revisit this propery AppendixB and the discussion on Hugging Fader further
throughout the paper both conceptually and empirically.  details.

C. Quantized Latents

Th ¢ | d action tokenizati Another line of work explores learned compression via

. edmos (_:oer?on_y use E;C I{_?nzso I(inlza 'OT] aptproa%rﬁcoder-decoder architectures with vector quantizatip?,

IS _per-dimension inningBn) [7, 8, 28. or each aclion ;g these methods map action chunks into a latent sequence
dimension, the range of values observed in the datasetO shapeH, x D,, which is quantized44, 60] into tokens. The

norr;:ahze? to[-1, 1],|thep divided 'QI?N .1tm|form blns,dgnd gatent horizorH, and dimensioD, are hyperparameters, often
cach continuous va'ue 1s mapped 10 1is COIresponcing Qifosen relative té4, and Da. Such approaches can achieve
index. Given an action chunk of shapt, x D,, binning

extremely high compression; for example, mapping action
produces a token sequence chunks of horizorH, = 32 into latent sequences with; = 8
T(awn,) = [To1, . T1p,. T21, 0 THop ]l Tij €[NI. tokens, satisfyind®.1 Becausel andT ~! are approximated

by encoder and decoder neural networks respectiVely, are

While Bin is conceptually simple and yields a well-dePnedilways total P.2).

totally decodable mappindP(?), it does not provide the left-to- However, existing learned tokenizers typically produce un-
right ordering we seekR(3: the token order is a serializationstructured token spaces. The tokens lack a consistent ordering
over dimensions and time rather than a hierarchy aligned with hierarchical abstraction, making them poorly suited for
causal next-token prediction. MoreoveBjin scales poorly autoregressive generation. As a result, while existing learned
N long horizons and high-dimensional actions can produdekenizers satisffp.1andP.2 they fail to meetP.3
hundreds of tokens per chunk N severely slowing training
and inference and introducing substantial latency. Therefore,

A. Binning

IV. OAT: ORDEREDACTION TOKENIZATION

Bin fails to satisfyP.1andP.3 despite meeting.2 Our objective is to learn an action tokenizer that satisbpes
three desiderata introduced in SHt: high compressionR.J),
B. Frequency-domain Transform total decodability P.2), and a structured ordering over tokens

| ve ¢ K | ‘ q _(P.3. While prior learned tokenizers achieve compact and
An alternative line of work explores frequency-domaifyeqqqapie representations, they lack an explicit ordering over

compression, for 'nStanCE;?qzency'fpacehACti?” Sequence |atent tokens4, 32, 45], which limits their compatibility with
Tokenization (FAST) [50], which employs the Discrete Cosiney o eqressive policies. We introduoat, a learned autoen-

Transform (DCT) to decompose action chunks into frequengy e framework that discretizes action chunks into an ordered

coefbmepﬁs, follr(])_wke],-c_l ]Py By_te Ijjaw I_Encodmgd (BPED?]I[ sequence of token®AT encodes actions using transformer-
_FAST achieves high information ensﬂP.@_, and crucially, pased register tokens, discretizes the resulting latents with
its low-frequency components prst then high-frequency com-

ponents orderingR.3 improves downstream autoregressive 2https:/huggingface.co/physical-intelligence/fast/discussions/4
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Fig. 3: 0OAT overview. Left: OAT maps a chunk of continuous actions into an ordered sequence of discrete tokens using a transformer encoder
with register tokens, FSQ, and nested dropout to induce token ordering. The resulting tokens form a compact action representation, which
is decoded to reconstruct action chunks for downstream autoregressive pétigies. During OAT policy inference, tokens are generated
autoregressively and can be detokenized from any prebx. As more autoregressive steps are taken, additional tokens progressively rebPne th
decoded action chunk, producing actions with increasing temporal and spatial or®mienables Rexible, anytime action generation.

