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NaturalVLM: Leveraging Fine-grained Natural Language for
Affordance-Guided Visual Manipulation

Ran Xu*, Yan Shen*, Xiaoqi Li, Ruihai Wu, Hao Dong

Abstract—Enabling home-assistant robots to perceive and
manipulate a diverse range of 3D objects based on human
language instructions is a pivotal challenge. Prior research has
predominantly focused on simplistic and task-oriented instruc-
tions, i.e., ''Slide the top drawer open''. However, many real-
world tasks demand intricate multi-step reasoning, and without
human instructions, these will become extremely difficult for
robot manipulation. To address these challenges, we introduce
a comprehensive benchmark, NrVLM, comprising 15 distinct
manipulation tasks, containing over 4500 episodes meticulously
annotated with fine-grained language instructions. We split the
long-term task process into several steps, with each step having
a natural language instruction. Moreover, we propose a novel
learning framework that completes the manipulation task step-
by-step according to the fine-grained instructions. Specifically, we
first identify the instruction to execute, taking into account visual
observations and the end-effector’s current state. Subsequently,
our approach facilitates explicit learning through action-prompts
and perception-prompts to promote manipulation-aware cross-
modality alignment. Leveraging both visual observations and
linguistic guidance, our model outputs a sequence of actionable
predictions for manipulation, including contact points and end-
effector poses. We evaluate our method and baselines using
the proposed benchmark NrVLM. The experimental results
demonstrate the effectiveness of our approach. For additional
details, please refer to https://sites.google.com/view/naturalvim.

I. INTRODUCTION

Language serves as a crucial means for robots to engage
with the world [9], [23], [25]. Robots must not only com-
prehend language instructions but also integrate them with
real-time visual observations to make informed predictions for
manipulation tasks. The existing benchmark VLMbench [30],
provides high-level language instructions to guide robot
agents, such as "pick up the red plate". However, relying solely
on high-level instructions presents challenges, particularly for
complex or unfamiliar tasks. Without the inclusion of low-
level language instructions for guiding robots through each
step of a task, successful task completion becomes exceedingly
difficult. While some previous efforts have harnessed large
language models [5], [11] to generate low-level instructions,
these instructions tend to lack diversity in language style and
often fail to accurately describe end-effector commands. The
detailed illustration is shown in Sec. V-C.
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Fig. 1. Illustration on the fine-grained instructions. The leftmost and rightmost
pairs represent action-prompt and perception-prompt bases respectively. In
the center column are the manipulation steps for "Slide the top drawer
open," each accompanied by fine-grained language instructions. If the current
task’s manipulation step shares the same action or noun phrase as another
task’s manipulation step in the fine-grained language instruction, cross-modal
alignment will be conducted using the features of the action-prompt base and
the perception-prompt base.

In this work, we aim to address existing limitations by
introducing a novel task: low-level visual language manip-
ulation. This task involves employing natural language to
provide step-by-step instructions for visual manipulation tasks.
To enable this, we propose the NrVLM dataset, which offers a
collection of natural language instructions meticulously paired
with manipulation episodes collected from V-REP simulation.
Our dataset comprises an extensive dataset of 4500 episodes
featuring 82 distinct variations across 15 tasks. We split the
robot’s manipulation task into discrete steps, each thoughtfully
annotated in natural language. In Fig.1, we illustrate the fine-
grained instructions for "Slide the top drawer open". These
instructions encompass crucial details, i.e., the required robot
actions, designated objects for interaction, and the necessary
end-effector state for each step. The purpose of these language
instructions is to guide the agent in successfully executing
manipulation tasks. To the best of our knowledge, the NrVLM
dataset we present stands as a pioneering benchmark, uniquely
combining manipulation trajectories with free-form instruc-
tional language, offering an invaluable resource for advancing
research in this field.

