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Fig. 1: Left: Comparison of action tokenization schemes with respect to three desiderata: high compression (P.1), total decodability (P.2),
and left-to-right causally ordered token structure (P.3). Existing methods satisfy only subsets of these properties, whileOAT uniquely satisÞes
all three.Middle: Behavior of different policy classes as inference progresses. Diffusion and ßow policies reÞne actions through iterative
sampling, while autoregressive policies generate discrete tokens step-by-step. Due to its ordered token space,OAT enables preÞx-based
detokenization: early tokens produce coarse action chunks, and additional autoregressive steps progressively reÞne actions, enabling ßexible,
anytime action generation.Right: Overall policy performance aggregated over 20+ tasks.

AbstractÑAutoregressive policies offer a compelling founda-
tion for scalable robot learning by enabling discrete abstraction,
token-level reasoning, and ßexible inference. However, applying
autoregressive modeling to continuous robot actions requires
an effective action tokenization scheme. Existing approaches
either rely on analytical discretization methods that produce
prohibitively long token sequences or learned latent tokenizers
that lack structure, limiting their compatibility with next-token
prediction. In this work, we identify three desiderata for action
tokenization Ñ high compression, total decodability, and a left-
to-right causally ordered token space Ñ and introduce Ordered
Action Tokenization (OAT), a learned action tokenizer that satisÞes
all three. OAT discretizes action chunks into an ordered sequence
of tokens using a transformer with registers, Þnite scalar quanti-
zation, and ordering-inducing training mechanisms. The resulting
token space aligns naturally with autoregressive generation and
enables preÞx-based detokenization, yielding an anytime trade-
off between inference cost and action Þdelity. Across more than
20 tasks spanning four simulation benchmarks and real-world
settings, autoregressive policies equipped withOAT consistently
outperform prior tokenization schemes and diffusion-based base-
lines, while offering signiÞcantly greater ßexibility at inference
time.

I. I NTRODUCTION

Autoregressive sequence models have emerged as a power-
ful foundation for modern robot learning. In particular, large
transformer-based policies have demonstrated strong general-
ization when trained directly on robotic data [7, 48] or adapted
from pre-trained vision-language backbones [8, 28, 63]. A
critical but often under-examined component underlying these

successes is how continuous robot actions are represented as
discrete symbols suitable for autoregressive generation.

This representation problem is known asaction tokeniza-

tion: the process of mapping continuous control signals into a
sequence of discrete tokens. Experience from natural language
processing and computer vision has shown that tokenization
is far more than an implementation detail Ñ it fundamentally
shapes learning dynamics, model capacity utilization, scala-
bility, and downstream performance [3, 17, 54, 67]. Despite
its centrality, action tokenization for robot control remains
signiÞcantly less understood than its counterparts in language
and vision.

The dominant approach in existing autoregressive robot
policies relies on naive discretization via per-dimension bin-
ning [7, 8, 28]. While conceptually simple, this strategy
yields extremely long token sequences whose lengths scale
linearly with action dimensionality and prediction horizon,
leading to substantial inefÞciencies in training and inference.
To alleviate this issue, recent work has explored learned latent
tokenizers [4, 32, 45] and analytical compression methods
such as frequency-domain compression [50]. However, these
alternatives introduce their own limitations: learned tokeniz-
ers often produce unstructured latent spaces that are poorly
aligned with next-token prediction, while existing frequency-
domain approaches may sacriÞce decodability. Across these
approaches, we identify a persistent and fundamental limita-
tion: existing action tokenization strategies face an inherent
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(a) OAT1 MSE = 0.592 (b) OAT2 MSE = 0.446 (c) OAT4 MSE = 0.038 (d) OAT8 MSE = 0.009 (e) Ground Truth

Fig. 2: Coarse-to-Þne action chunk reconstruction.Visualization of reconstructed action chunks using increasing numbers of decoded
tokens. Panels (aÐd) showOAT reconstructions usingK → {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 reÞne Þne-grained details, yielding
trajectories that increasingly match the ground truth. Ghosted poses indicate temporal progression within each reconstructed action chunk.
Interactive visualization on project website:ordered-action-tokenization.github.io.

time. If T →1 is only partially deÞned, invalid or non-decodable
token sequences can lead to undeÞned behavior and catas-
trophic failures during execution.P.3: The token sequence
T1:H l should admit a meaningful left-to-right causal ordering
aligned with causal, next-token prediction. Such a structure
is essential for stable autoregressive generation: early tokens
should capture coarse, globally salient aspects of the action
chunk, while later tokens reÞne Þner details. An ordered token
space improves controllability, robustness, and compatibility
with preÞx-based generation, and we revisit this property
throughout the paper both conceptually and empirically.