Algorithm 1 OAT Tokenizer Training
Require: DataseD of action chunkgas.4 ,}; encodetEy(-);

learnable register tokems.y ,; quantizer=SQ(-); decoder

tokens form the bottleneck representatid®][of the autoen-

coder, while the encoded action tokens are discarded.
The register latents; ., are discretized using FSQ, yielding

Dg(-); learnable mask tokeMASK; nested-dropout distri- @ sequence dfi| discrete token3 ., . These tokens constitute

bution p(-).
1: while not convergedio
Sample action chunky.y, ~ D
Encoding:@yn, © zum, < Eq(@un, ©r1m,)
Quantization:Zy.y, < FSQ(z1:4,)
Tall dl’OpOUt:il;Hl — 71k D <MASK>K +1H,, K~ p(-)
Decoding:@;:4, <+ De(Z1:n,)
Reconstruction losd- < [|8;:4, — a4, |3
8. Optimization:{o,r, 8, MASK} < {o, 1,0, MASK} —nVL
9: end while
10: T () < {Eq.r11,,FSQ}, T () < {De, MASK}
11: return T (), T ~1()

NoOaR N

the action representation used both for reconstruction during
tokenizer training and as the action space for downstream
autoregressive policies.

The decoder implements the detokenization mapfing,
generating a continuous action chunk conditioned on the
discrete token sequence. TIAT framework imposes no
restrictions on the specibc decoder architecture or training
objective. In this work, we employ a single-pass transformer
decoder similar to{4] (see Fig.3), which we bnd provides
a favorable trade-off between reconstruction quality, stability,
and computational efpciency. We provide more details on
decoding in AppendixC. The tokenizerT and detokenizer
T 1 are trained jointly end-to-end using a reconstruction

FSQ H4], and reconstructs actions via a conditional decodeabjective. Pseudocode fOAT training is provided in Algo1l,

To induce ordering in the token space, we combine causd$o see Fig3 for the pipeline.

attention over register tokens with nested dropout durin

training. Together, these design choices encourage an orddtednducing Token Ordering For Modelability

latent representation in which earlier tokens capture coarsePrior work has highlighted the importance of left-to-right

global structure and later tokens rebne details (B)g.As

causal ordering for effective autoregressive modelizi§) P6,

a result,0AT supports decoding from any prebx of the toke@7, 29). To align the learned token space with autoregressive
sequence, enabling variable-length and anytime reconstructigmmeration, we explicitly induce a left-to-right ordering over
of action chunks. We demonstrad@T training pipeline (left) tokensT;.y, that naturally aligns with next-token prediction

and autoregressive policies operate@xT (right) in Fig. 3.

A. Tokenization T and Detokenization T ~1

similar to [2, 53, 64]. Our goal is to ensure that earlier
tokens capture coarse, globally salient aspects of an action
chunk, while later tokens rebne Pner details. We introduce

The objective of the tokenizdr is to compress a continuoustwo complementary mechanisms to impose an ordering and
action chunk of shapéd, x D, into a compact discrete support variable-length token sequences.
representation of shap#, x D,. To this end, we concatenate 1) Nested Dropout: \We train OAT to produce an ordered

the input action sequence with a bxed set of learnaglgrer

representation by applying nested dropout to the register

tokens, r1-,, which act as a compact readbwrite memory faokens during trainingd, 9, 30, 53]. Given register tokens

summarizing the temporal structure of the inpli,[70]. A

of lengthH|, we randomly sample the number of tokens to

transformer encoder jointly processes the action chunk aredain, K € [H,;], and mask out the remaining, — K tail
register tokens, allowing information from the action sequentekens. Under this training regime, the encoder is encouraged
to be aggregated into the registers. After encoding, the regidi@rpack information into the register tokens in a prioritized,



(a) LIBERO (b) RoboMimic

(c) MetaWorld (d) RoboCasa

Fig. 4: Simulation setups.We evaluateoAT across four widely used robotic manipulation benchmarks spanning diverse task structures and
dynamics. These environments cover a range of skills, including object manipulation, tool use, and multi-stage interactions.

|[V] = 1024 for FAST, which are common conbgurations in Policy | LIBERO  RoboMimic ~MetaWorld RoboCasa
prior work. We additionally compare againQuantized Skill DP 36.6+02 67.1:x13 19.3:x16 54.0+16
Transformer (QuUeST) [45)], a representative learned latent tok- ~ Bin 144:06 395:12  145:07 27.7+09

i ST compresses action sequences using a temporal ¢ oer | 23905 24.0x 15 firor 132x11
enizer.Que p q g P QueST | 48.2+06 66.9+08  17.9+09 52.3:19
convolution followed by a causal transformer encoder, reduc-
. . : . OAT; | 11.7+07 50.8:14 113104 47.7+13
ing the temporal horizon frorl 4 to H; with a downsampling OAT, | 39.8:05 525:12 164403 50.3:08
factor of4 (i.e.,H, = %Ha). QueST and OAT use the same OAT4; | 46.4:06 653x09  195+08 51.7+10
decoder architectur@AT adopts the same hyperparameters as _©2Ts | 56.3+10 73.1+#05 244403 54.6+11
QuesST: a 2-layer transformer encoder with model dimensiofagLE |: simulation benchmarking across four manipulation
256 and head dimension 64, a 4-layer transformer deco@ehchmarksoAT consistently outperforms prior action tokenization
with the same dimensions, latent horizéhy = 8, latent schemes and exhibits monotonic performance improvements as the
dimensionD, = 4, and FSQ leveld8,5,5,5], correspond- number of decoded tokens increaseATk denotes detokenization