Along with the benchmark, we further devise a framework
that enables the agent to follow the instructions and execute
step by step. This framework effectively utilizes a multi-modal
approach, incorporating various information sources including
visual observations of the current scene, the present state of the
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TABLE I
COMPARISON BETWEEN DIFFERENT BENCHMARKS.

different
evaluation settings

high-level
task description

fine-grained

Datas . .
ataset instructions

diverse objects

Metaworld [27] X X
ManipulaTHOR [2] v X X X
RLBench [8] X v X X
CALVIN [16] X v X X
VLMBench [30] v %4 X X
NrVLM v 4 v v

end-effector, high-level language instructions, and fine-grained
language instructions to generate actions for each individual
step. Concretely, when presented with a sequence of low-level
instructions, our model initially assesses the required execution
step by analyzing the current visual scene, the end-effector
status, and the high-level linguistic instruction. Subsequently,
in order to fully exploit information from multiple modalities
and predict reliable manipulation actions, we facilitate explicit
learning through manipulation-aware cross-modality feature
alignment as shown in Fig. 1. To enhance this alignment
process, we establish both action-prompt and perception-
prompt bases in advance since the features associated with
actions and objects remain consistent across different tasks.
The action-prompt base pairs action phrases (e.g., "pull”,
"grasp") with their corresponding action features, while the
perception-prompt base pairs noun phrases (e.g., "drawer",
"handle") with their corresponding object features. These pre-
established priors significantly aid in aligning the respective
multi-modal features, resulting in better predictions for ma-
nipulation actions.

To investigate the difficulty of the benchmark NrVLM
and evaluate the performance of our method, we conduct
extensive evaluations with four competitive visual language
approaches and an ablated version. The results demonstrate
the effectiveness of our framework against other methods.

In summary, we make the following contributions :

e We present the NrVLM, a comprehensive benchmark
that combines diverse manipulation trajectories with fine-
grained natural instructions, facilitating the agents in
executing complex tasks sequentially.

o« We propose a novel framework that enables the agent
to utilize fine-grained instructions and acquire the
manipulation-aware multi-modality alignment.

o Experimental results against four baselines validate the
effectiveness and superiority of the proposed approach.

II. RELATED WORK
A. Robotic Manipulation Benchmarks

There are plenty of benchmarks related to visual-language
robotic tasks [27], [2], [24], [8], [30]. ALFRED [24] is
proposed for vision-and-language navigation and virtual ob-
ject rearrangement tasks between different room-scale lo-
cations. MetaWorld [27] collected 50 translation-only tasks
with demonstrations for reinforcement learning. Manipu-
IaTHOR [2] is the first testing framework to study robot
manipulation problems in more than 100 visually enriched,

physicalized virtual room scenarios. RLBench [8] provides a
benchmark and learning environment for both ‘robot learning’
and ‘traditional’ methods, with 100 completely unique, hand-
designed tasks. CALVIN [16] encompasses a total of 34
distinct tasks and provides natural language instructions for
long-horizon manipulation tasks. Following RLBench, VLM-
Bench [30] collects a robot manipulation benchmark on 3D
tasks with visual observation and compositional language in-
structions. As shown in Table I, different from previous work,
our NrVLM benchmark offers 82 distinct variations across
15 tasks and 4500 low-level natural language instructions that
annotate the robotic manipulation trajectory step by step. Such
instructions aim to guide the agent to accomplish long-term
and intricate tasks. In addition, to increase the challenge of
the benchmark, we also provide different evaluation settings,
including assessment on both training tasks and novel tasks.

B. Vision-and-Language Manipulation

Among visual language manipulation approaches [28], [22],
[9], [30], [4], [10], BC-Z [9] develops imitation learning
system to enable a vision-based robotic manipulation system.
It aims to generalize to novel tasks and address a long-standing
challenge in robot learning. Furthermore, PERACT [23] is
an innovative behavior-cloning agent that utilizes a Perceiver
Transformer [6] to encode both language and voxel scenes.
The model exhibits strong performance in multi-task manipu-
lation. In contrast, our framework focuses on learning to follow
low-level instructions to perform step-by-step manipulation
actions. Our approach adopts an action and perception prompt-
based system that enables a thorough, manipulation-aware
understanding of multiple modalities.

III. FINE-GRAINED INSTRUCTED MANIPULATION
A. Problem definition

In the low-level visual language manipulation task, the agent
is provided with fine-grained language instructions to follow in
order to complete the manipulation task. Specifically, to begin
with, the agent is provided with a sequence of natural language
instructions £ = {ly,ls,,,,l,} (n denotes the maximum
length of the language instructions) and current visual obser-
vations, including multi-view RGB images, depth images, and
segmentation information. Given the initial state of the robot,
the agent needs to predict an executable action command for
the robot based on linguistic and visual information. After
executing the action, the agent obtains a new set of visual
observations and predicts more actions until it completes the
sequence of low-level instructions.

