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Abstract— Humans interpret scenes by recognizing both the
identities and positions of objects in their observations. For a
robot to perform tasks such as “pick and place”, understanding
both what the objects are and where they are located is
crucial. While the former has been extensively discussed in
the literature that uses the large language model to enrich
the text descriptions, the latter remains underexplored. In
this work, we introduce the Object-Centric Instruction Aug-
mentation (OCI) framework to augment highly semantic and
information-dense language instruction with position cues. We
utilize a Multi-modal Large Language Model (MLLM) to
weave knowledge of object locations into natural language
instruction, thus aiding the policy network in mastering actions
for versatile manipulation. Additionally, we present a feature
reuse mechanism to integrate the vision-language features
from off-the-shelf pre-trained MLLM into policy networks.
Through a series of simulated and real-world robotic tasks, we
demonstrate that robotic manipulator imitation policies trained
with our enhanced instructions outperform those relying solely
on traditional language instructions.

I. INTRODUCTION

A fundamental challenge in deciphering the intelligence
of embodied agents lies in the representation and interpre-
tation of the rich, continuous sensory data obtained from
our environment. The “what-where” framework in cogni-
tive science [1], [2] posits that our brain employs separate
neural channels to encode two primary categories of infor-
mation [3]. Specifically, the “what” pathway [4] identifies
detailed attributes of objects, like their identity and char-
acteristics (e.g., color and shape). In contrast, the “where”
pathway [5] discerns spatial details, such as position, tra-
jectory, and closeness. Modern advancements in the domain
of object-centric representations in artificial intelligence are
probing these concepts [6], with a growing emphasis on
simultaneously training both the “what” and “where” facets
within specific contexts.

The recent advancement of the Large Language Model
(LLM) has attracted increasing attention, with many ini-
tiatives leveraging human-like language comprehension for
robotics. It revolutionized the pipeline for embodied agents
and resolved the challenge in the previous literature where
human instruction can be hard to interpret by robots [7],
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[8]. However, these methodologies primarily focus on aug-
menting the text with more detailed instructions, i.e., task
planning [9], [8], [10]. The presumption is that by learning
from the input observation, the policy networks should com-
prehend the objects’ position internally and store this infor-
mation as the form of parameters, and subsequently generate
a corresponding action trajectory. While this is a prevalent
approach, it often demands a vast number of demonstrations
for the policy network to genuinely understand an object’s
position and produce a valid trajectory.

Our work is built upon the recent development of Multi-
modal Large Language Models (MLLM) to augment lan-
guage instruction with object-centric information. The nov-
elty of our framework is how we inform the robot with visual
information via transferred language instruction that allows
us to infer high-level features around affordances and intents.

To start, we aim to develop a position-aware MLLM
capable of representing the desired objects’ locations. Our
investigation delves into two kinds of positions: absolute
and relative. The absolute position signifies an object’s exact
location. Taking the user instruction “pick up the apple
and place it on the plate” as an example, we can directly
extract the bounding boxes of both the apple and the plate,
then supplement the instruction with these bounding boxes.
This provides the policy network with a clear understand-
ing of object locations based on a first-person perspective.
Furthermore, any distractors, i.e., objects not pertinent to
the action, are excluded, sharpening the policy network’s
focus on the task at hand. On the other hand, relative
positions place the robot at the world’s center, and define
the direction of target objects relative to the robot. Using
the previous example, our system might indicate that the
“apple is to the left” and the “plate is to the right”. This
mirrors the human-centric approach to perceiving object
positions. These language augmentations can be perceived
as visual cues presented in text, allowing the policy network
to derive positional knowledge from natural language. This
circumvents the challenges associated with learning about
objects directly from images.

Moreover, considering the computational intensity of
MLLM calculations, we have devised a method that repur-
poses MLLM features, marrying its vision-language insights
with policy networks to enhance robotic manipulation perfor-
mance. By caching the MLLM’s pre-computed embedding at
the onset of the inference phase, we enable policy networks
to operate seamlessly and efficiently, leveraging MLLM
knowledge without incurring high computational costs.

