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Abstract— Vision-Language-Action (VLA) models leverage
pretrained vision-language models (VLMs) to couple percep-
tion with robotic control, offering a promising path toward
general-purpose embodied intelligence. However, current SOTA
VLAs are primarily pretrained on multimodal tasks with
limited relevance to embodied scenarios, and then finetuned
to map explicit instructions to actions. Consequently, due
to the lack of reasoning-intensive pretraining and reasoning-
guided manipulation, these models are unable to perform
implicit human intention reasoning required for complex, real-
world interactions. To overcome these limitations, we propose
IntentionVLA, a VLA framework with a curriculum training
paradigm and an efficient inference mechanism. Our proposed
method first leverages carefully designed reasoning data that
combine intention inference, spatial grounding, and compact
embodied reasoning, endowing the model with both reason-
ing and perception capabilities. In the following finetuning
stage, IntentionVLA employs the compact reasoning outputs
as contextual guidance for action generation, enabling fast
inference under indirect instructions. Experimental results show
that Intention VLA substantially outperforms 7o, achieving 18 %
higher success rates with direct instructions and 28% higher
than ECoT under intention instructions. On out-of-distribution
intention tasks, IntentionVLA achieves over twice the success
rate of all baselines, and further enables zero-shot human-
robot interaction with 40% success rate. These results highlight
IntentionVLA as a promising paradigm for next-generation
human-robot interaction (HRI) systems.

I. INTRODUCTION

Recent advances in large-scale Vision—Language Models
(VLMs) [11, [2], [3] have demonstrated impressive multi-
modal understanding and reasoning capabilities. Building on
this progress, Vision-Language-Action (VLA) models [4],
[5], [6], [7], [8], [9], adapt pretrained VLMs with manip-
ulation data and have achieved remarkable performance in
robotic control. However, most existing VLAs [5], [6], [7],
[10] are designed to directly predict actions, relying solely
on action-only finetuning data and overfitting to low-level
control signals. This paradigm severely weakens the intrin-
sic multimodal reasoning capabilities of pretrained VLMs,
leading to limited contextual understanding and poor intent
interpretation. As a result, such VLAs often struggle to
comprehend human intentions then fail to execute accurately
in cluttered real-world environments, which significantly
restricts their applicability in human-robot interaction sce-
narios.
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Fig. 1. Problems with existing VLAs. Given the instruction “I want to
call my friend”, ECoT (right) reaches for the phone but infers slowly, while
7o (middle) misinterprets the instruction and grasps the rag. In contrast,
our method (left) correctly infers the user’s intention and enables rapid task
completion.

Given these limitations of current VLAs, we are motivated
to develop a VLA model that can accurately interpret human
intentions and perform correct actions in complex physical
environments, as shown in Fig. 1. To achieve this, we face
two critical challenges. First, existing manipulation datasets
lack sufficient intention-aware annotations and contextual
reasoning signals, making it difficult for models to learn
the causal links between human goals, environmental states,
and corresponding actions. Second, current approaches lack
an explicit and lightweight semantic reasoning mechanism,
making it hard to directly integrate the reasoning capabilities
of VLMs into action generation.

In order to tackle these challenges, we propose Intention-
VLA, a novel VLA framework pretrained with embodied
intention reasoning supervision, also achieves accurate and
fast inference. To address the lack of intention reasoning
annotations during pretraining, we design a high-efficiency
annotation pipeline that processes data collected from daily
work environment. The annotations are represented in three
complementary formats: intention reasoning, spatial reason-
ing, and compact reasoning, together forming a complete
instruction-intention-grounding-action chain for model train-
ing. To bridge reasoning with action generation, Intention-
VLA adopts a two-stage training paradigm: in the first stage,
the model gains reasoning and perception capabilities from
annotated data, while in the second stage, high-level reason-
ing is distilled into compact cues that guide a diffusion-based
action generator, thereby explicitly enabling accurate action
execution.