B. Data Collection

Drawing inspiration from RLBench [8], we conduct
data collection in V-REP simulation [21], interfaced with
PyRep [7]. We collect data on 15 distinct manipulation tasks,
encompassing a spectrum from simple tasks (e.g., reach target)
to more challenging ones (e.g., stack cups). The number of
manipulation steps required ranges from 1 to 20. Fig 2 visually
showcases some of these tasks included in our benchmark.
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Fig. 2. We introduce NrVLM, a comprehensive benchmark comprising
multiple manipulation tasks annotated with fine-grained natural language
instructions. Visualization of select tasks from the benchmark is presented
in the top two rows. Additionally, we introduce difference task variations to
enrich the diversity and complexity of the benchmark, as demonstrated in the
bottom two rows.

This diverse array of task difficulties facilitates a comprehen-
sive evaluation of the trained agents’ performance.

To enhance the richness and complexity of our dataset,
we introduce variations within each task. These variations
involve introducing different object instances or altering shape
geometries, thereby augmenting the diversity of challenges.
Specifically, for manipulation tasks like "close-box" or "close-
microwave", we select specific object instances from PartNet-
Mobility dataset [17] that can replace the original objects
provided in RLBench. For example, in the case of the task
“close-microwave”, the size, type, geometry, and color of the
manipulated microwave vary in different task variations. These
selected objects exhibit different properties and characteristics,
contributing valuable variations to our dataset. We illustrate
some of these task variations in the two bottom rows of
Figure 2. Each task typically offers between 1 to 15 variations.

From these variations, we can generate an infinite number
of manipulation episodes for training and evaluation. Within
each variation, manipulation episodes differ in various aspects,
such as the initial position and orientation of objects on the
workbench, and the objects’ relative spatial arrangements.
Consequently, this results in diverse manipulation trajectories.
This design enriches the diversity of manipulation trajecto-
ries required to accomplish each task, thereby bolstering the
robustness of the trained agent.

All these tasks are categorized into three sets: a training
set, a validation set, and a test set. The training set includes
a total of 8 manipulation tasks with 46 variations, and both
the validation and test sets include a total of 15 manipulation
tasks (8 training tasks with an extra 7 novel tasks) with 82
variations. Each task comprises 300 manipulation episodes.
The allocation of episodes between the training, validation, and
test sets follows a ratio of 10:1:1. Our objective with this setup
is to assess the agent’s capability to successfully perform these

novel tasks with the guidance of low-level natural language
instructions. This evaluation helps us understand the agent’s
adaptability and generalization to new tasks and scenarios.

C. Fine-grained Instruction Annotation

In previous research on Visual Language Manipulation
(VLM) tasks, language instructions primarily consisted of
high-level descriptions. For example, an instruction for the
"close-box" task might be as simple as "shut the lid of the
box." The high-level descriptions remain totally the same
for different manipulation attempts in the same task. While
these high-level instructions convey the overall task objective,
we have observed that most manipulation tasks should be
accomplished by several steps and are naturally composed of
several key actions. Therefore, these high-level instructions
lack explicit guidance for the robot on how to perform these
actions and accomplish the task step by step. To address
this gap, we introduce the concept of fine-grained language
instructions to guide the agent to complete the task step by
step. Besides, the fine-grained language instructions are more
precise and diverse compared to the unchanged high-level
descriptions.

To generate fine-grained language instructions according to
the sequential manipulation steps, we first split each expert ma-
nipulation demonstration into several slices. Following previ-
ous work [12], [23], we conducted keyframe action extraction
to split the manipulation episode. The principle of keyframe
action extraction is based on two criteria: (1) the velocity of the
robot joints approaches zero, and (2) the gripper’s open state
changes. After splitting the demonstrations according to the
keyframe actions, annotators can describe the precise robotic
manipulation and provide fine-grained instructions for each
step.