A. Binning

The most commonly used action tokenization approach
is per-dimension binning (Bin) [7, 8, 28]. For each action
dimension, the range of values observed in the dataset is
normalized to[↓1, 1], then divided intoN uniform bins, and
each continuous value is mapped to its corresponding bin
index. Given an action chunk of shapeHa ↔ Da, binning
produces a token sequence

T (a1:H a) = [T1,1, ..., T1,D a , T2,1, ..., TH a,D a ], Ti,j ↗ [N ].

While Bin is conceptually simple and yields a well-deÞned,
totally decodable mapping (P.2), it does not provide the left-to-
right ordering we seek (P.3): the token order is a serialization
over dimensions and time rather than a hierarchy aligned with
causal next-token prediction. Moreover,Bin scales poorly
Ñ long horizons and high-dimensional actions can produce
hundreds of tokens per chunk Ñ severely slowing training
and inference and introducing substantial latency. Therefore,
Bin fails to satisfyP.1 andP.3, despite meetingP.2.

B. Frequency-domain Transform

An alternative line of work explores frequency-domain
compression, for instanceFrequency-space Action Sequence

Tokenization (FAST) [50], which employs the Discrete Cosine
Transform (DCT) to decompose action chunks into frequency
coefÞcients, followed by Byte Pair Encoding (BPE) [18].
FAST achieves high information density (P.1), and crucially,
its low-frequency components Þrst then high-frequency com-
ponents ordering (P.3) improves downstream autoregressive

policies: early token predictions capture the overall trajectory
shape, stabilizing rollout before Þner details are generated.

However, FAST detokenizationT →1 is a partial function
that violatesP.2. Because BPE produces variable-length se-
quences, there is no guarantee that an arbitrary token sequence
generated by the policy will decode into a valid frequency
matrix of Þxed dimensions. This structural mismatch renders
the decoding function partially undeÞned for invalid token
counts, leading to potential runtime failures. We refer readers
to AppendixB and the discussion on Hugging Face2 for further
details.

C. Quantized Latents

Another line of work explores learned compression via
encoder-decoder architectures with vector quantization [4, 32,
45]. These methods map action chunks into a latent sequence
of shapeHl ↔Dl , which is quantized [44, 60] into tokens. The
latent horizonHl and dimensionDl are hyperparameters, often
chosen relative toHa and Da. Such approaches can achieve
extremely high compression; for example, mapping action
chunks of horizonHa = 32 into latent sequences withHl = 8
tokens, satisfyingP.1. BecauseT andT →1 are approximated
by encoder and decoder neural networks respectively,T →1 are
always total (P.2).

However, existing learned tokenizers typically produce un-
structured token spaces. The tokens lack a consistent ordering
or hierarchical abstraction, making them poorly suited for
autoregressive generation. As a result, while existing learned
tokenizers satisfyP.1 andP.2, they fail to meetP.3.

IV. OAT: ORDEREDACTION TOKENIZATION

Our objective is to learn an action tokenizer that satisÞes
three desiderata introduced in Sec.III : high compression (P.1),
total decodability (P.2), and a structured ordering over tokens
(P.3). While prior learned tokenizers achieve compact and
decodable representations, they lack an explicit ordering over
latent tokens [4, 32, 45], which limits their compatibility with
autoregressive policies. We introduceOAT, a learned autoen-
coder framework that discretizes action chunks into an ordered
sequence of tokens.OAT encodes actions using transformer-
based register tokens, discretizes the resulting latents with
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Fig. 3:OAT 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 policies.Right: During OAT policy inference, tokens are generated
autoregressively and can be detokenized from any preÞx. As more autoregressive steps are taken, additional tokens progressively reÞne the
decoded action chunk, producing actions with increasing temporal and spatial detail.OAT enables ßexible, anytime action generation.

Algorithm 1 OAT Tokenizer Training

Require: DatasetD of action chunks{a1:H a}; encoderEφ(·);
learnable register tokensr1:H l ; quantizerFSQ(·); decoder
Dθ(·); learnable mask tokenMASK; nested-dropout distri-
bution p(·).

