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Figure 1. The motivation. (a) Vision-language-action models are generally driven by large-scale pre-training; however, their scaling is
hindered by the scarcity of real-world robot demonstrations. (b) Simulated robot and human videos provide a promising alternative, as
they offer not only robot action priors but also real-world behavior knowledge derived from human daily activities. (c) We propose human-
robot mutual imitation to pre-train on simulation and human data. (d) This achieves MiVLA, a generalizable model with state-of-the-art
manipulation performance on both simulation and real robot platforms.

Abstract

While leveraging abundant human videos and simulated
robot data poses a scalable solution to the scarcity of
real-world robot data, the generalization capability of ex-
isting vision-language-action models (VLAs) remains lim-
ited by mismatches in camera views, visual appearance,

*Corresponding author.

and embodiment morphologies. To overcome this limita-
tion, we propose MiVLA, a generalizable VLA empowered
by human-robot mutual imitation pre-training, which lever-
ages inherent behavioral similarity between human hands
and robotic arms to build a foundation of strong behavioral
priors for both human actions and robotic control. Specif-
ically, our method utilizes kinematic rules with left/right
hand coordinate systems for bidirectional alignment be-
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tween human and robot action spaces. Given human or
simulated robot demonstrations, MiVLA is trained to fore-
cast behavior trajectories for one embodiment, and imi-
tate behaviors for another one unseen in the demonstra-
tion. Based on this mutual imitation, it integrates the be-
havioral fidelity of real-world human data with the manipu-
lative diversity of simulated robot data into a unified model,
thereby enhancing the generalization capability for down-
stream tasks. Extensive experiments conducted on both sim-
ulation and real-world platforms with three robots (ARX,
PiPer and LocoMan), demonstrate that MiVLA achieves
strong improved generalization capability, outperforming
state-of-the-art VLAs (e.g., π0, π0.5 and H-RDT) by 25%
in simulation, and 14% in real-world robot control tasks.

1. Introduction
With the advances in general-purpose foundation mod-
els [1, 7, 22, 28, 31], recent years have witnessed remark-
able progress in robot learning, which emerges numerous
vision-language-action models (VLAs) for generalist robot
policy [3, 4, 12, 16, 27, 29, 32, 35]. By training on real-
world robot demonstration using imitation/reinforcement
learning [3, 8, 18], VLAs successfully establish diverse
multi-modal mappings from robot observations with hu-
man instructions to robot actions. Despite impressive suc-
cess, training VLAs to master manipulative skills for flexi-
ble robot control in real-world scenarios remains challeng-
ing. This is primarily due to the scarcity of real-world robot
data, which manifests in two dimensions: not only the pro-
hibitive cost and time required to collect data at internet
scale, but also the inherent difficulty in encompassing the
diversity of open-world environments that we expect robots
operate in. Consequently, the generalization capability and
versatility of existing VLAs are significantly constrained.

To overcome the scarcity of real-world robot data, many
efforts have been made to seek alternatives such as simu-
lated robot data [6, 15, 19, 20] and human videos [5, 10,
11, 13], as it is demonstrated that the former offers behav-
ior priors for robot control while the latter provides exten-
sive coverage of real-world tasks and scenes. However, it
poses a critical barrier to the effective transfer of those pri-
ors to real-world robot manipulation, since simulated robot
data suffers from typical Sim2Real gap and human data is
challenged by morphological discrepancies. This motivates
us to rethink significant questions that are less studied: Can
the complementary priors from simulated data and human
data be effectively unified within a single model to create
a generalizable VLA without real-world robot data? If so,
what is the path to its realization?

In this work, we seek to answer questions by propos-
ing MiVLA, a vision-language-action model empowered by
human-robot mutual imitation pre-training, which leverages

simulated robot data and human data to acquire strong be-
havior priors for real-world control. Rather than directly
learning multi-modal mappings from vision and language
contexts to robot action space, MiVLA first generates cross-
embodiment actions, transforming precise actions from one
embodiment into virtual proxy actions for another. De-
spite potential limitations in dynamics-sensitive or non-
humanoid scenarios, this mechanism is highly effective for
human-like morphologies with alignable kinematic topolo-
gies.Specifically, we utilize kinematic rules with left/right
hand coordinate systems for bidirectional alignment be-
tween human and robot action spaces. In this way, the
difference between human and robot action spaces can be
approximated via bidirectional geometric transforms, and
each demonstration can be equipped with complementary
actions across multiple embodiments. Given human or sim-
ulated robot demonstrations with complementary actions,
we pre-train a VLA to forecast behavior trajectories for one
embodiment, and imitate behaviors for another one unseen
in the demonstration.Through mutual imitation, MiVLA in-
tegrates human behavioral fidelity with simulated manipu-
lative diversity, significantly enhancing downstream gener-
alization. In summary, the key contributions of this paper
are threefold:
• We propose a generalizable robot model termed MiVLA,