To evaluate the effectiveness of IntentionVLA, we conduct
extensive real-world experiments covering direct instructions,
diverse intention-driven tasks, and out-of-distribution ma-
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nipulation scenarios. The results show that intentionVLA
achieves strong performance and generalization, highlighting
the benefits of our curriculum training paradigm and efficient
inference mechanism. In summary, our main contributions
are as follows:

o We present IntentionVLA, a unified VLA model trained
on carefully curated intention reasoning data annotated
by an efficient pipeline, and optimized through a two-
stage paradigm with an efficient reasoning mechanism,
which explicitly bridge high-level embodied intention
reasoning with low-level action execution.

o We conduct extensive experiments to demonstrate that
IntentionVLA significantly outperforms state-of-the-art
VLA baselines in all evaluation settings, exhibits strong
generalization and real-time interaction capability.

II. RELATED WORK

Action-centric VLA Models. Action-centric VLAs di-
rectly map multimodal inputs to low-level actions without
reasoning. Autoregressive models such as RT-1 [4], Open-
VLA [5], and 7y-FAST [10] tokenize actions into discrete se-
quences, using next-token prediction as training objective to
align with VLMs pretraining methodology. Diffusion-based
approaches like 7y [6], CogACT [7], and TinyVLA [11]
generate continuous actions to reduce discretization error but
at the cost of training efficiency. Hybrid designs attempt to
balance the two paradigms. For example, HybridVLA [12]
integrates diffusion denoising into the autoregressive next-
token prediction process within a single LLM, aiming to
exploit both the continuity of diffusion-based action genera-
tion and the intrinsic reasoning capabilities of autoregressive
modeling. However, finetuned solely on action trajectories,
these models fail to generalize in intention reasoning inten-
sive tasks that require inferring hidden user intentions. This
highlights the need for models that go beyond direct action
prediction toward explicit intention reasoning.

Incorporating Reasoning into VLLAs. Research commu-
nity has realized the limitations of action-centric VLAs,
and several works enrich action policies with reasoning
capabilities. Some [13] introduce implicit reasoning through
latent actions, but the intermediate reasoning output is not
interpretable. Meanwhile, some works [14], [15] tailor model
architecture for reasoning by introducing additional trainable
modules such as mixture-of-experts, making the training
process more sophisticated and computationally intensive.
One line of work [16], [17] attempts to train VLAs jointly
on multimodal understanding data and manipulation data,
but the substantial domain gap between generic multimodal
tasks and embodied scenarios limits the effectiveness of
this strategy, as large-scale multimodal pretraining brings
only marginal improvements in embodied understanding.
Another line of work enriches manipulation datasets with
structured data annotations while keeping the model archi-
tecture unchanged. ECoT [18] introduces embodied chain-
of-thought reasoning, forcing the model to generate detailed
textual plans before actions. Magma [19] leverages large-
scale pre-training with surrogate objectives such as Set-of-
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Fig. 2. Visualization of annotation module. We visualize the four fully
automated modules that constitute the data pipeline. The intermediate output
of each module will be integrated to form the final reasoning data.

Mark and Trace-of-Mark to ground reasoning in perception
and action traces. While these approaches demonstrate im-
proved interpretability and task decomposition, ECoT suf-
fers from generating long textual reasoning chains, Magma
needs an additional model to annotate input information,
resulting in significant inference delays that hinder real-
time responsiveness. In contrast, IntentionVLA leverages
diverse and effective reasoning data together with a simple
but effective training paradigm, employing a streamlined
reasoning mechanism, enabling robust and efficient intention
inference that directly guides precise action generation.

III. METHOD

We propose IntentionVLA, a VLA framework that inte-
grates embodied intention reasoning with effective action
generation. Section A introduces the design of the embodied
reasoning data format and provides a detailed description
of the data annotation pipeline. Section B elaborates on the
model architecture and highlights the advantages brought by
its crafted design. Section C focuses on the novel two-stage
training paradigm, illustrating how embodied reasoning data
can be leveraged efficiently to bridge high-level semantic
reasoning with low-level action execution.

A. Embodied Intention Reasoning Data Construction

Designing Embodied Intention Reasoning Data. While
prior works [18], [20] have explored embodied reasoning
mainly as task planning from explicit instructions, we aim to
extend it toward intention inference, enabling the model to
interpret ambiguous instructions and ground hidden human
intentions in cluttered environments for robust HRI. The
overview of reasoning data and annotation pipeline are
provided in Fig. 3. We construct the Embodied Intention
Reasoning Dataset, organized as a progressive curriculum
with three objectives: (1) Equip the model with the ability
to infer user intentions in the embodied scenarios. (2) Align
inferred user intentions with visual observations, perceiving
spatial relationships between the manipulator (end-effector)
and task-relevant objects. (3) Compress embodied intention
reasoning into short textual sequences, enabling efficient
short reasoning to explicitly guide action generation.