We assessed our proposed Object-Centric Instruction aug-
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Pick up the polar bear 
and place to the blue box

Open the cabinet hinge
door

Open the cabinet hinge door [0.202, 0.128, 0.399, 0.36]
The cabinet hinge door [0.202, 0.128, 0.399, 0.36] is on 
the upper-left of the robotic arm[0.541, 0.417, 0.999, 
0.989].

object-centric instructioninitial instruction

initial instruction

Pick up the polar bear [0.396, 0.682, 0.516, 0.786] to the 
blue box [0.641, 0.302, 1, 0.646].
The white polar bear is on the bottom of  the robotic arm
[0.052, 0.0, 0.552, 0.342].
The blue box is on the right of the robotic arm [0.052, 
0.0, 0.552, 0.342].

object-centric instruction

augmentation

augmentation

action

action

Fig. 1: Two examples of object-centric instruction augmentation for simulation and real robots, respectively. Given an initial
instruction from the left figure, we augment them by providing the object’s absolute position and relative position to the
robotics and obtain the action eventually.

mentation (OCI) on unseen simulated and real-world robotic
manipulation settings. Our findings suggest that OCI not
only facilitates superior policy learning in contrast to flat
instructions, but also enhances the understanding of the
pivotal influence of an object’s position on the success rate of
manipulation. Through detailed ablation studies, we empha-
size the importance of using pretrained models in “where”
dimensions as vital for achieving remarkable enhancements.
To summarize, our contributions are the follows:

• We’ve established a pipeline that equips MLLM with
position-aware knowledge, enabling it to augment in-
coming instructions with object-centric information.

• We introduce a Feature Reuse Mechanism that incor-
porates feature embedding from MLLM into the policy
networks.

• Empirical evaluations and ablations on both simulated
and real robots validate the superiority of our framework
over existing baselines.

II. RELATED WORK

Natural Language Instruction for Robotic Manipulation.
The rise of large foundation models, specifically the Large
Language Model (LLM) and Vision-Language Models [11],
[12], [13], [14], [15], [16], [17], has opened a new era for
embodied agents to understand instruction and generalize to
unseen domains. These works include task planning [18],
[19], navigation [20], code generation for actions [21], multi-
robot collaboration [22], human-robot interaction [23], etc,.
Another line of work utilize vision-language models for
robotics [24]. Some of them use pre-trained VLM as instruc-
tion encoder [25], [26], [27], [28], [29], [30], [31] or visual
encoder [32], [33], [34], [15], and others for visual state
representations [35], object navigation [36], [37], high-level
planning [24], [9], [38], [39], or providing supervision or
success detection [40], [10], [41], [42], and open-vocabulary
object localization [37]. RT-2 [43] develop an end-to-end
framework that outputs actions with images and instructions
directly.

Unlike prior applications of foundational models to down-
stream tasks like planning and navigation, our goal is to
enhance language instructions to boost the generalizability of

robotic manipulation, emphasizing positional cues for objects
in text structure.
Object-Centric Representation Learning. The fields of
robotics and vision have delved deeply into the use of object-
centric representations, recognizing their value in facilitating
modular reasoning about visual scenes. Within the robotics
domain, it is common to use poses [44], [45] and bounding
boxes [46], [47] to represent objects presented in a scene.
However, these methods are typically limited to predefined
object categories or specific instances. The development
of the vision foundation model, i.e., SAM [48], motivates
the researcher to extend the object-centric learning [49],
[50] to unseen objects. Some works leverage unsupervised
learning [51], [52] approaches to endow the manipulation
policies with object awareness [53], [54], but their works
are limited to simulation. Unlike prior works, we present a
novel approach that translates object positions into natural
language descriptions, enhancing visual representations for
more effective policy learning in manipulation tasks. This
method aligns with recent trends where LLM are integrated
with vision systems [55], [56], resulting in enriched scene
comprehension through a multi-modal approach.

III. METHODOLOGY

This section discusses how to chain what and where into a
unified and useful instruction for manipulation policy learn-
ing. There are two key components to our OCI framework: 1)
a fine-tuned MLLM that is adept at comprehending language
and the environment, with the ability to correlate an object’s
location to its identity, and 2) a feature reuse mechanism that
leverages the features embedding from MLLM to improve
policy learning. The following section will address these two
challenges in detail.

A. Position-Aware Multi-modal Large Language Models

Finetune Position-Aware MLLM. We use the pretrained
weights [55] that were trained on a combined dataset of Con-
ceptual Caption, SBU [57], and LAION [58]. The entire pre-
training stage undergoes 20,000 training steps with a batch
size of 256, covering approximately 5 million image-text
pairs. To enhance its visual comprehension of text queries,
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Pick up the left red cube [0.123, 
0.144,0.524,0.631]. The red cube
is on the left of the robotic 
arm[0.221,0.002,0.578,0.125].

