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I. INTRODUCTION

Robots are autonomous mechanical systems designed to
assist humans with complex tasks. In many scenarios, effective
human-robot collaboration is essential, whether through physi-
cal assistance or more nuanced forms of interaction. However,
building robots that can collaborate naturally and intuitively
with humans remains a significant challenge. Directly training
control policies on specific tasks often leads to overfitting and
fails to capture high-level task semantics or human intent.

Large language models (LLMs) have recently demonstrated
impressive capabilities in reasoning, generalization, and mul-
timodal understanding, making them promising candidates for
enabling more flexible robotic behaviors. Yet, directly applying
LLMs to real-world collaborative robotics remains impractical
for two key reasons: (1) LLMs lack the mechanisms to bridge
the gap between abstract reasoning and low-level control, and
(2) they rely heavily on explicit language prompting, which
introduces latency and inefficiency in real-time interactions.

To enable smoother and more intuitive collaboration, we
envision a policy that minimizes the need for language-
based prompting and instead infers human intent directly
from motion cues — enabling a robot to act through tacit
understanding.

In this project, we propose a novel approach that enables
pre-trained vision-language-action (VLA) models for dexter-
ous collaborative tasks based on body-language. We introduce
several methods to improve adaptation to real-world human-
robot interaction: leveraging pre-trained vision encoders, in-
corporating human pose priors, and re-designing the model’s
action space. Our approach enhances the robot’s ability to
perceive, interpret, and respond to human behaviors in a
context-aware and data-efficient manner. Real-world evalua-
tions demonstrate the effectiveness of the proposed method.

II. RELATED WORK

A. Human-Robot Interaction

Human-robot interaction (HRI) is a longstanding area of
research aimed at improving the ways in which robots assist
and collaborate with humans. Prior work has explored a
variety of methods to enhance robot responsiveness, intention
understanding, and physical cooperation. For example, Roveda
et al. [1] employed fuzzy controllers to support humans in
industrial settings. Yan et al. [2] used long short-term memory
(LSTM) networks for intention recognition in human-robot
interaction. Similarly, Zhang et al. [3] applied recurrent models
to predict human motion during assembly tasks to facilitate

handovers. More recently, Wojtak et al. [4] proposed using
neural fields for learning object handover behaviors, while Ji
et al. [5] and Wang et al. [6] explored foundation model-
based approaches for collaborative assembly and tabletop
interaction, respectively. However, these methods often depend
on handcrafted robotic APIs and suffer from high inference
latency, limiting their real-time applicability.

In contrast, we propose a system that enables real-time,
smooth human-robot collaboration by directly generating robot
actions from multimodal observations, without relying on
predefined action schemas.

B. Learning from Demonstrations

Learning from demonstrations (LfD), also known as imita-
tion learning, is a widely adopted paradigm in robotic learn-
ing [7]. By mimicking human behavior, robots can acquire
complex skills without requiring manually designed reward
functions. Classical approaches include Behavior Cloning
(BC), which maximizes the likelihood of expert actions
given observed states, and Inverse Reinforcement Learning
(IRL) [8], which infers the underlying reward function from
demonstrations. DAgger [9] addresses distributional shift by
iteratively querying the expert in an online setting.

To improve data efficiency and handle imperfect demon-
strations, more recent methods incorporate probabilistic and
generative modeling. Huang et al. [10] proposed a Gaussian
Mixture Model (GMM)-based framework for few-shot learn-
ing in long-horizon tasks, while Bütepage et al. [11] used
generative models for imitation in human-robot interaction
scenarios.

The emergence of large-scale robotic datasets [12], [13] has
enabled the development of generalist policies trained with
simple imitation objectives. These datasets support scaling
imitation learning to diverse tasks and environments.

C. Vision-Language-Action (VLA) Models

Recent advances in large language models (LLMs) [14],
[15] have demonstrated strong capabilities in reasoning, ab-
straction, and multimodal alignment. This has motivated ef-
forts to apply LLMs to robotics, where they could bridge
perception and action through natural language.

Preliminary works such as Text2Motion [16] and Vox-
Poser [17] have explored this direction. Building on large-scale
multimodal datasets and vision-language pretraining [18]–
[20], researchers have introduced VLA models that process
visual and linguistic inputs to directly generate tokenized



Fig. 1: The snapshots of the robot carrying out successful real-world inference. The rows from top to bottom are the front and
top view of task pass cube, front and top view of task pick up cube and front and top view of the combined long-horizon task.
Each sequence is executed from left to right.

robot actions [21]–[23]. These models are trained using next-
token prediction over sequences of multimodal inputs and
demonstrations.