Efficient Reasoning Data Annotation Pipeline. We de-
sign an efficient annotation pipeline that leverages pretrained
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Overview of our proposed reasoning data and efficient annotation pipeline. The pipeline consists of 4 decoupled modules that can run in

parallel for high annotation efficiency. Intention and spatial reasoning chains are further compressed into compact short reasoning for fast inference.

vision-language models to automatically generate rich em-
bodied reasoning signals, providing a scalable approach
to align high-level intentions with low-level actions. The
detailed visualization of each module is shown in Fig. 2.

Intention reasoning chain. Given a user instruction and
corresponding visual observation, we prompt GPT-40 [21] to
decompose the task into 4 reasoning steps, producing a step-
by-step analysis of the user’s latent intention. This yields an
explicit intention reasoning chain that aligns natural language
instructions with task goals.

Spatial reasoning chain. To bridge high-level intentions
with visual grounding, we compress the intention chain into a
one-sentence summary and enrich it with spatial information.
Specifically, we project the 3D end-effector position into
the 2D image plane using calibrated camera parameters,
providing more precise localization than detector-based base-
lines such as ECoT [18]. The target object’s bounding box
is obtained via Florence-2 [22], a strong vision foundation
model. For frames with invalid detections, we interpolate
from the nearest valid frame to ensure temporal consistency.
The 2D end-effector position and object bounding box are
seamlessly embedded into the textual description, tightly
aligning reasoning with visual observations. Additionally, we
discretize end-effector pose deltas into 16 bins to form delta
action tokens, serving as supervision for action generation.
Integrating compressed intention reasoning, spatial ground-
ing, and delta actions produces the spatial reasoning chain.

Compact short reasoning. To enable efficient inference,
we further design a concise reasoning format in the form
“move <direction> to <object>". The movement direction
is derived from proprioceptive changes in the end-effector,
while the object is dynamically determined by task progress.
Specifically, we coarsely categorize task states into “not yet
grasped” and “already grasped,” distinguished by gripper
status. In the first case, the gripper moves toward the target
object; in the latter, it moves toward the placement goal

(e.g., the human hand). This compact reasoning effectively
integrates task progress estimation and low-level motion
planning, distilling knowledge from the richer reasoning
chains into a format suitable for real-time execution.

By integrating these three reasoning formats, our pipeline
produces rich, well-aligned multimodal supervision for em-
bodied intention reasoning in daily work environments.

B. Model Architecture

We design IntentionVLA as a unified end-to-end frame-
work that jointly performs embodied intention reasoning
and action generation for manipulation tasks. Fig. 4 shows
the overall architecture, which builds upon a strong vision-
language backbone while incorporating bridging modules
that connect high-level semantic reasoning with low-level
embodied actions.

VLM Backbone for Embodied Intention Reasoning.
At the core of our model is the Qwen2.5-7B [2] backbone,
which processes multimodal embodied inputs consisting of
visual observations, textual instructions. We denote the single
forward pass of the VLM as f.1,, and the autoregressive
modeling process of the VLM as fflm. Unlike conventional
VLA models that are limited to action-only supervision,
our backbone is trained with embodied intention reasoning
data, enabling it to produce outputs in multiple forms: (1)
text tokens reflecting inferred user intentions, (2) predictions
of end-effector and goal positions, and (3) discrete action
tokens. This unified representation empowers the model to
reason about abstract user intent while grounding it in task-
relevant embodied contexts.

Intermediate Action Representations via Learnable
Queries. To further extract intermediate action representa-
tions from the VLM, we append a set of learnable queries
Q € RV*P to the multimodal input sequence, where N
is the amount of query tokens, D is the VLM’s hidden
dimension. These queries attend to the hidden states of
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compact reasoning output.

the VLM, selectively capturing the semantic cues necessary
for action generation. By decoupling intention reasoning
from action representation, these queries serve as a crucial
bridge, transforming abstract reasoning into action-oriented
embeddings.