which is empowered by novel mutual imitation pre-
training. It incorporates not only real-world behavioral
priors in human data but also manipulative diversity in
simulated robot data into a unified model.

• We introduce a method of bidirectional human-robot
action space conversion by adopting kinematic rules
with left/right hand coordinate alignment mechanism for
cross-embodiment learning.

• We conduct extensive experiments on both simulation
environment and real robot platforms with three em-
bodiments (PiPer, ARX, LocoMan), demonstrating mu-
tual imitation using simulated robot and human data sig-
nificantly improves generalization capability of VLA.
Specifically, proposed MiVLA surpasses existing VLAs
across multiple settings, improving manipulation success
rate in simulation tasks by 25%, and real robot control
tasks by 14%.

2. Related Work
Vision-Language-Action Models (VLAs). Developing a
generalist robot model remains a long-standing goal in
robotics. It requires not only a deep understanding of the
scene but also mastering flexible robot control for interac-
tion with the physical world [9, 25]. Inspired by tremendous
progress in large vision-language models (VLMs) [1, 7, 26],
recent works [3, 4, 29, 30, 32] have attempted to integrate
them into robot control systems, deriving numerous foun-
dational robot policies, i.e., vision-language-action mod-
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Figure 2. The overview of the proposed MiVLA. A general human-robot action mapping mechanism is introduced to bridge the gap
between human-robot action space. Given simulated robot demonstrations, a VLA model is trained to predict robot action and learn to
imitate robot behavior at human action space. For human demonstrations, we train the same policy using human-to-robot imitation.

els. By pre-training on robot demonstrations, VLAs learn
to establish multi-modal mappings from robot observations
(e.g., camera views, instructions and proprioception) to
robot actions. Early works such as OpenVLA [12] and
RT-2 [35] adopt transformer-based architectures to predict
discrete action tokens in an autoregressive manner. Re-
cent efforts like Π0 [3], DexVLA [29] and H-RDT [2]
turn to diffusion-based action prediction, since discrete ac-
tion tokenization brings a limitation in continuous robot
control. However, achieving high-performance VLAs re-
lies on large-scale demonstrations with right pre-training
recipes [4]. Although impressive, existing VLAs remain
less generalizable and lack robustness, as they suffer from
scarcity of real-world robot demonstration. In a different
line, this work explores an alternative way for generaliz-
able VLAs by leveraging abundant simulated robot data and
real-world human videos.

Human-Robot Knowledge Transfer. To overcome the
scarcity of real-world robot data, recent efforts turn to
leverage robot simulation [15, 20] or egocentric human
videos [2, 11, 30]. By scaling up diverse manipulation tasks
in simulation, RoboTwin series [6, 20] have demonstrated
improved generalization of VLAs for real-world robot con-
trol. Furthermore, easy-collected human videos, which
can be viewed as a large-scale source of behavior priors,
have been widely used to improve robot visual encoder for
embodied vision [34], provide scalable source of supervi-
sion for VLA pre-training [2, 30], and learning dexterous
manipulation in post-training [17, 21]. However, directly
pre-training VLAs on simulation data or human data, suf-

fers from Sim2Real gap and large discrepancies in action
spaces. In contrast, we introduce human-robot mutual im-
itation pre-training with bidirectional action space conver-
sion, successfully integrating robot behavior priors in sim-
ulation data and real-world human action knowledge into
a unified model. Most importantly, our work demonstrates
that it is possible to achieve a generalizable VLA without
real-world robot data when a properly designed pre-training
recipe is used.

3. Proposed Approach
This section details MiVLA, which unifies simulation-
based behavioral priors with real-world human action
knowledge.Unlike traditional domain adaptation that seeks
invariant latent spaces, MiVLA innovates by applying mu-
tual imitation constraints, establishing a dual-path objective
that ensures the learning of transferable behavioral priors.
It begins with the problem formulation, followed by details
of model architecture. Then, we present the procedure of
proposed mutual imitation.

