
scales while decoding tokens in parallel within each scale
using a hybrid attention mechanism (Fig.2 (a2)).

A. Next-Scale Autoregressive Modeling

Building on the multi scale action token maps produced by
the SDAT action tokenizer, denoted asS = { s1, . . . , sK} , we
model the joint distribution over tokens autoregressively across
scales:

p(s1, s2, . . . , sK) =
K+

k=1

p(sk | s1, s2, . . . , sk" 1). (4)

Each autoregressive unitsk is treated as atoken map rather
than a token sequence, and the sequence of coarser-scale token
maps(s1, . . . , sk" 1) serves as the preÞx for predictingsk. At
the k-th autoregressive step, following [42], all distributions
over lk tokens insk will be generatedin parallel, conditioned
on the preÞx token mapss<k and a scale-speciÞc positional
embedding map.

During training, we apply ahybrid attention mask to enforce
a scale-aware dependency structure, such that the token map
at scalek can attend only to token maps from coarser or
equal scaless# k. The policy is optimized using the standard
cross-entropy loss, which measures the discrepancy between
the predicted token mapösk and the ground-truth token map
sk derived from the action sequence.

B. Intent-Based Action Ensemble

Let at|ot denote the predicted action to be executed at
time stept conditioned on an observationot. The Þnal action
at time t is associated with a set of overlapping predictions
{ at|ot" H , . . . , at|ot" 1, at|ot} . During inference, lets(t)

1 ∈
RC denote the intent token associated with the action chunk
generated at time stept, ands(t" h)

1 denote the intent token of
a previous chunk. We derive the Þnal action executed at time
t via intent-based action ensemble (Fig.2 (b)):

at =
H!

h=0

wintent
h

áat|ot" h, (5)

wherewintent
h

is an adaptive weight determined by the similarity
between behavioral intents. The ensemble weights are computed
by measuring the similarity between the current intent token
and historical intent tokens:

wintent
h

=
exp

#
β 〈s(t)

1 , s(t" h)
1 〉

$

,
H

j=0 exp
#
β 〈s(t)

1 , s(t" j)
1 〉

$, (6)

where〈á, á〉denotes the cosine similarity between two intent
tokens,β > 0 is a temperature scaling the effect of intent
similarity on weight assignment.

Intent based ensemble enabling smooth execution and
rapid switching between behaviors. Empirical studies reveal it
improves action stability and long-horizon task success.

C. Model Architectures

We instantiate our framework with two variant architectures:

a) MINT-30M: This variant is a lightweight, decoder-only
Transformer model trained from scratch, with approximately
30M trainable parameters. Visual inputs are encoded by frozen
SigLIP [52] and DINOv2 [35] backbones, while language
instructions are processed by a frozen BERT [13] encoder, and
injected into the network via Feature-wise Linear Modulation
(FiLM) [ 36] layers.

b) MINT-4B: This is a large-scale policy model built
upon an existing visionÐlanguage architecture used inπ0 and
π0.5. It employs a PaliGemma-2.6B [3] vision language model
together with a SigLIP based visual encoder, both pretrained on
large-scale robotic datasets. MINT-4B uses a transformer-based
action expert with approximately 300M parameters, which is
trained from scratch. The action expert performs next-scale
autoregressive prediction over multi-scale action tokens.

VI. EXPERIMENTS

We evaluate our framework on standard benchmarks and
the LIBERO-Plus suite to show that explicitly disentangling
behavioral intent from execution improves performance and
generalization under severe disturbances. We also perform
experiments in real-world environments, and we test the one-
shot transfer capability of the framework in simulation.

A. Performance Comparison
Benchmark. We conduct experiments on three widely adopted
robotic manipulation benchmarks: LIBERO, CALVIN, and
MetaWorld , which together cover multi-task manipulation,
long-horizon compositional reasoning, and task generalization
across varying difÞculty levels. LIBERO is a simulated
benchmark suite composed of Þve task families: LIBERO-
Spatial, LIBERO-Object, LIBERO-Goal, LIBERO-Long and
LIBERO-90. CALVIN features 34 tabletop manipulation tasks
across four scene conÞgurations. we evaluate on CALVIN
ABCD→D benchmark, require policies to follow free-form
language instructions and complete 5 tasks in sequence across
500 different instruction chains. MetaWorld is a large-scale
manipulation benchmark consisting of 50 tasks with varying
levels of difÞculty. Tasks are categorized into Easy, Medium,
Hard, and Very Hard groups, reßecting increasing requirements
on precision, coordination, and long-horizon control.
Baselines. We compare against a comprehensive set of
baselines across three benchmarks. SpeciÞcally, on the LIBERO
suite, we compare our method against Diffusion Policy,
WorldVLA [ 10], SmolVLA [40], both train from scratch,
OpenVLA [21], OpenVLA-OFT [22], LAPA [49], UniVLA [ 9],
and theπ family (π0 [5], π0-FAST [37], andπ0.5), both pretrain
with large robot dataset. For the CALVIN benchmark, we
evaluate against RT-1 [7], RoboVLMs [29], UniVLA, and
π0.5. On Meta-World, we compare against Diffusion Policy,
TinyVLA [ 48], and π0.
Results. The results for these experiments are summarized in
Table IX. MINT consistently matches or surpasses all current
state-of-the-art approaches across all reported benchmarks.
Notably, our MINT-30M variant surpasses OpenVLA andπ0 on
LIBERO by wide margins despite its signiÞcantly smaller size