Connector: Refining Intermediate Representations for
Action Conditioning. The intermediate action representa-
tions z € RNXP extracted by learnable queries remain
relatively abstract and require further refinement before being
used in the diffusion denoising process. To this end, we
introduce a 4-layer transformer [23] module, termed the
connector. We denote the forward process of connector as
fcon - This module refines intermediate action representa-
tions into well-structured action conditions ¢ € RN *Duirs
effectively transferring information from the semantic rea-
soning domain of the VLM to the action domain of diffusion
model. Dg;rs is the hidden state size of diffusion model.
By aligning abstract reasoning outcomes with the spatial-
temporal requirements of manipulation tasks, the connector
ensures that intention understanding can be transformed into
precise, executable guidance for action generation.

Action Generation with Diffusion Transformer. Finally,
the connector outputs are concatenated with Gaussian noise
vectors and fed into a Denoising Transformer (DiT) [24],
which performs self-attention denoising to generate robust,
condition-aware action trajectories. A lightweight MLP head
maps the denoised representations to the 7-DoF pose changes
of the end-effector, including translational (X, y, z), rotational
(r, p, ¥), and gripper states (open, close). This design enables
the model to produce precise, executable action outputs while
maintaining flexibility and scalability across diverse HRI
scenarios.

Compact Reasoning Guided Inference Time Scaling. To
enable low-latency decision-making, IntentionVLA performs
compact reasoning at inference time. Instead of generat-
ing long reasoning chains, the model first autoregressively

produces a short reasoning sequence (e.g., “move foward
right to phone”) within 0.2s. This sequence encapsulates
both user intention and task progress estimation, providing a
minimal yet sufficient embodied context. Conditioned on the
original input and this compact reasoning, the VLA generates
the intermediate action representation in a single forward
pass. This design achieves real-time responsiveness while
maintaining accurate intention grounding and robust action
execution in cluttered HRI scenarios. The whole inference
procedure can be formulated as follow:

C = fCon(fvlm([Ot; g; fglm(ohg); Q])) (1)

€ = e Ay, k, c) 2
;&0 _ A, —1—ape 3)

Vak
where o; is the current observation and ¢ is the language
instruction. k is the diffusion timestep, Ay is noisy action
chunk at diffusion timestep k. €y stands for the DiT network
that predicts the noise € added to the action, conditioned on
timestep k and condition c. &y, is a hyperparameter defined
by the noise scheduler.

During inference, we start from Gaussian noise Ap ~
N(0,1I), and iteratively denoise it using the DiT network
€y, following the (3), to obtain the estimate of clean action
chunk AO.

C. Two-Stage Training Scheme

To enable IntentionVLA to effectively integrate high-level
embodied reasoning with low-level action generation, we
adopt a two-stage training scheme. This curriculum-based
design ensures that the model first acquires robust multi-
modal reasoning and perception skills before being extended
to the action space, fully exploiting the carefully designed
reasoning formats.
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TABLE I
PERFORMANCE COMPARISON ON IN-DISTRIBUTION TASKS WITH WIDOWX UNDER DIFFERENT INSTRUCTIONS.

Direct Instruction

Intention Instruction

Task CogACT mwo ECoT |IntentionVLA CogACT mw9 ECoT IntentionVLA
Phone on hand 40 40 20 60 0 10 10 70
Gluestick on hand 40 10 30 30 20 10 30 40
Marker on hand 50 20 20 40 0 20 10 50
Phone on charger 40 50 20 90 10 40 20 30
Rag on hand 50 40 30 40 10 30 20 30
Pencil box on hand 30 20 10 30 0 10 10 50
Average Success Rate 41.7 30 21.7 48.3 6.7 20 16.7 45

Stage 1: Embodied Intention Reasoning and Spatial
Perception. In the first stage, training focuses exclusively
on the VLM backbone. The objective is to equip the VLM
with embodied intention reasoning and spatial perception
capability. Specifically, the model is trained to infer abstract
user intentions while simultaneously localizing key elements
of manipulation tasks, such as the end-effector and target
object positions within the visual scene. During this stage,
the model outputs either textual intention tokens or discrete
action tokens. The training objective of this stage is to
minimize:

Lex = Ep [H(z1.a, fom (0, 0))] 4)

where H(x1.1r, fY,, (04, £) is the cross entropy between the
input tokens z1.5; € D and predicted logits fflm(ot,é).
This learning objective allows the VLM to align multimodal
observations with appropriate reasoning outcomes. By the
end of this stage, the VLM acquires strong embodied rea-
soning skills that form the foundation for downstream action
generation.