3.1. Problem Formulation
Formally, simulated robot demonstrations are denoted as
Dr = {lr, vr, ar}, where lr denotes language instruc-
tion, vr represents a sequence of robot views, and ar de-
notes corresponding robot actions. We further denote hu-
man demonstrations as Dh = {lh, vh, ah}, consisting of
language descriptions lh, a sequence of human visual ob-
servations vh and human actions ah across T time steps.
In general, VLAs are pre-trained on {Dr, Dh} for learn-
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ing multi-modal mappings from current robot observations
Ot

r = {ltr, vtr, str} or human observations Ot
h = {lth, vth, sth}

to next actions {Ar, Ah}:

Pθ(Ar | Ot
r), Pθ(Ah | Ot

h) (1)

where Pθ(·) is the robot policy with learnable parameters
θ. str represents proprioception of a robot at t-th time step
while sth is the counterpart for humans. Ar = {ar}t+H

t

denotes a chunk of H robot actions, and Ah = {ah}t+H
t

denotes the human action trajectory.
To achieve a general-purpose robot policy, a vision-

language-action model should satisfy three criteria: archi-
tectural scalability, action diversity, and generalization. The
scalability indicates an ability to encode multi-modal ob-
servations. Action diversity means versatility of the model,
making it suitable for various behaviors across heteroge-
neous embodiments. Generalization ensures a model robust
enough to unseen conditions. Next, we present details of
proposed model that embody these three attributes, collec-
tively referred as MiVLA.

3.2. Model Architecture
As illustrated in Fig. 2, we build MiVLA upon multi-modal
tokenizers and diffusion-based action decoder.
Observation tokenizers. To tokenize vision and language
inputs, we adopt DINOv2 [22] and Siglip [31] as the vi-
sion tokenizers, and use T5 [23] as the language tokenizer.
Specifically, each image frame is tokenized at a resolution
of 224 × 224, resulting in 392 visual tokens in total. Fur-
thermore, we adopt two MLPs to project vision and lan-
guage tokens into a common embedding space with same
dimension. To tokenize proprioceptive states, we follow the
design choice of existing works[3, 16] and directly use three
MLPs to encode them into a fixed set of vectors.
Action space. To leverage complementary real-world be-
havioral knowledge from both simulated robot data and
human videos, we build a unified action space upon
embodiment-specific action space such as human joints and
robot joints, and common action space like end-effector
pose. The specification of this unified action space is listed
below:
• Human joints ajoint

h with 48 dimensions: bilateral thumb
knuckle poses (3D position and 6D orientation for each
hand, 18 dimensions in total) and fingertip positions (3D
position for all fingers, 30 dimensions in total)

• Robot joints ajoint
r with 14 dimensions: 6 joints with 1

gripper for each robotic arm.
• End-effector with 14 dimensions: 3D position, 4D quater-

nion for each embodiment.
Action decoder. To enable continuous robot control,
MiVLA uses a diffusion transformer as the action de-
coder, where each computational block is built upon self-
attention/cross-attention mechanism. Based on this archi-
tecture, the action generation can be regarded as an iterative

denoising procedure using flow-matching [14]: first, a noisy
action chunk with a size of H is encoded into a vector using
MLPs; then, the diffusion transformer takes as input noised
actions while observation tokens (i.e., vision tokens, lan-
guage tokens and proprioceptive state tokens) are adopted
as conditions. Finally, it estimates noises which are added
to actions and recovers pure actions thereby.

3.3. Human-Robot Mutual Imitation

In this work, we aim to learn general-purpose robot con-
trol policies from easily collected simulated robot data with
human videos. To achieve this, we first bridge the gap be-
tween human-robot action spaces, and then leverage abun-
dant simulated robot and human data to learn general be-
havioral priors within a unified model.

3.3.1. Human-Robot Action Mapping

To enhance the transferability of action data across differ-
ent embodiments, we establish a general conversion mech-
anism for human-robot motion mappings. Specifically, the
thumb knuckle pose in human action space and end-effector
pose of robot are selected as the reference points. The rest
of joints can be inferred from reference points via inverse
kinematic or anatomical priors. Formally, we denote hu-
man thumb knuckle as {al-thumb

h ,ar-thumb
h }, and robot EEF

pose as {al-eef
m ,ar-eef

m }. In the following, we present the de-
tails of human-robot action mappings.