These annotated natural language instructions include action
verbs, object noun phrases, and other details that explicitly
outline how the end-effector should complete each step of the
task. It is worth noting that the number of annotated natural
instructions is closely related to the complexity of the task.
Tasks of greater complexity, which demand a larger number
of steps for completion, are accompanied by longer sets of
fine-grained instructions. To maintain diversity and prevent
the emergence of overly uniform linguistic styles in fine-
grained instructions across different manipulation episodes,
each task requires at least ten distinct annotators to produce
the fine-grained natural instructions. Each annotator undergoes
an independent annotation process without access to others’
results. This approach significantly enhances the diversity of
language instructions, ensuring a broader range of language
styles and expressions.

IV. METHOD
A. Task Formulation

In our tasks, each demonstration is split into several steps,
with each step paired with a fine-grained language instruction
l and a keyframe action a. At each step, the agent receives
visual observations, linguistic guidance, and agent state. The
visual observation is the scene point cloud acquired from
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Fig. 3. The overall framework. The bottom part shows the manipulation process, where the Instruction Selection network (InstrSel) selects the appropriate
fine-grained language instruction, the Affordance network (AFF-NET) predicts the object-centric affordance map, and the Actor network (ACT-NET) predicts
the gripper action. The top part shows the alternative perception-prompt module and action-prompt modules, they enhance the Affordance and Actor networks
by aligning the noun-related perception-prompt set and verb-related action-prompt set. The two dotted arrows before Affordance and Actor networks indicate
that the prompt modules are optional. The entire method is trained in an end-to-end manner.

the RGB-D taken by depth cameras, while the linguistic
information contains both high-level and fine-grained language
instructions. The agent state is a 4-DoF vector that includes
1-DoF gripper open state and 3-DoF gripper position. Given
these multi-modal information, the agent is expected to predict
the gripper action @ = {Gpose, Gopen Aeollide }» Which includes
a 6-DoF pose, a 1-DoF gripper open state, and a 1-DoF
collision state that determines whether the motion-planner
uses collision avoidance to reach an intermediate pose. By
formulating this manipulation problem as a behavior-cloning
problem, we adopt key action as expert action to supervise the
agent’s predicted action for each step, enabling the agent to
learn from the expert demonstrations.

B. Framework Overview

Fig. 3 presents an overview of our proposed framework. We
will begin by discussing the bottom part of the figure, followed
by an explanation of the top section.

In the bottom part, at each step, given the current point
cloud observation, agent state, high-level instruction, and a
sequence of fine-grained language, we first utilize the In-
struction Selection network (InstrSel) (Sec. IV-C) to process
the multi-modal information and select the appropriate fine-
grained instruction from the fine-grained instruction sequence.
Next, we use Affordance network (AFF-NET) (Sec. IV-D)
to predict an object-centric affordance map that highlights
actionable areas (e.g., to open the door, the affordance map
highlights the door handle). Based on the affordance map,
we can filter out low-rated regions and select a contact point.

Finally, we incorporate Actor network (ACT-NET) (Sec. IV-D)
to predict the precise gripper position based on the selected
contact point, along with gripper rotation, open state, and
collision state.

In the top part of the figure, we aim to bridge the three
modalities including vision, language, and manipulation. We
introduce two prompt modules: the perception-prompt module
and the action-prompt module (Sec. IV-E). The perception-
prompt module enhances the Affordance network by aligning
the noun-related perception-prompt set, while the action-
prompt module improves the Actor network by aligning the
verb-related action-prompt set. For example, in the instruction
"grasp the drawer handle", the noun "handle" refers to a
specific object part that the agent should interact with, while
the verb "grasp" indicates the action should take. Thus, the
instruction noun connects the language and vision modalities,
while the verb connects the language and manipulation modal-
ities. Note that the integration of prompt modules is optional,
as illustrated in the bottom part of Fig. 3 where the two
gray dashed arrows before the Affordance and Actor networks
indicate the optional nature of prompt features.

