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Abstract:

We present the B-spline Encoded Action Sequence Tokenizer (BEAST), a novel
action tokenizer that encodes action sequences into compact discrete or continuous
tokens using B-spline. In contrast to existing action tokenizers based on vector
quantization or byte pair encoding, BEAST requires no separate tokenizer training
and consistently produces tokens of uniform length, enabling fast action sequence
generation via parallel decoding. Leveraging our B-spline formulation, BEAST
inherently ensures generating smooth trajectories without discontinuities between
adjacent segments. We extensively evaluate BEAST by integrating it with three
distinct model architectures: a Variational Autoencoder (VAE) with continuous
tokens, a decoder-only Transformer with discrete tokens, and Florence-2, a Vision-
Language Model with an encoder-decoder architecture, demonstrating BEAST’s
compatibility and scalability with large pretrained models. We evaluate BEAST
across three established benchmarks consisting of 166 simulated tasks and on
three distinct robot settings with a total of 8 real-world tasks. Experimental results
demonstrate that BEAST (i) significantly reduces both training and inference
computational costs, and (ii) consistently generates smooth, high-frequency control
signals suitable for continuous control tasks while (iii) reliably achieves competitive
task success rates compared to state-of-the-art methods. Videos and code are
available at the project page.

1 Introduction

Imitation learning has emerged as a powerful paradigm for training robots to perform complex
tasks by learning from human demonstrations [1]. Early works [2, 3] in this field primarily focused
on predicting single-step actions based on the current observation. However, recent research [4]
highlights the importance of learning action sequences to capture the temporal coherence inherent in
human demonstrations. Moreover, by modeling action sequences, we can reduce compounding errors
[5] and create task demonstrations that more closely align with human methods [6]. Given the success
of autoregressive next-token prediction models in natural language processing and other domains
[7-9], it is compelling to explore similar techniques for modeling action sequences, leveraging their
ability to predict and generate coherent sequences effectively.

Despite growing interest in this area, effective strategies to create action sequences of discrete tokens
remain underexplored. Existing approaches often focus on single-step tokenization [10-12], vector
quantization [13—15], or compression-based schemes [16]. However, they require training separate
encoder-decoder networks for the tokenizer [13, 17] or produce variable-length token sequences
for inputs of the same duration [16], which complicates applying fast token generation techniques
such as parallel decoding [18]. Furthermore, existing action tokenizers do not consider the smooth
transitions between subsequent action chunks, which could result in undesired jumps at transition.
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Figure 1: From left to right: Clamped B-Spline Basis P = 0,1, 2, 3,4 (top) and their generated
trajectories (Bottom). Given the same control points, a higher degree will lead to smoother trajecto-
ries. All generated trajectories start exactly from the first control point and end at the last control
point. Notably, action chunk is conceptually equivalent to B-Splines of 0-th degree, i.e., split-wise
constants, as shown in the leftmost subplots. This relation is explained in details later in Section 3.1.

To address these challenges, we propose the B-spline Encoded Action Sequence Tokenizer (BEAST),
a novel tokenizer that represents continuous action sequences using B-splines [19]. BEAST offers
versatility, allowing for effective integration with both discrete and continuous tokens. Different from
tokenizers based on the vector quantization [13-15], it does not require additional tokenizer training.
BEAST compresses action trajectories into fixed-length token sequences enabling efficient parallel
decoding for faster token generation, requiring 4 — 8x fewer tokens than binning-based tokenization.
By using B-spline encoded control points as discrete tokens, BEAST ensures the generation of smooth
action chunks, as well as the continuous connection between consecutive chunks.

Our contributions are: 1) We introduce BEAST, a novel B-spline-based tokenizer designed for
modeling continuous action sequences. 2) We demonstrate the versatility of BEAST by integrating it
into diverse model architectures that accommodate both continuous and discrete objectives. 3) We
conduct extensive evaluations of simulated and real-world robotic tasks, showcasing its effectiveness.
4) We perform thorough ablation studies to assess the impact of various design choices.