. T . _ o using the PrstK tokens. Results report mean success rates with
Ing to an 'mpl_'c't cod_e_book S'Z_¢V| = 1000. In addition standard error across 5 seeds and 50 evaluation rollouts per seed
to autoregressive policies, we include a non-autoregressj§ task. Complete results in Appendix

baseline based on diffusion polichR) [13] with a transformer

backbone. To isolate the effects of action representation adSimulation Benchmarking

tokenization, we use the same policy backbone architectureraple | reports performance across four simulation bench-
for all methods. marks. Bin performs poorly across all benchmarks, as it
roduces excessively long token sequences and thus violates
.1 FAST achieves compact representations but suffers from

2) Evaluation Tasks: We conduct comprehensive ablation
and analyses, comparingaT againstBin, FAST, QuesT, invalid or non-decodable token sequences, violathgand

3{;%0'35 Sgrz?:fwsmzf)kg t?sigz)drg\ggcizzgly‘l xvvfeels\//alljjaeti solméading to unstable policy behavior. Notably, both methods
LIBERO [38], RoboMimic [43], MetaWorld [71], and Robo- gxhlblt high recqnstructlon Pd_ehty, conbPrming that rgconstruc—
: . . t|l?n error alone is not predictive of downstream policy perfor-
Casa f16]. For simulation experiments, we evaluate each tas . . :
mance.QueST provides a substantially stronger baseline by

across 5 random seeds, with 50 evaluation rollouts per SeFevEra ing quantized latent actions. However, its latent token
resulting in a total of 250 rollouts per task. We report the mean ging q . '

success rate along with its standard error across rollouts. “Peoc lacks an ordering, violatiy3 hence its autoregressive
9 " modeling does not benebt from inductive biases from causal

We additionally validateoAT on real-world tabletop ma- token ordering aligned with next-token prediction.
nipulation using a Pbxed-base ARX-5 robotic arm with a OAT consistently outperforms prior action tokenization
single Logitech Webcam for visual observations. We considechemes and matches or exceeds the strongest baselines, while
two tasks:Pick & Place Ball and Srack Cups (Fig. 6). For additionally enabling prebx-based decoding that is unavail-
each task, we collect 200 human teleoperation demonstratioaisle to existing methods. We denoGATx as executing
The action space is 7D, consisting of end-effector positioaction chunks reconstructed from the Pkt tokens, i.e.,
orientation, and gripper control. During evaluation, each taskdetokenizing the prebpX;.x with K < H;. OAT exhibits
executed for 20 independent trials, and we report task succasslear and consistent monotonic performance trend as the
rates. number of autoregressive steps increases. As additional tokens



LIBERO RoboMimic | MetaWorld | RoboCasa , Actionhorizon
Policy | #Tok. Lat.| #Tok. Lat.| #Tok. Lat.| #Tok. Lat.
DP x 420 x 381] x 377 x 353 ! 260 64 28 I,
Bin 224 517.2| 224 509.5| 128 306.6] 384 888.3 o B B B B
FAST | 442 114.4/ 531 1420 49.8 129.7| 69.7 166.1 8, 2.6 129
QueST 8 271 8 296 8 314 8 30.2 ,§ 0.5 0.9 + +
OAT; 1 105 1 113 1 155 1 135 54 13.1
OAT, 2 132 2 153 2 179| 2 158 g o6 .
OAT, 4 174 4 184 4 221 4 19.8
OATg 8 274 8 299 8 313 8 30.0 3 194
07 +

TABLE II: Token count and inference latency.Comparison of )

action token counts (#Tok) and policy inference times (Lai. (a) Execute; Ha actions (b) Execute a Pxed 8 actions

across various benchmarks. FBAST, which generates variable- Fig. 5: Effect of action and token horizons. Performance of

length sequences, we report the mean token CaAM« denotes oam,, on LIBERO as a function of action horizoHa (rows) and

detokenization using the Pré{ tokens. Policy latency is measuredy,yen horizonH, (columns). Results report mean success rates with

in milliseconds (ms) per inference on one NVIDIA A100. standard error across 5 seeds and 50 evaluation rollouts per seed per
task.