1: while not convergeddo
2: Sample action chunka1:H a ↘ D
3: Encoding:ã1:H a ≃ z1:H l ⇐ Eφ(a1:H a ≃ r 1:H l)
4: Quantization:ẑ1:H l ⇐ FSQ(z1:H l)
5: Tail dropout:ẑ1:H l ⇐ ẑ1:K ≃⇒MASK⇑K +1:H l , K ↘ p(·)
6: Decoding:â1:H a ⇐ Dθ(ẑ1:H l)
7: Reconstruction loss:L ⇐ ⇓â1:H a ↓ a1:H a⇓2

2
8: Optimization:{ε, r, ϑ, MASK} ⇐ {ε, r, ϑ, MASK}↓ ϖ⇔L
9: end while

10: T (·) ⇐ {Eφ, r1:H l , FSQ}, T →1(·) ⇐ {Dθ, MASK}
11: return T (·), T →1(·)

FSQ [44], and reconstructs actions via a conditional decoder.
To induce ordering in the token space, we combine causal
attention over register tokens with nested dropout during
training. Together, these design choices encourage an ordered
latent representation in which earlier tokens capture coarse,
global structure and later tokens reÞne details (Fig.2). As
a result,OAT supports decoding from any preÞx of the token
sequence, enabling variable-length and anytime reconstruction
of action chunks. We demonstrateOAT training pipeline (left)
and autoregressive policies operate onOAT (right) in Fig. 3.

A. Tokenization T and Detokenization T →1

The objective of the tokenizerT is to compress a continuous
action chunk of shapeHa ↔ Da into a compact discrete
representation of shapeHl ↔ Dl . To this end, we concatenate
the input action sequence with a Þxed set of learnableregister

tokens, r 1:H l , which act as a compact readÐwrite memory for
summarizing the temporal structure of the input [15, 70]. A
transformer encoder jointly processes the action chunk and
register tokens, allowing information from the action sequence
to be aggregated into the registers. After encoding, the register

tokens form the bottleneck representation [16] of the autoen-
coder, while the encoded action tokens are discarded.

The register latentsz1:H l are discretized using FSQ, yielding
a sequence ofH l discrete tokensT1:H l . These tokens constitute
the action representation used both for reconstruction during
tokenizer training and as the action space for downstream
autoregressive policies.

The decoder implements the detokenization mappingT →1,
generating a continuous action chunk conditioned on the
discrete token sequence. TheOAT framework imposes no
restrictions on the speciÞc decoder architecture or training
objective. In this work, we employ a single-pass transformer
decoder similar to [74] (see Fig.3), which we Þnd provides
a favorable trade-off between reconstruction quality, stability,
and computational efÞciency. We provide more details on
decoding in AppendixC. The tokenizerT and detokenizer
T →1 are trained jointly end-to-end using a reconstruction
objective. Pseudocode forOAT training is provided in Algo.1,
also see Fig.3 for the pipeline.

B. Inducing Token Ordering For Modelability

Prior work has highlighted the importance of left-to-right
causal ordering for effective autoregressive modeling [23, 26,
27, 29]. To align the learned token space with autoregressive
generation, we explicitly induce a left-to-right ordering over
tokensT1:H l that naturally aligns with next-token prediction
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 reÞne Þner details. We introduce
two complementary mechanisms to impose an ordering and
support variable-length token sequences.

1) Nested Dropout: We train OAT to produce an ordered
representation by applying nested dropout to the register
tokens during training [2, 9, 30, 53]. Given register tokens
of length Hl , we randomly sample the number of tokens to
retain, K ↗ [Hl ], and mask out the remainingHl ↓ K tail
tokens. Under this training regime, the encoder is encouraged
to pack information into the register tokens in a prioritized,



(a) LIBERO (b) RoboMimic
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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 conÞgurations in
prior work. We additionally compare againstQuantized Skill

Transformer (QueST) [45], a representative learned latent tok-
enizer.QueST compresses action sequences using a temporal
convolution followed by a causal transformer encoder, reduc-
ing the temporal horizon fromHa to Hl with a downsampling
factor of 4 (i.e., H l = 1

4 Ha). QueST andOAT use the same
decoder architecture.OAT adopts the same hyperparameters as
QueST: a 2-layer transformer encoder with model dimension
256 and head dimension 64, a 4-layer transformer decoder
with the same dimensions, latent horizonHl = 8, latent
dimensionDl = 4, and FSQ levels[8, 5, 5, 5], correspond-
ing to an implicit codebook size|V| = 1000. In addition
to autoregressive policies, we include a non-autoregressive
baseline based on diffusion policy (DP) [13] with a transformer
backbone. To isolate the effects of action representation and
tokenization, we use the same policy backbone architecture
for all methods.