2 Preliminaries

Problem Formulation. Our goal is to train a policy 7(a1.7| s) that capable of mapping a given state
s to a corresponding sequence of actions a.7 which has T time steps and D Degrees of Freedom
(DoF). To make this sequence prediction problem compatible with discrete generative models, we
first transform the continuous action sequence into a sequence of discrete tokens. The goal of action
sequence tokenization is to obtain a discrete token sequence v;., where each token belongs to a
vocabulary V with size |f) , by defining a transformation tokenizer : ay.p — V1.7,

B-Splines (Basis Splines) [20] are widely used in the field of computer graphics and computer-aided
design. A B-Spline curve y is formulated through a linear basis function representation

N-1
1-DoF B-Spline:  y(u) = > @/ (u)c, =®"(w)e, 0<P<N, ué€ ko knl, (1)
n=0

where ¢ are N control points and u is a continuous parameter, often interpreted as normalized
time. The basis functions ®F (u) = [®F (u), .., ®%_ (u)] are N polynomial basis functions of P-th
degree. These basis functions are defined over M intervals determined by M + 1 knots in a vector
[ko, ..., kar], and it satisfies M = N + P [20]. Typically, the knot vector is normalized such that
ko = 0 and kjs = 1. The basis functions ®Z’(u) are recursively computed using the Cox—de Boor
recursion [21]. We denote all recursive degrees® as ¢ = 0 : P. For q = 0, the basis functions are

The B-Spline degree P differs from the recursive degree q. Trajectories are represented by basis functions
of degree P, while lower recursive degree g serve as intermediate representations in the recursive process.
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Figure 2: Overview of the BEAST Encoding Pipeline: Given a normalized action sequence, the
BEAST pipeline first uses linear regression to extract continuous-valued control points, forming
control point matrices that serve as intermediate continuous representations. These matrices are
then quantized uniformly into discrete values within the range [0, 255] and subsequently flattened to
produce discrete action tokens for auto-regressive next-token prediction or parallel prediction.

defined as piecewise constant and recursively using the (¢ — 1)-th degree basis for ¢ > 0 with

1 ifky < u < knyi,
an

d 2
0 otherwise. 2)

piecewise constant: 0 (u) = {

recursive: O (u) = kI~ @I (u) 4+ (1 — kfljrll)d)‘f;rll(u), 3)
where k471 = (u — kp)/(kntq — kn)-

Clamped B-Spline. In this work, we employ the clamped uniform B-Spline, where the first and
last P 4 1 knots are repeated to ensure that the resulting curve starts at the first control point and
ends at the last control point. In Figure 1, we demonstrate the resulting basis functions of degrees
from P = 0 to P = 4, together with their generated trajectories, given the same five control points.
Clamped uniform B-splines are particularly suited for trajectory generation due to their smoothness,
compact representation, and local support, where each control point only affects the curve locally.

Parallel Decoding. Unlike autoregressive generation, which predicts tokens sequentially and thus
requires K forward passes for a sequence of length K, parallel decoding [18] enables the prediction
of the entire output sequence in a single forward pass. This is achieved by feeding the model with K
empty token embeddings and replacing the causal attention mask with a bidirectional mask, allowing
the decoder to infer the entire sequence simultaneously. OpenVLA-OFT [18] leverages this approach
for action sequence generation. In this work, we adopt the parallel decoding strategy to predict all
BEAST tokens in a single pass, improving the inference efficiency without sacrificing accuracy.

3 B-Spline Encoded Action Sequence Tokenizer

In this section, we first describe how BEAST utilizes B-Spline to construct an efficient action sequence
tokenizer that converts action sequences into either continuous or discrete action tokens. We then
explain how smooth transitions between consecutive action sequences are achieved by enforcing the
initial conditions of clamped B-splines. Finally, we discuss strategies for efficient integrating BEAST
with various model architectures that predict discrete or continuous tokens.

3.1 Action Sequence Tokenization with B-Spline Tokenizer

Following prior works in action tokenization [10, 16], we first normalize the input actions such that
the 1st and 99th quantile value of each action dimension in the dataset maps to the range of [—1, 1].
Using quantiles makes the normalization robust against outlier data points.

Figure 2 presents an overview of the tokenization process. We begin by considering the tokenization
of a 1-DoF trajectory. Given a normalized action sequence a1.7 = [a1, a3, ..., ar] of length T', our
goal is to determine a set of NV control points ¢, with N < T, that approximate the given action
sequence at spline evaluations y(u)1.7. The linear transformation v = /T maps from action timestep
to the parametric coordinate of the B-Spline. The spline evaluations y(u);.r are approximated by
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Figure 3: BEAST-F is a new VLA model that combines BEAST encoding with Florence-2 [22], a
lightweight VLM with 0.77B parameters. BEAST produces uniform-length tokens, which allows
BEAST-F to perform parallel decoding via learnable action embeddings (AE), instead of autoregres-
sive next-token prediction. These discrete tokens are fed into the B-Spline Decoder, which first maps
them to real-valued control points and then transforms those control points into continuous action
sequences. The Pr token denotes an optional proprioceptive state.