Open the cabinet hinge 
door[0.202, 0.128, 0.399, 
0.36]. The cabinet hinge door 
lies on the top-left of 
the robotic arm[0.541, 0.417, 
0.999, 0.989].

“Open the cabinet 
hinge door”

“Pick up the left 
red cube”

Multi-modal Large Language 
Model

Policy 
Network

Multi-modal 
Large Language Model

Step 2: Train a policy network using object-centric instruction + MLLM’s latent features 

Step 1: Fine-tune a Multi-modal Large Language Model with Natural Image

What do you see in this image? 
Please name the objects and 
their locations using the format 
[x1, y1, x2, y2]

One laptop [0.423, 0.123, 0.513, 
0.158], a monitor [0.013,0.542, 
0.713, 0.982], a mouse [0.413, 
0.691, 0.134, 0.151], a 
keyboard [0.139, 0.331, 0.141, 
0.213].

Training Pipeline for 
OCIPrompt: Given an instruction, return the 

original instruction with object’s absolute 
location using the format [x1, y1, x2, y2], 
and their relative position in terms of robot 
using rel_pos_dict.

Input: Put the toy to the box.
Multi-modal 

Large Language Model

Put the Zebra[0.232,0.552,
0.326,0.740] lies on the bot
tom of robotic arm[0.102,0.
000,0.476,0.188] to the blu
e box[0.578,0.426,0.947,0.8
79] lies on the right of the r
obotic arm [0.102,0.000,0.4
76,0.188].

Fig. 2: An overview of the training process in OCI. We first fine-tune a MLLM with general detection datasets and
our collected datasets. The fine-tuned MLLM enables automatically augmenting instruction object-centric information.
Subsequently, this is integrated with a policy network to develop a model capable of generating specific actions.

we fine-tuned the pre-trained models using the annotated
LLaVA-Instruct-150K dataset [56]. While the VLM currently
demonstrates competent vision-language integration at the
image level, this is inadequate for our purposes. We aim
for scene comprehension that transcends mere image-level
analysis, emphasizing object-centric representation from a
holistic standpoint.

To facilitate the MLLM with object-level understanding
and comprehend objects in terms of location, we use re-
ferring detection datasets such as RefCOCO, RefCOCO+,
and RefCOCOg [59] to fine-tune the model. Notice that the
RefCOCO datasets contain object’s bounding boxes, accom-
panied by questions and answers. These datasets identify
bounding boxes of mentioned objects within given instruc-
tions. This closely aligns with our use-case, which requires
understanding the absolute position of objects.

Now, the MLLM can return the bounding boxes of referred
objects but still cannot re-write the given instruction. We
further make an instructing tuning dataset that allows the
model to know how to rewrite the incoming command into
our desired format, which preserves the instruction, adds
bounding boxes to the target objects, and provides the relative
position of the objects. In particular, we formulate the format
of prompt, input, and output. We use a set of data that
contains these three components, along with the image for
the current scene, to fine-tune the MLLM. We collected 200
number of high-quality data for this fine-tuning step. Each
image is collected with a random setup on the table. The
initial input language is manually set, and we use the GPT-
3.5-turbo [60] to enrich the instruction format. We use o1
and o2 to represent two objects for simplicity. In practice,
we use a concrete object’s name. We ask the GPT to “Use
three different expressions to rewrite the instruction of ’pick
up o1 and place to o2’.”, it returns “Grab o1 and set it on

o2.”, “Take o1 and position it on o2.”, and “Lift o1 and put it
onto o2”. In our experiment, each instruction is augmented
with ten more different expressions, which are then used for
the training.

Representation of Position. We represent the absolute posi-
tion of objects using bounding boxes. These positions are
articulated with numerical values, expressed in a manner
that’s both intuitive and aligned with natural language con-
ventions. A bounding box is characterized by the format
[xmin, ymin, xmax, ymax]. Here, both x and y are normalized
in relation to the image’s dimensions. By default, coordinates
are presented with a precision of three decimal places. Such
coordinates can appear at any point within the model’s input
or output sequence.