C. Instruction Selection Network

Fine-grained language instructions provide the agent with
a step-by-step understanding of the manipulation task. After
receiving the sequence of fine-grained language instructions,
the agent first selects the appropriate instruction based on the
current scene. To process the multi-modal information, we use
pre-trained CLIP [20] to extract the text feature f;, for each
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fine-grained instruction and fr for the high-level instruction.
PointNet++ [19] is used to extract the global feature f, from
the point cloud observation, while an MLP network encodes
the agent state feature f. Subsequently, our Instruction Selec-
tion network, implemented as an MLP, evaluates the similarity
of each fine-grained language instruction f;, with the current
scene information, incorporating f,, f1,, and fs. We then apply
the softmax operation on the similarity score and obtain the
normalized weight to select the most related instruction. By
summing up the fine-grained language features f;, according
to the normalized weight, we can obtain the weighted feature
of the fine-grained language instruction f;. The normalized
weight is formulated as a one-hot vector and is supervised by
ground-truth one-hot vector under NLL loss. This Instruction
Selection network enables the agent to select the most related
instruction by comprehending both the fine-grained instruction
and the current scene.

D. Affordance Network and Actor Network

The Affordance network predicts affordance map for manip-
ulation task based on multi-modal information, indicating the
manipulation region for the agent. We use PointNet++ [19] to
extract the per-point feature f,,. The Affordance Network, im-
plemented as an MLP, takes as input the concatenation feature
fp» fs» fi, and fr, and outputs the affordance score € [0, 1] for
each point. Point-wise affordance score forms the affordance
map, from which we select a contact point p’ € R? with a
high affordance score. Following [26], we obtain the ground-
truth affordance by placing a 3D Gaussian on the ground-
truth interaction location from the expert demonstration. The
Affordance Network is supervised using binary cross-entropy
loss between the predicted affordance map and the ground-
truth.

The Actor network predicts the action based on the selected
contact point. Note that the gripper’ 3D position differs from
the contact point. For instance, in the case of lifting, the
contact point is located on the object, whereas the target
gripper position must be above the contact point. Conse-
quently, the movement offset is introduced since different
primitives require varying offsets in different directions at
the contact point. The Actor network predicts the movement
move € R® based on the selected contact point p’, and
the gripper position is then calculated using the formula
Aposition = P’ + move. Additionally, the network predicts the
rotation a,,; in a quaternion format, the gripper open state
@open» and the collision state acoiiqe. The predicted gripper
position aposition and rotation a,..¢ are combined to form the
gripper pose aposc. The Actor network includes one encoder
that takes the concatenated features of f,/, fs, fi, and fr, and
four decoders that predict Groves Qrots Gopen> and Aeollides
respectively. Both the encoder and decoders are implemented
using an MLP architecture. To supervise the predicted gripper
action, we use L1 loss for a,,ove, quaternion distance loss
for a,o, and cross-entropy loss for aopen and acoiige- The
quaternion distance loss is designed to minimize the difference
between the prediction ¢p,..q and the ground-truth gg7:

1
L(Qpreda QG’T) =1- i(qpred *qGT + qGT * Qpred)- (1)

E. Prompt module

The three modalities of vision, language, and manipulation
are intricately linked in Vision-and-Language Manipulation
tasks. Concretely, in fine-grained instruction, the verb focuses
on action knowledge, which connects the language and ma-
nipulation modalities, while the noun focuses on perceptual
knowledge, which connects the language and vision modal-
ities. Moreover, similar nouns in different instructions can
indicate similar target parts, while similar verbs can indicate
similar manipulation actions. To better leverage this corre-
spondence between the modalities for learning perceptual and
action knowledge, inspired by [13], we introduce the Prompt
module to explore multi-modal alignment knowledge and help
the agent better understand and execute the task.

To begin with, there are two types of prompts in our
tasks: perception-prompts, includes a fine-grained instruction
and the corresponding affordance map related to the noun,
and action-prompts, which combines a fine-grained instruction
and the corresponding action denoted by the verb. Since the
action cannot be isolated from a specific scene, we add visual
observation in action prompt pairs. Therefore, we can build
two prompt bases for perception and action based on the nouns
and verbs. The prompt bases can be thought of as a large
dictionary, where the key is the important nouns or verbs and
the value is the corresponding perception-prompt or action-
prompt.