2) Evaluation Tasks: We conduct comprehensive ablations
and analyses, comparingOAT againstBin, FAST, QueST,
and DP across 20+ tasks drawn from 4 widely used sim-
ulation benchmarks (Fig.4). SpeciÞcally, we evaluate on
LIBERO [38], RoboMimic [43], MetaWorld [71], and Robo-
Casa [46]. For simulation experiments, we evaluate each task
across 5 random seeds, with 50 evaluation rollouts per seed,
resulting in a total of 250 rollouts per task. We report the mean
success rate along with its standard error across rollouts.

We additionally validateOAT on real-world tabletop ma-
nipulation using a Þxed-base ARX-5 robotic arm with a
single Logitech Webcam for visual observations. We consider
two tasks:Pick & Place Ball and Stack Cups (Fig. 6). For
each task, we collect 200 human teleoperation demonstrations.
The action space is 7D, consisting of end-effector position,
orientation, and gripper control. During evaluation, each task is
executed for 20 independent trials, and we report task success
rates.

Policy LIBERO RoboMimic MetaWorld RoboCasa

DP 36.6 ± 0.2 67.1 ± 1.3 19.3 ± 1.6 54.0 ± 1.6
Bin 14.4 ± 0.6 39.5 ± 1.2 14.5 ± 0.7 27.7 ± 0.9
FAST 23.0 ± 0.5 24.0 ± 1.5 7.1 ± 0.7 13.2 ± 1.1
QueST 48.2 ± 0.6 66.9 ± 0.8 17.9 ± 0.9 52.3 ± 1.9

OAT1 11.7 ± 0.7 50.8 ± 1.4 11.3 ± 0.4 47.7 ± 1.3
OAT2 39.8 ± 0.5 52.5 ± 1.2 16.4 ± 0.3 50.3 ± 0.8
OAT4 46.4 ± 0.6 65.3 ± 0.9 19.5 ± 0.8 51.7 ± 1.0
OAT8 56.3 ± 1.0 73.1 ± 0.5 24.4 ± 0.3 54.6 ± 1.1

TABLE I: Simulation benchmarking across four manipulation
benchmarks.OAT consistently outperforms prior action tokenization
schemes and exhibits monotonic performance improvements as the
number of decoded tokens increases.OATK denotes detokenization
using the ÞrstK tokens. Results report mean success rates with
standard error across 5 seeds and 50 evaluation rollouts per seed
per task. Complete results in AppendixD.

B. Simulation Benchmarking

Table I reports performance across four simulation bench-
marks. Bin performs poorly across all benchmarks, as it
produces excessively long token sequences and thus violates
P.1. FAST achieves compact representations but suffers from
invalid or non-decodable token sequences, violatingP.2 and
leading to unstable policy behavior. Notably, both methods
exhibit high reconstruction Þdelity, conÞrming that reconstruc-
tion error alone is not predictive of downstream policy perfor-
mance.QueST provides a substantially stronger baseline by
leveraging quantized latent actions. However, its latent token
space lacks an ordering, violatingP.3, hence its autoregressive
modeling does not beneÞt from inductive biases from causal
token ordering aligned with next-token prediction.
OAT consistently outperforms prior action tokenization

schemes and matches or exceeds the strongest baselines, while
additionally enabling preÞx-based decoding that is unavail-
able to existing methods. We denoteOATK as executing
action chunks reconstructed from the ÞrstK tokens, i.e.,
detokenizing the preÞxT1:K with K ↙ Hl . OAT exhibits
a clear and consistent monotonic performance trend as the
number of autoregressive steps increases. As additional tokens



LIBERO RoboMimic MetaWorld RoboCasa
Policy #Tok. Lat. #Tok. Lat. #Tok. Lat. #Tok. Lat.

DP → 42.0 → 38.1 → 37.7 → 35.3
Bin 224 517.2 224 509.5 128 306.6 384 888.3
FAST 44.2 114.4 53.1 142.0 49.8 129.7 69.7 166.1
QueST 8 27.1 8 29.6 8 31.4 8 30.2

OAT1 1 10.5 1 11.3 1 15.5 1 13.5
OAT2 2 13.2 2 15.3 2 17.9 2 15.8
OAT4 4 17.4 4 18.4 4 22.1 4 19.8
OAT8 8 27.4 8 29.9 8 31.3 8 30.0

TABLE II: Token count and inference latency.Comparison of
action token counts (#Tok.↑) and policy inference times (Lat.↑)
across various benchmarks. ForFAST, which generates variable-
length sequences, we report the mean token count.OATK denotes
detokenization using the ÞrstK tokens. Policy latency is measured
in milliseconds (ms) per inference on one NVIDIA A100.