Human-to-Robot Action Mapping. Given initial robot
EEF pose, termed as {al-eef

m,0,a
r-eef
m,0}, the target pose at time

step t can be obtained by transforming relative variation of
human thumb knuckle pose:

al-eef
r,t = al-eef

r,0 +Rh(al-thumb
h,t − al-thumb

h,0 )

ar-eef
r,t = ar-eef

r,0 +Rh(ar-thumb
h,t − ar-thumb

h,0 )

al-joint
r,t = fIK(al-eef

r,t )

ar-joint
r,t = fIK(ar-eef

r,t )

(2)

where Rh is a rotation transformation matrix that converts
the coordinate system of human actions into that of the
robot. fIK(·) indicates an optimization-based inverse kine-
matics (IK) solver, which is implemented by PyBullet li-
brary1. The robot gripper state gr ∈ [0, 1] is obtained by
linearly scaling the human thumb-index distance dh within
a 14 cm anatomical range.

Robot-to-Human Action Mapping. To map robot action
to human action, we adopt the robot EEF pose as the thumb
knuckle pose. Furthermore, the human joints at time step t

1https://pybullet.org
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are calculated:
al-thumb
h,t = Rm(al-eef

h,t )

ar-thumb
h,t = Rm(ar-eef

h,t )

al-joint
h,t = al-thumb

h,t + fd(a
l-thumb
h,t )

ar-joint
h,t = ar-thumb

h,t + fd(a
r-thumb
h,t )

(3)

where Rm is a rotation transformation matrix that con-
verts the coordinate system of robot actions into that of
the human. fd(·) indicates an estimation function based on
anatomical priors [24]. dh is synthesized by scaling gr back
to the 14 cm limit.

Using the human-robot action conversion mechanism,
we can produce complementary action data, whether from
either human videos or robot demonstrations.

3.3.2. Pre-training Objectives
Instead of learning multi-modal mappings from observa-
tions to embodiment-specific actions, we propose to learn
cross-embodiment actions prediction from the observation
of single embodiment:

Pθ(Ar, Âh | Ot
r), Pθ(Ah, Âr | Ot

h) (4)

where Âh is the predicted human actions from robot obser-
vations, and Âr represents predicted robot actions derived
from human observations. Given robot demonstrations, the
learning objective is to minimize square errors ℓr for learn-
ing robot action prediction and robot-to-human action imi-
tation:

ℓr2h = ∥Ar −A∗
r∥2 + ∥Âh − Â∗

h∥2 (5)

where A∗
r is the labeled trajectories in robot demonstrations

Dr, and Â∗
h is the generated human actions which are pro-

duced by imitating robot demonstrations. Similarly, we uti-
lize the ℓ2 loss to learn human action generation and human-
to-robot imitation by using human demonstrations:

ℓh2r = ∥Ah −A∗
h∥2 + ∥Âr − Â∗

r∥2 (6)

where A∗
h is the labeled actions in human demonstrations

Dh, and Â∗
r represents synthesized robot actions derived

from the reverse imitation of human actions.
Given a batch of demonstrations, the overall pre-training

objective combines the robot-to-human and human-to-robot
losses:

L = ℓr2h + ℓh2r (7)

4. Experiment
In this section, we seek to answer the following questions
through comprehensive experiments: 1) How does the pro-
posed MiVLA perform compared to existing VLAs across
multiple benchmarks and embodiments ? 2) How do the de-
sign choices in MiVLA contribute to robot learning perfor-
mance ? 3) To what extent does mutual imitation enhance
the generalization capability of VLAs ?

Move bottle onto pad

Tidy up umbrella rack

Gathering scattered objects

Reach and pick Move to pad Put and release Reset

Pick up first one Move and adjust Settle the other Put together

Grasp left object Move and place Grasp right one Move and place

Figure 3. The overview of three designed tasks across three differ-
ent robots. Red arrows indicate robot actions.

Next, we first present experimental setup. Then, we
demonstrate the merit of MiVLA through a comprehen-
sive comparison with state-of-the-art on both simulation
and real-robot tasks. Finally, we conduct ablation studies
to illustrate major properties of proposed MiVLA.