minimizing the least-squares error

c=arg mcin||y1:T — alzTH% = argmcin ||<I>P(u)c — al,T||§, )

where ®7(u) = [®F(u), ®L (u), ..., @5 (u)]" represents precomputed B-spline basis functions
defined over interval w € [0,1]. Ridge regression estimates the control points in closed form,
c=[co,c1,.yen—1] = (®T® + \I)~1® T qy.p, with \ acting as a regularization parameter. This
efficient computation typically introduces only a small overhead, typically 3 to 5 milliseconds per
batch. For a high-dimensional action sequence, i.e. D > 1, each DoF is encoded independently into ¢4,
resulting in a matrix C of shape D x N, that stacks each DoF’s control points, C' =[cy, ¢3, ..., cp]" .

To form the final token sequence, this matrix is flattened by interleaving different action dimensions
corresponding to the same basis functions, as illustrated in Figure 2. This flattening strategy preserves
the temporal order inherent in the trajectory segments associated with each basis function.

Remark 1: Connection to Action Chunking. Action chunking, defined as a discrete sequence of
actions ag, ay, ..., ar, is mathematically equivalent to a piecewise constant function generated by
0-th degree B-splines. As demonstrated in Figure 1 left most, each action step a; can be identified as
a control point ¢,, of 0-th degree B-Spline basis witht =n,T = N.

3.2 Enforcing Smooth Transition with Clamped B-Spline

Executing long-horizon tasks typically requires producing multiple small action sequences that
connect seamlessly (replanning). While predicting action sequences effectively improves consistency
within individual action chunks, a significant challenge lies in managing discontinuities at transitions
between consecutive chunks, which often result in jerky motion during online execution. Common
approaches to address this issue apply temporal ensembles of actions [4, 23], calculating moving
averages over multiple predictions. However, these temporal ensembles require high-frequency
replanning (typically every timestep) to generate sufficient chunks for effective ensemble averaging,
which significantly constrains execution speed in online applications.

In contrast, BEAST employs clamped B-Spline to ensure smooth transitions between consecutive
action chunks. As introduced in Section 2, clamped B-Spline is a specialized variant of B-Spline
that guarantees to start from the first control point and end at the last control point, which is utilized
to generate seamlessly connected action sequences, as illustrated in Figure 1. To ensure smooth
transitions, we directly set the first control point ¢g to the last action of the previous sequence. We
then compute the residual trajectory a by subtracting the contribution of the first basis function:
a = a — co®{’. The remaining control points é = [c1, ca, ...cy_1] are determined by solving the
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Figure 4: Simulation [4, 24, 25] and real world (Franka Challenge, Aloha, Franka Kitchen) tasks.
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Figure 5: Comparison among BEAST, single-step binning tokenization and binning tokenization

with action chunking (AC). The comparison is conducted through the same auto-regressive model
with different tokenizers to fit the same cube splines given the same context points.
BEAST is smooth within each sequence and continuous at the transitions between sequences.

linear regression problem similar to equation 4: arg min, ||<i>P (u)é — alla. Through this approach,
BEAST consistently generates action sequences with mathematically guaranteed smooth transitions
between chunks. This will be further discussed in our toy task experiment in Section 4.1.

3.3 Combining BEAST tokens with different architectures

Discrete Tokens. We first evaluate BEAST in a simplified setting with a decode-only transformer
(see Figure 9) with CLIP [26] for language encoding and Film-conditioned ResNet-18 [27, 28] as
image encoder. Film-ResNets are used in many prior works given their high efficiency and strong
performance [29, 30, 11] The proprioceptive state of robot is projected to the embedding dimension
with a two-layer MLP. We employ parallel decoding with bi-directional attention to accelerate
the inference. To further demonstrate the scalability of BEAST with large-pretrained models, we
combine BEAST with Florence-2, a small, pretrained VLM with Encoder-Decoder architecture
(0.77B parameters). Following the previous works on autoregressive VLAs [10, 16], we overwrite
the least used 256 tokens in the VLM vocabulary as our action tokens. We also employ a parallel
decoding technique for the Florence variant, which significantly improves the throughput and reduces
the latency for action generation. We provide an in-depth overview in Figure 3.