While bounding boxes define the absolute position of
objects, a description of their relative positioning remains
essential. To articulate the relative position of an object,
a reference point is necessary. In the context of robotic
manipulation, understanding movement in relation to the
robot’s own position is pivotal. As such, we designate the
robot as the central reference in the image and detail objects’
positions relative to it. For this purpose, we provide eight
directional options: (a) Left, (b) Right, (c) Top, (d) Bottom,
(e) Upper-left, (f) Upper-right, (g) Bottom-left, (h) Bottom-
right.

Overall, when providing linguistic instructions to the
robot, our pipeline facilitates object-centric commands.
These commands guide the policy network with specific
positional expressions. For instance, as shown in Figure 1,
when the user instructs the robot to “pick up the polar bear
and place it in the blue box”, the following instructions with
coordinates are given: “Pick up the polar bear [0.396, 0.682,
0.516, 0.786] to the blue box [0.641, 0.302, 1, 0.646]. The
white polar bear is on the bottom of the robotic arm [0.052,
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Multi-modal 
Large Language Model

“Pick yellow cube 
and place to left 

blue box”

Pick yellow cube[0.202, 0.128, 0.399, 
0.36] and place to left blue box[0.131, 
0.513,0.155,0.687] The blue box lies on 
the top-left of the robotic arm[0.541, 
0.417, 0.999, 0.989].

Multi-modal 
Embedding

Policy Networks

𝑎!

𝑡!

tokenization

ResNet

(1+	𝛾)         𝛽(FiLM).

ResNet

𝑡" 𝑡#𝑡$

𝑎" 𝑎"

ResNet ResNet

Fig. 3: This figure illustrates how we connect the policy
network with MLLM. During the fine-tuning phase, MLLM
is only utilized at the initial time step t1, and its parameters
are frozen.

0.0, 0.552, 0.342]. The blue box is on the right of the robotic
arm [0.052, 0.0, 0.552, 0.342].” While preserving the original
language of the user’s request, our system provides bounding
boxes for identified objects in the scene. Additionally, with
the robot positioned at the center of the image, we detail the
relative positions of the referred objects, highlighting that the
polar bear is below the robot and the blue box is to its right.
The overview can be found at the top of Figure 2.
Architecture. We have selected the pre-trained ViT-
L/14 [61] from CLIP [12] as our visual encoder and adopted
LLaMA-2-7B [62], [63] as our LLM. To ensure modal align-
ment and provide the appropriate input dimension for the
LLM, a fully connected layer is implemented to transform
the ViT’s 16 × 16 output embedding V ∈ R16×16×1024 to
V

′ ∈ R256×4096. We tap into the robust vision-language
capabilities inherent to the text-image alignment [55]. Addi-
tionally, we fine-tune the associated networks while keeping
the language and visual embeddings static, with only the
alignment layers being adjustable.

B. Feature Reuse Mechanism

This section gives a detailed description of how we reuse
the features from MLLM to improve the generalization of
manipulation policy learning.
Policy networks. To formulate an efficient multi-task robot
policy, we employ policy networks designed with a multi-
task decoder architecture. Concretely, our objective is to
learn a robot policy represented by π(at|P,H), where H :=
{o1, a1, o2, a2, · · · , ot} captures the historical trajectory of
past interactions. Within this framework, the ot ∈ O and
at ∈ A respectively represent observations and actions
taken at each interaction step. These policy networks in-
gest multi-modal tokens. For encoding, we deploy multi-
modal prompts: the image undergoes processing via a vision
backbone and is subsequently combined with the tokenized,
augmented instruction using straightforward concatenation.
The next step for the policy networks is to delineate the
action space. Our policy network consists of three MLP
layers with ReLU non-linear activation.
Feature Reuse Method. In our setup, we primarily retrieve
the augmented instruction at the first frame and then abandon

the model. Yet, discarding the computations made within
the MLLM once a new instruction is acquired is inefficient.
This is because the MLLM provides not just vision-language
comprehension of the original instruction but also intu-
itively recognizes an object’s identity and position. Finding
a method to harness this wealth of information is both
challenging and rewarding.

To implement this idea, we architected a feature reuse
mechanism. In specific, we denote the feature embedding
by the final layers of the MLLM as Emllm ∈ RD and
define the multi-modal token (fusion of image tokens and text
tokens) as M ∈ RD′

, where D′ and D are its corresponding
dimensions. Herein, we add a sequence of operations with
a LayerNorm-MLP (LN-MLP) [64] (RD → RD′

), such that
E

′

mllm = LN-MLP(Emllm ∈ RD′
). The LN-MLP intro-

duces nonlinearity and allows more flexible transformations
for the Emllm. Here, the E

′

mllm carried prior knowledge on
vision-language understanding. Therefore, it is paramount to
align this prior vision-language information with the current
instruction-observation pair. We use cross-attention to serve
as a bridge to connect these two types of multi-modal
embedding.