Stage 2: Reasoning-guided Action Query Learning
and Query-Conditioned Generation. In the second stage,
we train the modules responsible for translating seman-
tic reasoning into executable actions: the learnable action
queries, the connector Transformer, and the DiT-based action
generator. DiT uses the output ¢ from connector as the
condition. Diffusion loss based on mean squared error (MSE)
is employed to supervise the denoising process.

Lpitt = Eag ke ||l€ — €(Ax, k, C)HQ} (&)

where Ay € I is action chunk in manipulation dataset, Ay
is the noisy action chunk, e ~ N(0, ) is the sampled noise.
Action queries learn to extract contextual information from
the compact reasoning. Importantly, the action queries are
produced by the VLM but detached from the computation
graph before being passed to the connector. This design pre-
vents gradients from flowing back into the VLM during this
stage, ensuring that the reasoning and perception capabilities
learned in Stage 1 remain intact.

IV. EXPERIMENT

We evaluate IntentionVLA and baseline models on in-
distribution (ID), out-of-distribution (OOD), and zero-shot

Novel objects

Fig. 5. Real-world experiment setting
human-robot interaction (HRI) tasks. ID tasks covers direct
and intention instructions, OOD tasks tests generalization
to unseen instructions and novel objects, both using a hand
model. Zero-shot HRI instead employs real human hands to
validate performance in real-world HRI scenarios. We argue
that intention instructions are quite challenging for these
baseline models, as training data for all 6 in-distribution tasks
share similar objects shown in Fig. 5. There are five objects
in each evaluation scene, and only two of them are implied
by the instruction, the others are all visual distractors. So
only one model correctly interprets the human intention and
grounding the corresponding targets can it complete the task.

IntentionVLA consistently achieves superior performance
across all evaluation settings, and qualitative results are
shown in Fig. 6.

A. Evaluation Metric and Experiment Setup

Evaluation Metric: We adopt task success rate as the
evaluation metric, measured over 10 trials for each task.
To rigorously assess HRI capability, target object poses
and placement poses are randomized. A trial is considered
successful only if the robot completes the full interaction
correctly. For example, in the Phone on hand task, the
robot must securely grasp the phone, reorient it, and stably
place it in a position that allows comfortable human grasp.
Any failure due to mis-grasp, slippage during execution, or
unstable placement is counted as unsuccessful.

Experimental Setup: We conduct evaluation in a realistic
office environment as shown in Fig. 5 (a). The robotic
platform is a WidowX-250s robotic arm equipped with a
Realsense D435i camera for visual perception. IntentionVLA
is trained with the proposed two-stage training recipe, rea-
soning baseline ECoT [18] is trained on the same data but
in embodied chain-of-thought format, whereas action-centirc
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baseline CogAct [7] and 7y [6] are supervised to directly
predict action chunk with diffusion or flow-matching loss.

B. Intention Reasoning in In-Distribution Tasks

We first compare IntentionVLA with strong baselines on
direct and intention instruction tasks. We evaluate 6 in-
distribution tasks in total, each task is conducted on direct
instructions for 10 trails and intention instructions for another
10 trails. Take the task Phone on charger as an example, the
direct instruction is “Put the phone on the charger” while the
intention instruction is “My phone is out of battery”.

The detailed result is provided in TABLE. I. Under di-
rect instructions, IntentionVLA achieves the highest average
success rate of 48.3%, outperforming the reasoning baseline
ECoT by 26.6% and the action baseline my by 18.3%. In
terms of intention instructions, where the model must infer
implicit user goals rather than follow explicit commands,
IntentionVLA maintains robust performance and gets 45%
average success rate, while baselines drop sharply, all lower
than 20%. Although all baselines were trained with intention
instruction data, their training paradigms emphasize either
direct instruction-action mapping (CogACT, ) or long em-
bodied reasoning chains (ECoT), both of which fail to cap-
ture implicit intention reasoning. Notably, CogACT achieves
only 6.7% on average, hardly handling intention-driven tasks,
and is thus excluded from subsequent evaluations.