4.1. Experimental Setup
We conduct comprehensive evaluations across both simula-
tion and real-robot platforms:

1) Simulation setup We adopt RoboTwin-2.0 bench-
mark [6] with 50 dual-arm collaborative manipulation tasks
for evaluation in simulation environment. It uses easy
and hard modes to investigate generalization and robust-
ness of VLAs, where the former offers clean environment
and the latter further incorporates domain randomization
with background changes and distracted objects. Following
commonly-used protocol [2, 6], 2500 demonstrations (50
for each task) are selected for training. For fair evaluation,
we adopt multi-task testing and apply VLAs to selected 20
representative tasks across three hardness levels, including
12 tasks at hard level, 4 at middle level and 4 at easy level.

2) Real-robot setup We conduct real-world robot ma-
nipulation tasks using three embodiments: unimanual
AgileX PiPER, unimanual ARX-5 and bimanual Loco-
Man [21],configured as a stationary 12-DoF dual-arm sys-
tem in our experiments by fixing its base. To ensure di-
versity of robot behaviors in real-world scenario and in-
vestigate cross-embodiment generalization, we design three
robot control tasks:
• Move bottle onto pad: The robot must pick up a bottle

from a random initial position, move it upon a pad, and
place it precisely at a specified location. This task is per-
formed using unimanual AgileX PiPER.

• Tidy up umbrella rack: The robot’s task is to tidy up a
set of disordered umbrellas on a rack into a goal config-
uration. This is achieved by sequentially picking up each
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Tasks
ACT π0 π0.5 H-RDT MiVLA

Easy Hard Easy Hard Easy Hard Easy Hard Easy Hard

Blocks Ranking Size 0% 0% 0% 1% 3% 17% 3% 3% 21% 34%
Handover Block 0% 1% 1% 2% 12% 22% 3% 3% 66% 42%
Hanging Mug 0% 0% 5% 3% 6% 14% 5% 5% 19% 25%
Move Can Pot 0% 0% 21% 18% 42% 50% 48% 34% 74% 68%
Move Stapler Pad 0% 0% 2% 5% 13% 26% 4% 8% 30% 33%
Move Playingcard Away 2% 0% 30% 42% 33% 84% 20% 49% 76% 79%

Place A2B Left 1% 0% 4% 4% 15% 49% 16% 25% 51% 55%
Place Object Basket 0% 1% 29% 40% 22% 57% 7% 40% 71% 74%
Stack Blocks Two 0% 1% 17% 18% 33% 68% 2% 2% 23% 7%

Stack Bowls Three 0% 0% 22% 28% 54% 62% 46% 60% 79% 70%
Put Bottles Dustbin 0% 0% 7% 1% 13% 8% 9% 2% 47% 33%
Put Object Cabinet 0% 0% 0% 0% 0% 1% 0% 0% 68% 48%
Press Stapler 22% 21% 67% 60% 70% 71% 57% 65% 78% 85%
Open Microwave 7% 1% 7% 12% 64% 66% 74% 64% 76% 79%
Open Laptop 6% 3% 33% 35% 80% 96% 60% 78% 98% 99%
Dump Bin Bigbin 5% 16% 33% 49% 54% 82% 95% 81% 98% 99%
Handover Mic 10% 10% 16% 37% 45% 89% 71% 94% 98% 99%
Grab Roller 33% 60% 60% 73% 63% 99% 69% 80% 100% 100%
Click Bell 51% 22% 62% 55% 20% 28% 75% 83% 100% 99%
Click Alarmclock 36% 22% 53% 50% 57% 62% 61% 74% 100% 100%
Average (20 tasks) 9% 8% 23% 25% 35% 53% 36% 43% 69% 66%

Table 1. Quantitative comparison with state-of-the-art robot policies across 20 simulated robot control tasks, with reported success rates
on two evaluation modes.