Policy | LIBERO RoboMimic MetaWorld RoboCasa
QueST | 48.2+06 66.9+0.8 17.9+09 52.3+19

OAT; 11.7+0.7 50.8+ 1.4 11.3+04 47.7+13
OAT, 39.8+ 0.5 525+ 1.2 16.4+ 0.3 50.3+ 0.8

Across all benchmarks, removing token ordering leads to
a consistent performance degradatioRAT . Os performance is
signibcantly worse thaoAT, and OATg, and in some cases

OAT, | 46.4:06 653409 195:08 51.7+10 falls below QueST. This indicates that the structure of the
OATg | 56.3+10 731x05 244:03 54611 token space plays a critical role in effective autoregressive
OAT» | 352:07 611+12 17.6+05 485+16 policy learning: by aligning the token space with next-token

_ _ ) _ prediction, ordering introduces a favorable inductive bias that
TABLE Ill: oAaT without ordering underperforms. Simulation

. : ; facilitates both learning and inference.
benchmarking across four manipulation benchmaosr denotes . .
detokenization using the Prét tokens, whileOAT denotes tok- ) How Action (Ha) and Latent (H\) Horizon Matter?:
enizer training without nested dropout. Results report mean succdédle 5 analyzes the interaction between action horitbg
rates with standard error across 5 seeds and 50 evaluation rolleutgl latent token horizokl, for OAT on LIBERO. The latent

per seed per task. horizonH, is a training-time hyperparameter that determines
are generated, performance improves steadiyT, closes the nL.me.er of register tokens. We train separate models for all
much of the gap tdQueST and DP, while OATg achieves COMbinations offa € {8,16,32,64} andH, < {1,2,4,8}. To

the best performance across all benchmarks. This enaientangle modeling effects from execution effects, we report
an anytime trade-off between computation and performand&© €Xecution regimes: executingH, actions before re-
policies may terminate autoregressive generation early whafgrence (Tablég), which refSects practical receding-horizon
latency constraints are tight, or generate longer sequences@ftrol, and executing a bxed 8 actions forkall (Table Sb)

improved performance. as a controlled diagnostic. . .
. . Under the practical execution regime (Talde), perfor-
C. Ablation and Analysis mance degrades monotonically with increasidg for a

1) Compression Rate and Inference Latency: Table |l Pxed H,, ref3ecting the growing difpculty of long-horizon
compares action compression rates and inference latepegdiction under limited latent capacity. Increaslkig consis-
across methodsBin produces extremely long token setently mitigates this effect, indicating that additional register
guences, resulting in prohibitively high inference latencypkens enable Pner-grained temporal encoding. However, when
while FAST achieves only moderate compressiqqueST Ha < Hj, the information bottleneck largely disappears, yield-
compresses each action chunk into a Pxed-length token i+ diminishing returns; prior work suggests that moderate
guence, yielding signibcantly lower inference latency. Howpottlenecks are benepcial for learnirig[ 19, 34], explaining
ever, its bxed decoding length limits RexibilityaT enables a the observed saturation for short horizons sucH gas= 8. The
smooth and controllable trade-off between compression ralexed-execution setting (Tablgb) reveals a complementary
inference latency, and policy performance. With full decodindgrend. For a Pxedd, performance becomes non-monotonic
OAT and QueST have the same amount of compute pen Ha: moderate horizons improve performance by stabilizing
inference. early actions 72], while excessively long horizons degrade

2) How Token Space Ordering (P.3) Matters?: Tablelll performance due to the difpculty of compressing long futures
studies the role of token space ordering by compadag into a limited number of tokens.
trained with and without ordering-inducing mechanisms, i.e., Together, these results highlight the trade-off between tem-
nested dropout, which enforces a left-to-right priority structuggoral lookahead and latent capacity. Predicting beyond the
over tokens during training. The variadAT, disables nested execution horizon can improve robustness and consistency, but
dropout, resulting in an unordered token space, while all othenly when the tokenizer can faithfully represent the future.
architectural and training settings are kept identical. Although the Pxed-step execution regime is not intended to
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