Continuous Tokens. We also explore the performance of combining BEAST with ACT [4]. ACT
uses a conditional VAE (CVAE) with a Transformer Encoder-Decoder to predict a sequence of actions.
We predict N BEAST continuous tokens, where each token has the dimension of D, instead of action
sequences, this design choice keeps the temporal order inherent in the trajectory segments. Using the
BEAST tokenization, we reduce the length of predicted token sequence by 6.67 times (from 100 to
15) without sacrificing the task performance. In addition, our method enables smooth trajectories
without requiring temporal aggregation.

4 Experiments

We conducted extensive evaluations in both simulated and real-world settings, targeting answering
five key research questions (RQs): 1) What advantages does BEAST offer over commonly used
binning-based tokenizers? 2) How does BEAST contribute to the performance on imitation learning
benchmarks? 3) How does BEAST affect the training and inference efficiency? 4) Does BEAST
generalize to real-world scenarios? BEAST is integrated into two different architectures: We combine
BEAST and Florence-2 [22] and term this VLA variant as BEAST-F. In contrast to many baselines,
we test BEAST-F without second-stage pretraining on large-scale robot datasets. We additionally



Train—Test Method PrT | Action Type | VLM |  No. Instructions in a Row (1000 chains) | Avg. Len.

‘ ‘ | 1 2 3 4 5
Diff-P-CNN [5] X Diffusion X 63.5% 353% 194% 10.7%  6.4% 1.35
MDT [31] X Diffusion X 63.1% 429% 24.7% 151% 9.1% 1.55
OpenVLA [10] v Discrete v 913% T1.8% 62.0% 52.1% 43.5% 3.27
ABC—D 3DDA [32] X Diffusion X 93.8% 80.3% 662% 533% 41.2% 3.35
MOoDE [30] v Diffusion X 96.2% 889% 81.1% 71.8% 63.5% 4.01
VPP [33] v Diffusion X 957% 912% 863% 81.0% 75.0% 4.29
BEAST-F (ours) x Discrete v 998% 96.5% 89.3% 827% 74.4% 4.42
Diff-P-CNN [5] X Diffusion X 86.3% 72.7% 60.1% 512% 41.7% 3.16
MOoDE [30] v Diffusion X 97.1% 92.5% 81.9% 83.5% T17.9% 4.39
ABCD—D  MDT [31] X Diffusion X 98.6% 958% 91.6% 86.2% 80.1% 4.52
BEAST-F (ours) x Discrete v 98.1% 962% 93.0% 89.3% 84.8% 4.61

Table 1: CALVIN Benchmark results for ABC and ABCD. The table reports average success rates
for individual tasks within instruction chains and the average rollout length (Avg. Len.) to complete
5 consecutive instructions, based on 1000 chains. Zero standard deviation indicates methods without
reported standard deviations. BEAST-F achieves SoTA performance in both tasks.

Spatial Object Goal Long Average
SR (D Rank (}) SR (1) Rank () SR (1) Rank (}) SR (1) Rank (}) SR (1) Rank (})
Diff-P-CNN | 78.3 + 1.1% 6 92.5+0.7% 4 68.3 + 1.2% 6 50.5 + 1.3% 6 724 +£0.7% 6
Octo 789 + 1.0% 5 85.7 +0.9% 6 84.6 + 0.9% 4 51.1+1.3% 5 75.1 £0.6% 5
OpenVLA 84.7 +0.9% 4 88.4 +0.8% 5 79.2 + 1.0% 5 537+ 1.3% 4 76.5 + 0.6% 4
o 96.8% 1 98.8% 1 95.8% 1 85.2% 2 94.2% 1
mo-FAST 96.4% 2 96.8% 3 88.6% 3 60.2% 3 85.5% 3
BEAST-F 92.9 % 3 97.5 % 2 93.1 % 2 86.4 % 1 92.5% 2

Table 2: Experimental Results for the LIBERO Benchmarks. SR: Success Rate. Best results in
each column are shown in bold. BEAST-F achieves comparable performance state-of-the-art VLA,
despite with a much smaller model and without robot data pretraining.

apply BEAST to a small decoder-only transformer model (BEAST-D) and on top of a vanilla ACT
[4] BEAST-ACT).