Particularly, M is projected into a query (Q) and key
(K), and E

′

mllm is projected into value (V). The keys
K and values V are down-sampled to different sizes for
different heads indexed by i. Thus, we formulate our multi-
scale cross-attention (MSC) as Qi = E

′

mllmWQ
i , Ki =

MSC(M, ri)W
K
i , Vi = MSC(M, ri)W

V
i , and Vi = Vi +

P (Vi). The MSC(·, ri) is an MLP layer for aggregation
in the ith head with the down-sampling rate of ri, and P (·)
is a depth-wise convolutional layer for projection. Compared
with the standard cross-attention, more fine-grained and low-
level details that are beneficial to manipulation tasks are
preserved. Finally, we calculated the attention tensor by:

hi = Softmax(
QiK

T
i√

dh
Vi) (1)

where dh is the dimension. Intuitively, the instruction-
observation queries the useful knowledge in vision-language
knowledge embedding and passes it into the policy network
to improve the successful rate on unseen domains.

Note that the MLLM is frozen during the policy learning.
At test time, we extract both the augmented instruction and
feature embedding at the task’s initial frame. These instruc-
tions and feature embedding are then stored for subsequent
frame inferences, allowing the MLLM to be purged from the
processor’s memory. This optimizes computational speed by
freeing up resources.
Overview of the Framework. In our context, the text
includes not only natural language but also regions of
interest that are represented by a set of floating points.
Inputting regions of interest into the model includes various
approaches, such as direct concatenation with cropped image
patches [65], encoder-decoder structure for bounding boxes
representation [66], [67], and utilization of Gaussia map [68],
[69], [70]. In our experiment, we find it is sufficient to
directly incorporate bounding boxes as a natural language
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Fig. 4: The experimental results on Franka Kitchen. On all sub-tasks, our proposed OCI beats existing approaches, where
our methods lead for a large margin on some tasks.

Fig. 5: The example of Franka Kitchen for five tasks on two
camera views.

TABLE I: Ablation on two types of augmented instruction.
Experiments are conducted on Franka Kitchen. “w/o” indi-
cates “without”. We report the average success rate over five
tasks and two camera views per task.

Model 10 Demos 25 Demos

OCI (Ours) 61.7 69.4
w/o absolute position 54.2 63.5
w/o relative position 49.6 57.3

without additional pre-processing. Initially, a pre-trained
image encoder processes each image. This is then tokenized,
similar to RT-1 [28]. The language undergoes tokenization
first, after which a T5-small model extracts features. It is
then concatenated with the image token. A policy network
is followed up to generate the action space. A comprehensive
overview of this framework can be found in Figure 3.

IV. EXPERIMENTS

Our experiments aim to answer the following questions:
1) Does our method enable better policy learning than using
naive language instruction? 2) Is our method effective in real-
world environments? We initiate our discussion by outlining
the simulation environments tailored to address these queries.
Subsequently, we present in-depth experimental results that
positively affirm answers to both questions.

A. Simulation Experiments

Experiments Setup. Franka Kitchen benchmark focuses
on tasks like sliding open the right door, opening the
cabinet, turning on the light, turning the stovetop knob,
and opening the microwave. The example of each task is

TABLE II: Ablation on reusable feature mechanism. Exper-
iments are conducted on Franka Kitchen. “w/o” indicates
“without”. We report the average success rate over five tasks
and two camera views per task.