C. Generalization to OOD setting and Real-World HRI

To rigorously evaluate IntentionVLA’s robustness and
generalization, we design three progressively challenging
evaluation settings that push the model to its operational
limits.

denotes human-robot interaction task.

TABLE I
PERFORMANCE ON NOVEL OBJECTS MANIPULATION TASK.

Model Marker in pencil box Rag on plate  Gluestick in storage box
) 0 20 0

ECoT 0 20 10
IntentionVLA 20 30 10

TABLE III
PERFORMANCE ON HRI TASK

Model Phone on real hand  Phone on moving hand  Average inference time
0 0 0 0.08

ECoT 20 0 3.41
IntentionVLA 40 30 0.72

Unseen instructions.

In this setting, we still evaluate on the same 6 in dis-
tribution tasks. However, for each task, we evaluate the
model using 5 intention instructions that were not present
in the training data. Each unseen instruction is tested with
2 rollouts, resulting in a total of 10 rollouts per task. This
setting imposes higher demands on the VLA’s capacity

Unseen Instruction

mr, MECOT MintentionVLA

0
0

Phone on
hand

8

Phone on
charger

Marker on
hand

Gluestick on
hand

Rag on hand Pencil box on
hand

Average
Success Rate

Fig. 7. Performance on unseen instructions.
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TABLE IV
PERFORMANCE COMPARISON ON MULTIMODAL UNDERSTANDING AND VQA BENCHMARKS. * INDICATES MULTIMODAL LARGE LANGUAGE MODELS,

AND THE REST ARE VISION-LANGUAGE-ACTION (VLA) MODELS.

Method Params Multimodal Understanding Benchmarks VQA Benchmarks
MMMU [25] MMStar [26] MME [27] HallBench [28] | AI2D [29] RealWorldQA [30]
LLaVA* [1] 7B 27.1 34.1 1075.5 21.6 48.3 45.8
OpenVLA [5] 7B 0.0 0.0 0.0 0.0 0.0 0.0
ECoT [18] 7B 16.2 19.1 0.0 3.1 0.0 29.8
IntentionVLA (Ours) 7B 28.4 28.9 1659.8 51.6 32.9 36.9
TABLE V
ABLATIONS ON PRETRAINING DATA

Task Full data  w/o intention reason  w/o spatial reason w/o compact reasoning

Phone on hand 70 30 30 40

Gluestick on hand 40 30 30 10

Marker on hand 50 20 30 30

Phone on charger 30 30 30 30

Rag on hand 30 40 40 30

Pencil box on hand 50 20 30 30

Average Success Rate 45 28.3 31.7 28.3

for intention inference. As illustrated by the bar chart in
Fig. 7, IntentionVLA consistently outperforms all baselines
across nearly all tasks, reaching an average success rate
of 30%. ECoT, despite introducing reasoning before action,
attains only 13.3% sucees rate on average, less than half
of IntentionVLA. Performance degrades even further for 7,
which completely fails on three tasks (Phone on hand, Phone
on charger, and Pencil box on hand) and yields only 8.3%
success overall, it can barely execute right action under
unseen intention instructions. These results demonstrates
that our reasoning data covering intention inference, spatial
grounding, and compact embodied reasoning, collaboratively
provides richer supervision than ECoT’s longer but less
effective reasoning chains, enabling superior generalization
to unseen intention formulations.

Novel object manipulation. This setting further increases
the difficulty beyond the unseen instruction setting. We
design 3 new tasks in which the model is not only presented
with unseen intention instructions, but also needs to interact
with previously unseen objects during task execution. This
requires the model to align the implicit task goals embedded
in the novel instructions with the functional affordances
of unfamiliar objects, which places extreme demands on
the model’s generalizable reasoning, perceptual grounding,
and reasoning-following manipulation capabilities. The three
novel objects (big pencil box, grey plate, transparent storage
box) are shown in Fig. 5 (b), and the corresponding task in-
structions are: “Make sure the writing instrument is properly
stored in its case.” “I need to clean the dish.” “Return the
adhesive tool to its storage box.”