4.1 Comparing Against Binning-Based Tokenization "
To answer RQ1, we begin with a 1D toy task to investigate the
advantages of BEAST over binning-based tokenization. We
follow the autoregressive prediction pipeline used in previous
works [10, 16]. Note that BEAST can be used for both autore- .
gressive prediction and parallel decoding. A small decoder-only ALOHA TransferCube  ALOHA Inserton
transformer is trained to predict cubic splines from 3 control 1EDP-CNN im0 HEACT TABEAST-ACT
points. We compare against: 1) Single-step binning (denoted Figure 6: ALOHA Benchmark
as Binning) [10], which discretizes each action into one of 256 results. The success rate is reported
bins, and 2) Chunk-level binning (denoted as Binning+AC), over 500 episodes of evaluation.
which discretizes entire action sequences of fixed length. We generate 2000 trajectories, 1s each at
100Hz resolution. Each model is trained for 8k steps and evaluated on 200 test sequences. BEAST
achieves the lowest MSE (0.0004 + 0.0005), outperforming chunked binning (0.0009 £ 0.0013) and
single-step binning (0.0215 £ 0.0216), with the latter performing two orders of magnitude worse. To
simulate real-world action chunking [5], we repeat the rollout prediction three times. As visualized in
Figure 5, single-step binning fails to capture temporal structure and produces erratic outputs. Chunked
binning captures some temporal coherence but results in jerky transitions due to discretization and a
lack of continuity across chunks. In contrast, BEAST generates smooth trajectories with minimal
error and requires only 5 tokens per 100-step sequence, resulting in an approximately 20x reduction
in inference steps.

50

Success Rate (%)

4.2 Strong Performance on Established Simulation Benchmarks

To answer RQ2, we evaluate BEAST on established simulation benchmarks and compare with other
SoTA imitation learning methods and VLAs.



Simulation Benchmarks. CALVIN [24] features 34 tabletop manipulation tasks with a Franka
Panda robot using delta end-effector control across four scene configurations (splits A-D). The dataset
contains 24,000 language-annotated demonstrations. We evaluate two settings: CALVIN ABC
(zero-shot generalization) and CALVIN ABCD (scaling with more data). Performance is measured
by success rates on sequential tasks and mean sequence length completion. All evaluations require
policies to follow free-form language instructions and complete 5 tasks in sequence across 1,000
different instruction chains. LIBERO [25] tests a delta-EEF controlled Panda Robot across various
scenes with 130 diverse tasks. We report results on four specialized benchmark settings with 10 tasks
each (Long, Spatial, Object, and Goal). Success is measured as the percentage of successful task
completions across 50 trials per task. ALOHA [4] tests an absolute joint position controlled ALOHA
Robot in two challenging bi-manual manipulation tasks that require high precision.

Baselines. We compare our Vision-Language-Action Model (VLA) against SOTA VLA policies
and specialized approaches, using results reported in prior publications for fair comparison. Our
primary baselines are OpenVLA [10] (7.7B parameters), my [34] (3.3B parameters), mo-FAST[16]
(3.3B parameters), and a standard Diffusion Policy using a CNN [5]. For the bi-manual manipulation
tasks, we compare the BEAST-ACT variant with small action chunking models to a vanilla ACT [4],
T, and a standard Diffusion Policy using a CNN.

Results. Table 1 summarizes the performance of all policies on the CALVIN benchmark, where
BEAST-F outperforms a diverse set of baselines across two settings, establishing a new state of the art.
Unlike the most competitive baselines, BEAST-F achieves these results without relying on additional
pretraining. On the various LIBERO benchmarks, our tokenizer achieves strong performance, being
surpassed only by mo-VLA. However, 7 relies on large-scale pretraining to reach its performance,
whereas BEAST-F remains competitive without it. In the most challenging long-horizon task setting,
LIBERO-LONG, BEAST-F outperforms all baselines. See Table 2 for detailed results. For the
bi-manual tasks (Figure 6), BEAST-ACT and ACT demonstrate significantly better performance than
mo. BEAST-ACT achieved a higher success rate than vanilla ACT in both tasks.

4.3 Advantages in Training and Inference Speed

Next, we verify the inference and training efficiency Method Throughputs (Hz)T Latency (s)].
of BEAST to answer RQ3. Specifically, we consider ~ DP (0-26B) 130.67 0.341

. . . OpenVLA (7B) 6.09 0.164
the VLA variant BEAST-F and compare it against  , (3.3B) 288.11 0.104
several recent VLAs [10, 34, 16], as well as a stan- _BEAST-F (0.77B) 617.3 0.019

dard CNN-based Diffusion Policy[5]. We measure Table 3: Mean inference efficiency (1000
the inference efficiency on an RTX 4090 GPU. As steps in Bf16). All policies except OpenVLA
shown in Table 3, BEAST-F demonstrates clear com- use chunking length 50 (48 for DP).
putational advantages. It achieves a throughput of 617.3 Hz (e.g., generates approximately 617
actions per second), which is 2.14 x faster than 7, 4.72x faster than Diffusion Policy, and 101.4 x
faster than OpenVLA. In addition, BEAST-F achieves the lowest latency at just 19 milliseconds,
where latency refers to the time taken to generate one action chunk. These gains are due to the parallel
decoding, which enables generating the action sequence in a single forward pass.