VLA models exhibit strong generalization and composition-
ality, allowing them to handle open-ended, unstructured tasks.
They can also be adapted to specific domains via fine-tuning,
making them a promising foundation for learning collaborative
robot behaviors from modest data.

III. TASK DESIGN

We design two toy tasks for demonstrating our method:
”pick up cube” and ”pass cube”. These tasks were carefully
selected because they are illustrative of core capabilities re-
quired for human-robot collaboration. Specifically:

1) They demonstrate the robot’s ability to assist a human
physically, through object manipulation and transfer.

2) They can be composed into a longer sequence — first
picking up an object indicated by the human, then
passing it back — showcasing the model’s ability to
execute long-horizon, goal-directed behavior.

3) They require the robot to interpret human body lan-
guage rather than relying on explicit natural language
instructions, aligning with our goal of enabling tacit
understanding.

The ”pick up cube” task involves two cubes placed on a
table randomly, including one red and one blue. The human
collaborator points to one cube, and the robot must infer the
intention and pick up the designated object.

Fig. 2: The modified model structure. Red block represents the
FiLM layers added to vision encoders, orange block represents
the modified action chunking projector, blue block represents
the modified action post-processing module.

The ”pass cube” task begins with the robot already holding
a cube. The robot is required to pass the object to the human
collaborator and release it appropriately.

IV. MODEL ARCHITECTURE

Our approach builds upon Open-VLA [22], a widely-used
vision-language-action model. For visual perception, Open-
VLA incorporates pre-trained encoders from SigLIP [24]
and DINOv2 [25]. Language inputs are processed using a
pre-trained LLaMA2-7B model [26]. These components are
integrated into a unified multimodal transformer that fuses
visual, linguistic, and proprioceptive inputs to generate robot
actions.



Fig. 3: Ablation study results. The “Full Model” includes ac-
tion post-processing and hand-pose auxiliary loss, but excludes
directional loss and FiLM conditioning.

To better adapt Open-VLA to collaborative settings, we
introduce several key modifications, illustrated in fig. 2, and
analyzed subsequently:

1) FiLM conditioning [27]: We insert FiLM layers into
both vision encoders to improve cross-modal condition-
ing from text.

2) Auxiliary intention loss: We add an auxiliary prediction
head to explicitly learn human intention by regressing
collaborator hand pose.

3) Action post-processing: We constrain action predictions
to a more compact and structured subspace, improving
stability and learning efficiency.

4) Directional loss: We apply a directional loss on end-
effector pose that emphasizes directional alignment
while downweighting magnitude.

These modifications collectively improve the model’s ability
to interpret human cues and generate responsive, context-
aware robot behavior in collaborative tasks.

A. FiLM Conditioning

Feature-wise Linear Modulation (FiLM) [27] is a tech-
nique for conditioning a vision encoder on additional inputs,
typically text. FiLM layers apply affine transformations to
feature maps, where the scale and bias are functions of the
conditioning input. This enables the model to dynamically
adjust visual representations based on linguistic context.

In the context of VLA models, FiLM layers allow the
vision backbone to better align visual perception with task-
specific language prompts. We incorporate FiLM conditioning
into both vision encoders (SigLIP and DINOv2) and evaluate
its impact on task performance in collaborative settings. We
observed consistent improvement on loss function when
FiLM conditioning is activated.

B. Auxiliary Loss

To enhance the model’s understanding of human intent, we
introduce human pose priors into training. A straightforward
approach would be to extract pose-related features and feed
them into the model via cross-attention. However, this method

Fig. 4: Auxiliary loss when evaluated on on data from the
same collaborator vs. different collaborators. Orange curve:
same hand as training. Blue curve: different hand.

does not scale well: as the number of tasks and priors
(e.g., grasp points, object bounding boxes) increases, it would
require designing and maintaining multiple feature extractors.

Instead, we adopt an auxiliary loss formulation that en-
courages the model to implicitly learn human intention cues.
Specifically, we add an auxiliary prediction head—referred to
as the hand head—in parallel with the action head. This head
receives the same model input and is trained to predict: (1)
the 2D hand pose of the collaborator in each camera view,
and (2) the color of the target cube. Hand pose annotations
are extracted using MediaPipe [28], and the target object label
is derived from task metadata.