Policy LIBERO RoboMimic MetaWorld RoboCasa

QueST 48.2 ± 0.6 66.9 ± 0.8 17.9 ± 0.9 52.3 ± 1.9

OAT1 11.7 ± 0.7 50.8 ± 1.4 11.3 ± 0.4 47.7 ± 1.3
OAT2 39.8 ± 0.5 52.5 ± 1.2 16.4 ± 0.3 50.3 ± 0.8
OAT4 46.4 ± 0.6 65.3 ± 0.9 19.5 ± 0.8 51.7 ± 1.0
OAT8 56.3 ± 1.0 73.1 ± 0.5 24.4 ± 0.3 54.6 ± 1.1

OAT→ 35.2 ± 0.7 61.1 ± 1.2 17.6 ± 0.5 48.5 ± 1.6

TABLE III: OAT without ordering underperforms. Simulation
benchmarking across four manipulation benchmarks.OATK denotes
detokenization using the ÞrstK tokens, whileOAT→ denotes tok-
enizer training without nested dropout. Results report mean success
rates with standard error across 5 seeds and 50 evaluation rollouts
per seed per task.

are generated, performance improves steadily:OAT4 closes
much of the gap toQueST and DP, while OAT8 achieves
the best performance across all benchmarks. This enables
an anytime trade-off between computation and performance:
policies may terminate autoregressive generation early when
latency constraints are tight, or generate longer sequences for
improved performance.

C. Ablation and Analysis

1) Compression Rate and Inference Latency: Table II
compares action compression rates and inference latency
across methods.Bin produces extremely long token se-
quences, resulting in prohibitively high inference latency,
while FAST achieves only moderate compression.QueST
compresses each action chunk into a Þxed-length token se-
quence, yielding signiÞcantly lower inference latency. How-
ever, its Þxed decoding length limits ßexibility.OAT enables a
smooth and controllable trade-off between compression rate,
inference latency, and policy performance. With full decoding,
OAT and QueST have the same amount of compute per
inference.

2) How Token Space Ordering (P.3) Matters?: Table III
studies the role of token space ordering by comparingOAT

trained with and without ordering-inducing mechanisms, i.e.,
nested dropout, which enforces a left-to-right priority structure
over tokens during training. The variantOAT↑ disables nested
dropout, resulting in an unordered token space, while all other
architectural and training settings are kept identical.
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(b) Execute a Þxed 8 actions

Fig. 5: Effect of action and token horizons. Performance of
OATHl on LIBERO as a function of action horizonHa (rows) and
token horizonHl (columns). Results report mean success rates with
standard error across 5 seeds and 50 evaluation rollouts per seed per
task.

Across all benchmarks, removing token ordering leads to
a consistent performance degradation.OAT↑Õs performance is
signiÞcantly worse thanOAT4 andOAT8, and in some cases
falls below QueST. This indicates that the structure of the
token space plays a critical role in effective autoregressive
policy learning: by aligning the token space with next-token
prediction, ordering introduces a favorable inductive bias that
facilitates both learning and inference.

3) How Action (Ha) and Latent (Hl ) Horizon Matter?:

Table 5 analyzes the interaction between action horizonHa

and latent token horizonHl for OAT on LIBERO. The latent
horizonHl is a training-time hyperparameter that determines
the number of register tokens. We train separate models for all
combinations ofHa ↗ {8, 16, 32, 64} andHl ↗ {1, 2, 4, 8}. To
disentangle modeling effects from execution effects, we report
two execution regimes: executing12 Ha actions before re-
inference (Table5a), which reßects practical receding-horizon
control, and executing a Þxed 8 actions for allHa (Table5b)
as a controlled diagnostic.

Under the practical execution regime (Table5a), perfor-
mance degrades monotonically with increasingHa for a
Þxed Hl , reßecting the growing difÞculty of long-horizon
prediction under limited latent capacity. IncreasingHl consis-
tently mitigates this effect, indicating that additional register
tokens enable Þner-grained temporal encoding. However, when
Ha ↙ Hl , the information bottleneck largely disappears, yield-
ing diminishing returns; prior work suggests that moderate
bottlenecks are beneÞcial for learning [16, 19, 34], explaining
the observed saturation for short horizons such asHa = 8. The
Þxed-execution setting (Table5b) reveals a complementary
trend. For a ÞxedHl , performance becomes non-monotonic
in Ha: moderate horizons improve performance by stabilizing
early actions [72], while excessively long horizons degrade
performance due to the difÞculty of compressing long futures
into a limited number of tokens.

Together, these results highlight the trade-off between tem-
poral lookahead and latent capacity. Predicting beyond the
execution horizon can improve robustness and consistency, but
only when the tokenizer can faithfully represent the future.
Although the Þxed-step execution regime is not intended to
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