We further evaluate the training efficiency by comparing BEAST- —@— BEAST-F —@— m0 —A— FAST
F against my and 7y-FAST. To exclude the bias introduced by 1 T T —
the pretraining datasets, we trained all models without robot  , 08 e
dataset pretraining. We report the success rate on LIBERO- 54: 0.6 .
LONG benchmark every 10k training steps in Figure 7. BEAST-F § 0.4 .
reaches a approximate 80% success rate at just 20k steps, whereas & (.2 N
mo reaches only around 20% at the same point. Notably, mo-FAST 0 .
shows no success till 30k steps. my-FAST’s poor performance 10k 20k 30k
indicates a heavy reliance on robot dataset pretraining, which Training Steps

further underscores the training efficiency of our method. Figure 7: LIBERO-LONG.
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Figure 8: Experimental Results on Real-World Robot Tasks. This figure shows the average task
success rate across eight real-world tasks. Each task and method was evaluated over 10 runs (30 runs
for Cube Transfer). Success rates are measured at the sub-task level. Detailed descriptions of all
sub-tasks are provided in Appendix D. BEAST variants achieve strong performance in real world.

4.4 Real-World Evaluation with 3 Different Robot Setups

To answer RQ4, we assess the effectiveness of BEAST across diverse real-world scenarios with
varying data collection frequencies. We evaluate BEAST on 8 challenging manipulation tasks across
3 different experimental setups: 1) Franka Challenge: Four tabletop manipulation tasks (Towel Fold,
Sweep, Mixer, Pour) using a joint position-controlled Franka robot with data collected at 20Hz, 2)
Real Kitchen: Three manipulation tasks on a toy kitchen setup (Move Banana, Open Oven, Move
Pot) with data collected at 35Hz, 3) Bi-manual ALOHA: A cube transfer task using a bi-manual
ALOHA robot with data recorded at 60Hz. For each task in the Franka Challenge and Franka
Kitchen setups, we conduct 10 evaluation runs per method, while for the ALOHA cube transfer
task, we performed 30 runs. The average success rate for each task is reported in Figure 8. For tasks
comprising multiple stages, we track intermediate milestones to better evaluate the completion of
each sub-task. Appendix D provides a detailed description of all setups and tasks. We compare
BEAST against my[34], mo-FAST[16], and ACT [4]. We finetune 7y and m-FAST from the official
pretrained checkpoints for an additional 60k and 40k steps, respectively. For each method, we train
one multitask model for all four tasks, Real Franka tasks, and another for the Real Kitchen tasks. The
results demonstrate that BEAST-F achieves 52.86% success rate and BEAST-D achieves 76.57%. In
contrast 7y achieves 53.43% and FAST only 28.5%. Interestingly, the smaller model (BEAST-D)
outperforms all the VLAs, including the Florence variant with BEAST. We attribute this effect to
the relatively small real-world dataset of only 50 demonstrations for each task. For the Aloha Cube
Transfer task, we compare BEAST-ACT against the base ACT that directly predicts action sequences
in the joint space. BEAST-ACT achieves 70% success, which is 21% higher than the base ACT.

5 Conclusion

We present BEAST, a B-spline-based tokenizer for continuous robot actions that compresses arbitrary
trajectories into fixed-length token sequences while preserving smooth transitions between segments.
BEAST supports discrete and continuous outputs and integrates seamlessly with various model archi-
tectures. By exploiting parallel decoding, it delivers fast inference and high compression rates without
sacrificing performance. In extensive experiments—both in simulation and on real robots—BEAST
consistently achieves strong results, demonstrating the effectiveness of our tokenization strategy.
Limitations: Although BEAST delivers strong performance, it is sensitive to the choice of the
number of B-spline basis functions, which can markedly affect task outcomes (Section ??). The
optimal count depends on the smoothness and sampling frequency of the trajectory; our experiments
indicate that using 5—10 bases works well for one-second robot trajectories. Future Work: We plan
to extend BEAST to large-scale robot pretraining and to integrate continuous token representations
with diffusion- and flow-matching objectives, aiming to further boost downstream task performance.
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Figure 9: Overview of BEAST-D: BEAST-D is a small transformer model that integrates BEAST. It
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B Baselines Implementation