Task

(embodiment)

ACT π0 π0.5 H-RDT MiVLA

SR C T SR C T SR C T SR C T SR C T

Move bottle onto pad

(PiPer)
0% 0% - 20% 37% 66.2 66% 77% 56.2 36% 47% 37.0 54% 71% 37.2

Tidy up umbrella rack

(ARX)
0% 0% - 60% 70% 70.9 75% 85% 64.1 45% 55% 60.9 60% 70% 49.7

Gathering scattered objects

(LocoMan)
0% 0% - 50% 60% 26.0 20% 30% 43 0% 0% - 50% 66% 42.0

Average (3 tasks) 0% 0% - 43.0% 56% 54.4 54% 64% 54.4 27% 34% 49.0 55% 69% 43.0

Table 2. Quantitative comparison with state-of-the-art robot policies across 3 real robot control tasks using 3 heterogeneous embodiments.
The performance is evaluated using success rate (SR), completeness (C), and time cost (T), all of which are reported for each method.

umbrella, rotating it to face the rack, and placing it back
in a neat, left-to-right order. We adopt unimanual ARX-5
to conduct this task.

• Gathering scattered objects: A robot must use bimanual
manipulation to gather objects. This long-horizon task
entails sequentially collecting and arranging them from
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largest to smallest. It is broken down into two substeps:
first, pick up the large object and place it on the pad; then,
pick up the small one and place it inside the large object.
We conduct this task via bimanual LocoMan.

As illustrated in Fig. 3, these tasks are designed to evaluate
not only the robot’s ability to interact with external objects
but also the capabilities for long-horizon collaborative con-
trol. For each task, we collect 30 demonstrations for post-
training. During testing, we use three key metrics for com-
prehensive understanding of VLAs: (1) Success Rate (SR),
the proportion of rollouts in which the task is successfully
completed. (2) Completeness (C), the proportion of rollouts
in which the sub-task is completed. (3) Time (T), the aver-
age number of seconds taken by the robot to complete a full
task.

3) Training details Proposed MiVLA is pre-trained on
4 A100 GPUs. We employ the AdamW optimizer with a
batch size of 32 per GPU. The initial learning rate is set
to 1e-4 with a weight decay of 0.01, and a constant learn-
ing rate scheduler with a warmup phase is used. During
the fine-tuning phase, we use 2 A100 GPUs with a per-
GPU batch size of 16. All optimizer parameters (e.g., learn-
ing rate, weight decay) remain consistent with that in pre-
training stage.

4) Baselines We evaluate MiVLA against five state-of-
the-art baselines: ACT [33], an action trunk transformer is
trained from scratch for each task. π0 [3], a state-of-the-
art VLA is pre-trained on large-scale real-robot videos with
over 10,000 hours episodes. π0.5 [4], a recent improved ver-
sion of π0 which is further pre-trained on open-world tasks
in a variety of real homes. H-RDT [2], a diffusion trans-
former pre-trained on EgoDex [11] for continuous robot
control. We use the open-sourced weights for baseline mod-
els and fine-tune them on the same datasets with same train-
ing configuration, ensuring the fairness in evaluation.

4.2. Main Results
RoboTwin-2.0 As indicated in Table 1, MiVLA achieves
significant performance improvements over existing main-
stream methods within both easy and hard modes. It
achieves an average success rate of 69% under easy mode
and 66% within hard mode, outperforming ACT (9%, 8%),
π0 (23%, 25%), π0.5 (35%, 53%), H-RDT (36%, 43%).
This strong performance especially within hard mode indi-
cates that MiVLA exhibits superior manipulation capabili-
ties robust to environment changes.
Real-robot manipulation Table 2 lists real-world robot
control performance for each method using three key met-
rics. It is found that proposed MiVLA achieves an average
full-task success rate of 55%, and sub-task success rate of
69% , which are better than or competitive to existing meth-
ods across three robot platforms. Specifically, π0.5 achieves
the best performance across two unimanual tasks while fail-

Settings RobotWin2.0 Piper ARX LocoMan

From scratch 37% 0% 25% 0%
human pre-train 43% 36% 60% 0%
ℓh2r 46% 30% 49% 20%
ℓh2r+ℓr2h 66% 54% 60% 50%

Table 3. Investigating the effect of major components of MiVLA,
including two simulation objectives.

ing to perform bimanual task using LocoMan. In contrast,
proposed MiVLA achieves the competitive results on two
unimanual tasks, but performs best on bimanual task with
composite embodiment. We conjecture there are two rea-
sons behind this: 1) VLAs such as π0 [3] and π0.5 [4]
are pre-trained on large-scale real robot data (over 10,000
hours) including PiPer and ARX, thereby exhibiting strong
capability for adapting to unimanual tasks. 2) The LocoMan
consists of quadrupedal robot and lightweight dual robotic
arms, which is a unseen composite embodiment for pre-
trained models. Despite difference, the MiVLA achieves an
improved average success rates with mixed data at medium
scale (around 900 hours, far less than that used for π series).
This demonstrates that pre-training on simulated robot and
human data with a proper training recipe can attain supe-
rior generalization capabilities comparable to that of VLAs
pre-trained on real robot data.