The result is provided in TABLE. II. Even under such
difficult setting, IntentionVLA also generalizes effectively to
all novel objects, including visually challenging transparent
ones. IntentionVLA is the only model that can complete task
Marker in pencil box. It consistently outperforms both 7
and ECoT, which often collapse to 0% success due to their
limited perception-reasoning integration.

Zero-shot HRI. Finally, we conduct human-in-the-loop

evaluations to thoroughly assess the model’s real-time re-
sponsiveness. We adopt the ID task ‘“Phone on hand” as
the base scenario, providing the instruction: “I want to call
my friend.” In the Phone on real hand condition, the human
evaluator’s hand remains stationary throughout the trial. In
contrast, in the Phone on moving hand, the human hand
performs one random movement during the robot’s rollout,
explicitly testing the model’s capacity for real-time adapta-
tion and dynamic response to unexpected human motion.
The result is provided in TABLE. III. 7 fails completely,
always grasping incorrect objects, while ECoT suffers from
severe inference latency (over 5 times slower than Intention-
VLA), making it infeasible to respond to dynamic human
motion. Thanks to the efficient compact reasoning mecha-
nism, IntentionVLA achieves 40% and 30% success rates on
Phone on real hand and Phone on moving hand, respectively.
These results demonstrate that IntentionVLA enables robust,
intention-aware, and real-time HRI in dynamic scenarios.

D. Results on Multimodal Understanding

The above experiments demonstrate the strong perception
and intention reasoning capabilities of IntentionVLA in real-
world settings. To further assess its general multimodal
perception and understanding ability, we evaluate the model
using VLMEvalKit [31] on diverse multimodal understand-
ing and VQA benchmarks. As shown in TABLE. IV, In-
tentionVLA consistently surpasses all VLA baselines, ben-
efiting from the diversity of our reasoning data and the
effectiveness of the two-stage training paradigm. Notably,
IntentionVLA outperforms the strong MLLM LLaVA [1] on
three benchmark, including MMMU [25], MME [27], and
even achieving 51.6% accuracy on HallBench [28]. This
highlights IntentionVLA’s low hallucination property and
its suitability for accurate and safe real-time interaction in
realistic scenarios.

E. Ablation Studies

We attribute IntentionVLA'’s strong intention understand-
ing and precise execution to two key factors: pretraining
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TABLE VI
ABLATIONS ON FINETUNING STRATEGY.

Task VLM & action expert  Only action expert
Phone on hand 40 70
Gluestick on hand 20 40
Marker on hand 70 50
Phone on charger 50 30
Rag on hand 40 30
Pencil box on hand 30 50

Average Success Rate

on effective reasoning data and finetuning with compact
reasoning as efficient guidance. To validate this, we conduct
ablations on both components.

Effects of pretraining data. As shown in TABLE. V,
removing intention reasoning or spatial reasoning reduces
success rates by 16.7% and 13.3% respectively, highlighting
their roles in human intention inference and intention—action
grounding. Most critically, incorporating compact reasoning
boosts performance from 28.3% to 45% (a 59% relative
gain), confirming it as an effective bridge between high-level
reasoning and low-level control.

Ablations on finetuning strategy. We further compare
whether to jointly optimize the VLM and action expert
or to finetune only the action expert with frozen VLM.
The result is provided in TABLE. VI. While both yield
similar average success rates, the latter one produces more
stable rotations and smoother trajectories. Hence, Only action
expert is adopted as the default strategy, and all reported
results of IntentionVLA follow this setting.

V. CONCLUSIONS

We present IntentionVLA, which advances VLA training
with a novel intention reasoning-driven paradigm and an
efficient compact reasoning mechanism. By pretraining on
diverse reasoning data and transferring these capabilities to
action finetuning, the model acquires generalizable intention
understanding. During inference, compact reasoning enables
precise action guidance while ensuring real-time efficiency.
Extensive experiments confirm IntentionVLA’s superior gen-
eralization to unseen instructions and novel objects, as well
as responsive human-robot interaction, highlighting the ef-
fectiveness of our training strategy and reasoning design.
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