o o is a generalist robot policy that combines a pre-trained VLM backbone with a lightweight
action expert module trained from scratch to generate continuous actions using flow matching. A key
innovation of 7y is its cross-embodiment training strategy, which integrates over 900M timesteps of
data from 7 distinct robot embodiments and 68 manipulation tasks, enabling generalization across
heterogeneous hardware platforms. The model is trained using a two-phase pipeline: a large-scale
pre-training stage leveraging Internet-scale semantic priors, followed by post-training on curated
task-specific data to enhance performance on complex, dexterous tasks.

FAST: FAST introduces a novel compression-based tokenization method, named Frequency-space
Action Sequence Tokenization, for training autoregressive VLA models on high-frequency, dexterous
robot control tasks. Unlike prior VL As that struggle with discretizing continuous actions at high
frequencies, FAST leverages the Discrete Cosine Transform (DCT) and Byte-Pair Encoding (BPE) to
produce compact, information-rich action tokens, marking a significant advance in training efficiency.

C Hyperparameters

Hyperparameter LIBERO CALVIN
SPATIAL  OBIJECT GOAL LONG ABCD—D ABC—D
Action Sequence Length 20 20 20 20 20 20
Number of Basis 10 10 10 10 10 10
Vocabulary Size 256 256 256 256 256 256
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW
Betas [0.9,0.95] 1[0.9,0.95] 1[09,095] 1[0.9,0.95] | [0.9,0.95] [0.9,0.95]
Learning Rate 2e-5 2e-5 2e-5 2e-5 2e-5 2e-5
Batch Size 128 128 128 128 32 32
Train Steps (k) 35 35 50 70 30 30

Table 4: Summary of BEAST-F hyperparameters for all simulation experiments.

Hyperparameter REAL KITCHEN REAL FRANKA
Action Sequence Length 80 20
Number of Basis 15 5
Vocabulary Size 256 256
Optimizer AdamW AdamW
Betas [0.9, 0.95] [0.9,0.95]
Learning Rate 2e-5 2e-5

Batch Size 96 96

Train Steps (k) 60 60

Table 5: BEAST-F hyperparameters for real robot experiments.
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Hyperparameter REAL KITCHEN REAL FRANKA

Action Sequence Length 80 20
Number of Basis 10 5
Vocabulary Size 256 256
Transformer Layers 6 6
Attention Heads 8 8
Embedding Dim 256 256
Image Encoder FiLM-ResNet18  FiLM-ResNet18
Goal Lang Encoder CLIP ViT-B/32 CLIP ViT-B/32
Attn Dropout 0.1 0.1
Residual Dropout 0.1 0.1

MLP Dropout 0.1 0.1
Optimizer AdamW AdamW
Betas [0.9, 0.999] [0.9, 0.999]
Learning Rate 3e-4 3e-4
Weight Decay (Trans/Other) 0.05/0.05 0.05/0.05
Batch Size 384 256
Train Steps (k) 60 60

EMA False False

Table 6: BEAST-D hyperparameters for real robot experiments.

D Real Robots Setup & Tasks

D.1 Robot System Details

Real Kitchen. This setup consists of a single Franka Emika robot operating within a simulated
kitchen environment. It is equipped with two OAK-D Lite cameras providing top-down and side
perspectives, each delivering visual input at a resolution of 250x250 pixels. The robot has an
8-dimensional configuration and action space, which includes seven joint and one gripper states.

Real Franka. This configuration features a single Franka Emika robot situated in a general-purpose
tabletop environment designed for more challenging manipulation tasks. Visual observations are
obtained from two Orbbec Femto Bolt cameras, positioned to capture left and right perspectives. The
input images are resized to a resolution of 180x320 pixels. The robot configuration and action space
remain the same as the Franka Kitchen setup.

ALOHA. Based on the ALOHA setup [4], the system incorporates two 6-DoF Trossen ViperX
robotic arms. The environment includes two wrist-mounted and an additional top-mounted Logitech
C920 camera. The combined system operates in a 14-dimensional configuration and action space,
accounting for both arms’ joint and gripper states.