The Prompt module is designed to learn multi-modal
alignment knowledge and consists of two sub-modules: the
perception-prompt module and the action-prompt module. The
perception-prompt module is designed to improve the Affor-
dance network. During training, the noun-related perception-
prompt set (the instruction and the corresponding observation)
is retrieved from the pre-built perception-prompt base and fed
into the perception-prompt module. This module uses the pre-
trained CLIP to extract the text feature fp, . ., and uses the
perception-prompt affordance network PP,;; to extract the
affordance feature f,,, s+ The PP,y consists of the same
Affordance network from the bottom part of Fig. 3 to predict
the affordance map, and PointNet++ to encode the global
feature fp,,,, of the affordance map. Finally, these noun-
related prompt feature (fpr,;;; fproo.,) are concatenated with
the original input features and fed into the Affordance network.

Similarly, the action-prompt module retrieves the verb-
related action-prompt set (the instruction, the corresponding
action, and the scene observation) from the pre-built action-
prompt base. The module uses the pre-trained CLIP to extract
the text feature f,, _ ,, the PointNet++ to extract the observa-
tion feature f,,.,,....., and an MLP to extract the action feature
Joraciion- These prompt features (fpr,.iions forvisions fproees)
are then concatenated with the original input feature and fed
into the Actor network.

To improve the performance of the frozen CLIP model
on our task, we add a shared soft-prompt [15], a vector
of 20-length learnable parameters, to each fine-grained in-
struction’s tokens. The soft-prompt parameters are updated
during training, enabling the text features to better align with
our task without requiring fine-tuning of the CLIP model.
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TABLE I
WE PRESENT A COMPARATIVE ANALYSIS OF OUR METHOD AGAINST BASELINE METHODS, REPORTING TASK SUCCESS RATES (BEFORE SLASH) AND
INSTRUCTION FOLLOWING RATES (AFTER SLASH) ON TRAIN TASKS (ABOVE) AND NOVEL TASKS (BOTTOM).

Train Tasks close box close door open drawer push button  slide cabinet turn tap take umbrella open bottle
PERACT 0.36 / - 0.72 /- 044 / - 0.40 / - 024 /- 0.76 / - 0.28 /- 0.52/-
BC-Z 044/ - 0.84 /- 0.00 / - 0.08 / - 0.20 / - 0.00 / - 0.16 / - 0.08 / -
PERACT + F 036/ - 0.84 /- 0.44 / - 0.44 / - 0.44 / - 0.68 / - 0.48 /- 0.56 / -
BC-Z + F 0.48 / 0.37 0.92 /045 0.12 /045 0.20 / 0.44 0.08 / 0.33 0.00/0.23 0.28 / 0.58 0.12 /042
Our w/o Pr 0.60 / 0.65 0.76 / 0.94 0.16 / 0.94 0.20 / 0.98 0.08/0.90 0.40/0.85 0.24 / 0.99 0.60 / 0.65
Ours 0.68 / 0.62 0.92 / 1.00 0.24 / 0.96 0.28 / 0.98 0.20/0.72  0.80/0.94 0.52 / 1.00 0.80 / 0.82
Novel Tasks close drawer  close laptop  close microwave lamp on open door open grill fetch drawer item  Average
PERACT 0.60 / - 0.40 / - 0.52 /- 0.08 / - 0.08 / - 0.28 /- 0.00 / - 0.38 /-
BC-Z 0.88 /- 0.04 / - 032/- 0.00 / - 0.04 / - 0.00 / - 0.00 / - 0.21/-
PERACT + F 0.68 / - 0.40 / - 0.60 / - 0.04 /- 0.08 / - 0.32/- 0.00 / - 042/ -
BC-Z + F 0.88 /0.44 0.16 / 0.29 0.36 /0.48 0.04 /043 0.16 /047  0.08/0.35 0.00 / 0.09 0.26 / 0.39
Our w/o Pr 0.88/0.58 0.28 7 0.59 0.28 /0.74 0.04 / 0.69 0.20/090 0.44/0.77 0.00 7 0.22 0.34/0.76
Ours 0.92 / 0.86 0.44 / 0.55 0.40 / 0.78 0.04 / 0.66 0.20/0.92 0.44/091 0.00 / 0.23 0.46 / 0.80

By utilizing the perception and action-prompts, the agent
can better leverage cross-modal action knowledge, which is
beneficial for guiding correct interaction.