4.3. Ablation Study
The effect of pre-training choice. Mutual imitation is
the core of MiVLA, which involves two learning objec-
tives, i.e., human-to-robot action imitation loss ℓh2r and
robot-to-human action imitation loss ℓr2h. We conduct a
component-wise analysis by progressively using each learn-
ing objective for pre-training. Here, we adopt two baseline
methods for investigation: 1) from scratch, the VLA model
is directly trained on real robot control tasks; 2) human
pre-train, where VLA model is pre-trained to learn human
behaviors only without cross-embodiment imitation learn-
ing. As reported in Table 3, directly training downstream
real robot control tasks without pre-training performs worst,
while pre-training on human data only brings limited per-
formance. As progressively incorporates proposed cross-
embodiment imitation learning objectives, the downstream
performance of a VLA improves thereby. This illustrates
that mutual imitation is particularly beneficial for unlocking
model’s potential to learn general-purpose action knowl-
edge from both simulated robot data and real-world human
data.
Few-shot adaptation. We further perform few-shot adap-
tation to investigate the impact of each pre-training setting.
As shown in Table 4, proposed mutual imitation is partic-
ularly beneficial for few-shot adaptation, where around 20
demonstrations are enough to adapt new tasks.
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Figure 4. Qualitative investigation of generalization within three settings: cross-location generalization, cross-object generalization and
cross-scene generalization.

Settings
Move bottle onto pad Tidy up umbrella rack
10 20 30 5 10 20

From scratch 0% 0% 0% 10% 10% 25%
Human pre-train 0% 14% 36% 5% 40% 45%
ℓh2r 12% 26% 30% 35% 50% 50%
ℓh2r+ℓr2h 6% 36% 56% 25% 60% 55%

Table 4. Investigating impact of pre-training in few-shot adapta-
tion.

Settings
From scratch

(Full)
MiVLA-H2R

(Full)
MiVLA
(10 shot)

MiVLA
(20 shot)

MiVLA
(Full)

Seen 0% 40% 10% 60% 75%
Unseen locations 0% 33% 8% 33% 50%
Unseen objects 0% 20% 0% 10% 30%
Unseen scenes 0% 13% 0% 13% 38%
Average 0% 30% 6% 36% 54%

Table 5. Investigating impact of pre-training in generalization en-
hancement.

Generalization capabilities. In this part, we seek to answer
the question: to what extent does mutual imitation enhance
generalization capabilities. As illustrated in Fig. 4 and Ta-
ble 5, we design three settings to investigate cross-location,
cross-object, and cross-scene generalization for each pre-
trained model. From the visualization results, three find-
ings can be summarized: 1) Pre-training VLA with human-
robot mutual imitation enhances cross-location generaliza-
tion, since human videos provide abundant behavior priors.

2) The benefits of mutual imitation in few-shot adaption
manifest in two dimensions: cross-location and cross ob-
ject generalization. 3) By using near 30 demonstrations,
the MiVLA exhibits a good generalization capability among
cross-location, cross-object and cross-scenes settings.

5. Conclusion

In this paper, we introduce MiVLA, a novel vision-
language-action model empowered by mutual imitation
learning. Specifically, we propose to learn generalizable
VLA model by leveraging simulated robot data and human
videos, since the former offers behavior priors for robot
control while the latter provides extensive coverage of real-
world tasks and scenes. Based on this mutual imitation, it
integrates the behavioral fidelity of real-world human data
with the manipulative diversity of simulated robot data into
a unified model, thereby enhancing the generalization ca-
pability for downstream tasks. Extensive experiments con-
ducted on both simulation and real-world platforms with
three robots (ARX, PiPer and LocoMan), demonstrate that
MiVLA achieves strong improved generalization capability,
outperforming state-of-the-art VLAs. More importantly,
this study demonstrates a more accessible and cost-effective
approach to developing generalizable VLAs without access
to real robot data, proving a scalable direction for develop-
ing generalizable VLAs.
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