The auxiliary loss is defined as the L2 distance between the
predicted and ground-truth labels. During inference, the hand
head is disabled, as it does not contribute to action generation.
We observed consistent improvement when this loss is used.

C. Action Post-processing

The original action space—comprising 3D position, 4D
rotation (quaternion), and 16 joint positions—totals 23 dimen-
sions. However, the underlying structure of valid actions likely
lies on a lower-dimensional manifold, making it difficult for
the model to learn effectively in the raw space.

To address this, we reformulate the action space so that
the model predicts actions in a compact, transformed space,
which are then mapped back to the original representation via
post-processing. This process consists of three stages:

• Position: Let p denote the current end-effector position,
and a′p the model’s predicted delta. The final position
command is computed as ap = p+ a′p.

• Rotation: Let q be the current end-effector rotation in
quaternion form, and d = (ω, x, y, z) be the a delta
quaternion. The output rotation is computed as ar = q ·d.
The model predicts in the rotation vector form: a′r =
(x,y,z)√
1−ω2

.
• Hand joints: We apply PCA to the 16-dimensional hand

joint states in the training data and retain the top principal
components. During inference, the model predicts in this
low-dimensional PCA space, and the full joint configu-
ration is reconstructed via inverse PCA.

We observed significant improvement when the action
post-processing is enabled.



(a) Original action distribution

(b) Delta action distribution

Fig. 5: Differentiating the action sequence results in a
smoother and more normally distributed action space.

D. Directional Loss

To improve the stability and relevance of end-effector mo-
tion, we design a directional loss that emphasizes the direction
of movement rather than its magnitude. Let x denote the
predicted delta pose, and y the ground-truth delta pose. We
decompose x into two orthogonal components: x∥ (parallel to
y) and x⊥ (orthogonal to y).

The directional loss is defined as:

Ldir = r ·
∥x∥∥2

∥y∥2 + r
+ ∥x⊥∥2,

where r < 1 is a scaling factor. When ∥y∥2 ≫ r, the loss
emphasizes directional alignment; when ∥y∥2 ≪ r, it reduces
to a standard L2 loss. However we see no improvement on
the performance when this loss is enabled.

V. FINDINGS

A. Action Space for Dexterous VLA

The motivation behind action post-processing is based on
the assumption that the true action space lies on a low-
dimensional manifold embedded in a high-dimensional space.
Without explicitly modeling this structure, the model may
struggle to learn meaningful mappings. By reducing the di-
mensionality, the action manifold can be transformed into a
more compact and convex representation, facilitating more
efficient learning.

We first analyze the action subspace related to end-effector
pose. As shown in fig. 5a, the distribution of the raw xyz
position components across trajectories is highly non-convex.
However, when we differentiate the action sequence—i.e.,
consider relative rather than absolute motion—the resulting
delta poses exhibit a much smoother and compact distribu-
tion fig. 5b.

Next, we examine the hand joint subspace, which has 16
dimensions. We hypothesize that despite this high dimension-
ality, the actual configuration space is low-dimensional. To test
this, we perform principal component analysis (PCA) on all
hand joint states in the training set. The results, shown in fig. 6,
reveal that just four principal components account for 96% of
the total variance. This suggests that PCA-reduced components
can be effectively used as the action representation, replacing
the original high-dimensional hand joint space.

Fig. 6: PCA analysis of hand joint states. Four principal
components explain 96% of the variance.

B. Auxiliary Predictions and Trainer Overfitting

When we evaluate the model in real world set ups, we
discovered an interesting fact: when trained on data collected
from one specific collaborator, the model accurately interprets
their intentions during inference. However, when interacting
with a different person, it fails to adapt and instead reverts to
a fixed routine—behavior as if no meaningful commands were
received.

We name this phenomenon as trainer overfitting: the model
becomes overly specialized to the behavior of a single demon-
strator. This overfitting is also common in intelligent creatures,
for example, dogs only follow the commands of their own-
ers [29]. To further analyze this phenomenon, we conducted
an experiment that uses the auxiliary loss to quantify trainer
overfitting. We trained the model with human collaborator
A and tested the model on data from both collaborator A and
collaborator B, and plotted the loss curve in fig. 4. The elevated
loss confirms that the model fails to generalize across different
collaborators.

This finding opens new possible research directions on how
to reduce trainer overfitting in collaborative robots.
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