Model 10 Demos 25 Demos

OCI (Ours) 61.7 69.4
w/o reusable features 53.9 62.3

present in Figure 5. For Franka Kitchen tasks, the length
of a demonstration is 50, which contains 50 state-action
pairs. For MLLM, we fixed the weights when training the
policy networks. There are two views in the Franka Kitchen
simulator; each is conducted three times, and the average
success rate over both views is reported. All Franka tasks
include proprioceptive data of the arm joint and gripper
positions. The horizon for all Franka tasks is 50 steps, and
our imitation experiments use either 10 or 25 demos.
Baselines. We compare our model with R3M [71], which is
the state-of-the-art method and widely applicable method in
Franka Kitchen. We also compare with BLIP-2 [65], a SOTA
vision-language model. We replace our MLLM with BLIP-2
in our method and retain the FRM. In all experiments, the
policy network is learned using few-shot learning on a small
amount of demonstration data. There are two settings, one
of which utilizes 25 demonstrations, and the other utilizes
ten demonstrations. We report the success rate in five tasks
per benchmark and two different camera views for each set
respectively. Each experiment is run five times, and we report
the average performance.
Main Experimental Results. We demonstrate the experi-
mental results in Figure 4. It is obvious that for all tasks on
two different camera views, our approach achieves superior
performance over both R3M and BLIP-2. On some difficult
tasks, such as opening the cabinet, opening the microwave,
and turning the stovetop knob, the performance gap between
our proposed OCI is even larger compared to R3M and
BILP-2. Compared to BILP-2, which also uses a large-scale
pre-trained vision-language model to align the instruction
and observation, then map to the policy network, our OCI
achieves stronger. performance over five tasks, showing the
effectiveness of the object-centric instruction augmentation.
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Fig. 6: Left: The setup of our Franka real robot. Right: The example of some tasks that we collected.
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Fig. 7: Results from real-world experiments indicate that both
relative and absolute positions are crucial for the successful
execution of manipulation tasks.

B. Ablation Study

How Important for Absolute and Relative Position in
Instruction? We evaluate the utility of instruction augmen-
tation and present our findings in Table I. Our experiments
indicate that both relative and absolute positions are critical,
confirming the efficacy of our framework. We conduct an-
other ablation study is conducted on real-world experiments.
The Effectiveness of Feature Reuse Mechanism. We
explore the efficacy of our proposed FRM. The experimental
results are detailed in Table II. Observing the data, we find
that omitting the FRM results in an average drop of 7.1% in
the success rate, highlighting the importance of FRM.

C. Real-world Experiments

Given our encouraging simulation experiments, it is nat-
ural to ask whether our algorithm can work on real-world
robotic manipulation tasks, which present the additional chal-
lenges of noisy image observations from imperfect camera
sensors and increased object quantity and diversity.

We use the Franka robot with a 7-DOF arm, which is
equipped with a parallel jaw gripper (see Figure 6, left).
Our workspace uses two D435i RealSense RGBD cameras.
We only use the RGB information in our experiments. One
egocentric camera is attached to the robot’s hand, and one
exocentric camera is positioned at the robot’s front.
Experiment Setup. To realize the stated challenges above,
we design a real-world environment (referred to as Real-
Robot), in which a Franka robot is tasked with 1) picking
up a cube to either left or right box, 2) picking up a cube
based on the color, 3) open the top cover of a box, 4) pick

up a toy and place to the box, 5) pick up a cube based on
its position (left, middle, or right). We provide a sample of
the data we gathered from real-world trajectories in Figure 6
(right). The tasks are numerically represented for simplicity;
for example, Task 1 corresponds to “picking up a cube and
placing it in either the left or right box”.
Experimental Results. An evaluation of our approach was
conducted using a real robot setup, with each task repeated
in ten trials. Additionally, we conducted an ablation study,
which is presented in Figure 7. In this study, we progressively
removed the relative position (denoted as “w/o rel-pos”) and
the absolute position (denoted as “w/o abs-pos”). Across all
five tasks, our OCI consistently outperformed the baselines,
achieving the highest success rates. Particularly notable were
the results for Task 1 and Task 5. In these tasks, the robot
needed to discern direction, such as picking up the cube from
the left, right, or middle side or placing the cube on the left
or right box. Plain language instructions struggled with Task
5, failing entirely, and achieved a mere 30% success rate for
Task 1. However, introducing absolute position information
boosted success rates by 40% and 20% for the two tasks,
respectively. Incorporating relative position data further en-
hanced performance by 20% and 30%, underscoring the
effectiveness of our OCI.

V. CONCLUSION

This work contributes a novel perspective on language
instruction for robotics manipulation. Motivated by the con-
cept of visual understanding in human intelligence, we
augment language instruction by adding an object’s absolute
and relative position into the text format. Such augmented
language alleviates the burden of the visual encoder, which
was previously responsible for localizing objects on its
own. We conduct experiments on both simulation and real-
world scenarios and show the superior performance of our
methods over conventional language instruction. We believe
our approach presents a fresh perspective on the kinds of
instructions best suited for versatile robotic manipulation.
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