D.2 Tasks Description and Evaluation Metrics

In the Real Kitchen setup, the robot performs pick-and-place tasks, whereas in the Real Franka setup,
the robot is required to execute more diverse manipulation behaviors, such as sweeping or pouring.
For each task performed by the Franka Emika robot, a scoring rubric is defined to quantitatively
evaluate task progression. The specific evaluation criteria for each task are detailed below.

* Open the door: The task begins under one of two initial conditions: with or without an
object placed on the stove. The objective is for the robot to open the oven door. Task
completion is evaluated as a success or a failure. Although the task involves three key
motion phases, as shown in Figure 10 (Open the door), all the policies under evaluation are
capable of completing the task in its entirety once the robot successfully grasps the handle.
A trial is considered successful if the robot fully opens the oven door by first grasping the
handle and then using its fingers to push the opposite side of the door, ensuring that it is
completely open. We conducted four evaluation trials with no object on the stove and one
with a randomly placed object.
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Banana into the pot: In this task, the robot aims to grasp a banana and place it on or into a
pot. The initial conditions are categorized based on the relative positions of the pot and the
banana, as well as the position of the banana relative to the corresponding stove. The pot
is assumed to be correctly positioned on the stove. The banana, however, may be placed
directly on the stove in one of three orientations or slightly offset to the left or right. A total
of 10 trials are conducted across these different initial configurations. Task performance is
scored on a scale of 0 to 3, with one point awarded for each of the following criteria: (1)
successfully positioning the banana between the robot’s two fingers, (2) lifting the banana
off the surface, and (3) placing the banana onto or into the pot. If the robot attempts to grasp
more than three times, exhibits jerky hand movements, or significantly displaces the pot
from its original position, the subtask is awarded 0.5 points to reflect partial completion.

Pot into the sink: This task is similar to the one described previously. The initial conditions
in this task differ based on the relative position between the pot and the two stoves. Task
performance is evaluated using three criteria: (1) successfully positioning the pot between
the robot’s two fingers - note that directly grasping the pot with its handle is considered an
unstable grasp and is awarded 0.5 points, (2) lifting the pot off the surface, and (3) placing
the pot in the sink. In this task, penalties for jerky hand movements are still applied.

Towel folding: The objective of this task is to neatly fold a towel that is randomly oriented
at the beginning of each trial. One point is awarded for each of the following: lifting a corner
of the towel, completing the fold, and achieving accurate alignment of the folded towel.

Sweep: In the Sweep task, the positions of the broom, dustpan, and trash vary across
trials. Four pieces of trash are placed on the table for the robot to clean. A maximum
of four points can be awarded, based on the following criteria: successfully grasping the
broom, performing a single sweeping motion, demonstrating the ability to execute multiple
sweeping motions, and sweeping all trash into the dustpan.

Mixer: In this task, a cup and a mixer are placed on the table. The robot’s objective is to
sequentially (1) open the mixer, (2) grasp the cup, (3) place the cup on the mixer’s platform,
and (4) close the mixer. Task performance is evaluated based on the successful completion
of these four subtasks, with one point awarded for each. Notably, unlike previous tasks, the
language instructions provided to the robot consist of three separate sentences corresponding
to the actions of opening/closing the mixer and placing the cup onto the platform.

Pour: In the Pour task, the source cup is initially placed on a platform and contains plastic
pellets that simulate liquid. The objective is to pour the pellets into a designated target
cup. Task performance is evaluated out of a maximum of 4 points, awarded based on the
following criteria: (1) successfully grasping the source cup, (2) pouring the pellets into the
target cup, (3) ensuring that all pellets are poured into the target cup, and (4) placing the
source cup back on the platform.

ALOHA cube transfer: In the cube transfer task, the ALOHA robot is designed to pick
up a randomly placed cube using its right arm and then transfer the cube to its left arm.
The performance of the task is evaluated by assigning scores to three specific steps: (1)
successfully picking up the cube, (2) successfully initiating the transfer with the left arm
making contact with the cube, and (3) the left arm successfully taking possession of the
cube while the right arm releases it.

E Compute Resources

We train and evaluate all the models based on our private clusters. Each node contains 4 NVIDIA
A100, for BEAST-F we use 4 GPUs for training. For BEAST-D and BEAST-ACT, we use one GPU
for training. We report the average training cost in Table 7.
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Figure 10: Key frames for real world different tasks

| BEAST-F BEAST-D BEAST-ACT

vRAM 64GB 8GB 15GB
steps/hour 6000 10000 11000

Table 7: Training time for each variant.
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