To make each fine-grained language instruction have a
closer connection with the corresponding affordance maps
and actions, following [13], we introduce the multi-modal
alignment loss L,,.,,. Following InfoNCE [3] loss, £, aligns
the concatenation of the action feature and visual scene feature
(Foractions forvision) With the instruction feature f,,. . This
alignment encourages a multi-modal correspondence between
paired manipulation actions and language:

exp(fpraction&vision ’ fp'r"uerb+ /T)

ZkK:O exp(fp?'action&msion ’ fp’rve'r'bk /T)
, Where fipr, . ,ionceision donates the concatenation of fy,, .. ..
and fp,, ..., + denotes positive pair, k£ denotes the number
of all samples.

Besides, two fine-grained instructions with the same noun or
verb usually lead to similar manipulation, either similar contact
regions or similar actions. For example, to "grasp" an umbrella
handle or to "grasp" an item in the drawer, the agent should
take a similar action: move forward until it reaches the target
point and then close the two gripper fingers. Therefore, to
encourage the agent to focus on related actions or target object
parts, we introduce the consistency loss L¢,,,, and Lo
The L¢,,, aims to make the features fp,, . ..» fproo., Of tWO
instructions with the same verb closer:

’Ccverb = |fp7”verbl - fprverb2‘ . (3)

The L¢,,,, aims to make the features of two instructions
with the same noun closer, and the loss function is similar to
Le,..,- If two fine-grained instructions share the same noun,
the two predicted affordances fq;r1 and fqrr2 are supposed
to highlight similar regions. For example, to grasp the door
handle and to grasp the drawer handle, though the two handles
probably have different geometric shapes, the two affordance
maps should both highlight the two handles. To achieve this,
we use the consistency loss L¢, ;, to make the two affordance

map features closer:

Lcyy = farr = fassal 4)

L:an == *109( ) (2)

noun *

By using these loss functions, we can effectively align the
different modalities and improve the agent’s understanding and
execution of the task.

V. EXPERIMENTS

A. Experiment details

We conduct our experiments in the simulation environment
V-REP [21], interfaced with PyRep [7], and use a Franka
Panda robotic arm equipped with a parallel gripper. In the
benchmark, for each task, we offer comprehensive scene in-
formation along with demonstration waypoints and a script to
link the scene objects to the RLBench backend. It implements
task variations, specifying success criteria, and incorporating
additional intricate task behaviors. Input observations are
acquired from four RGB-D cameras strategically positioned:
one at the robot’s front, one at the left shoulder, one at the right
shoulder, and another on the robot’s wrist. It is noteworthy that
all these cameras are devoid of any noise and boast a resolution
of 128 x 128 pixels.

B. Baseline Comparision and Ablation Study

a) Evaluation Metric: We evaluate each multi-task agent
independently on 8 training tasks and 7 novel tasks, with
each task consisting of 25 evaluation episodes, totaling 375
episodes. We introduce two metrics to quantitatively evaluate
the methods. (1) To evaluate the quality of the action propos-
als, we report the average manipulation success rates per task.
During evaluation, the agent continues taking actions until an
oracle indicates task completion or until it reaches a maximum
of 25 steps. (2) To evaluate the effectiveness of the Instruction
Selection network in understanding the fine-grained instruction
sequence based on the current observation, we introduce the
metric Instruction Following. During inference, we feed all
steps in those 350 testing episodes to the Instruction Selection
network and calculate the accuracy of selecting the correct
fine-grained instruction.
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2.The gripper at the end of the arm opens and
closes around the saucepan, picking it up.
3.-

-, Provide a detailed account of how the
T gh level.s sentence) n a step-
by-step format. -~ You must present your
T T T e e

This is a video of one of the steps to
{high level sentence}, please describe
in detail what is done in the video.

on, The gripper loosened its grip on the drawer
LS handle.

Fig. 4. Instruction generating process for two large models (Minigpt4 on the
left). The red text in the green box is the important element missed by the
large models, "high_level sentence" is the high-level instruction of the current
task, and "steps_length" is the total number of steps.

b) Baselines: We compare our approach with four base-
lines and one ablated version:

« I-BC (Image-BC), an image-to-action agent similar to
BC-Z [9]. Following BC-Z, we use FiLM [18] for condi-
tioning with CLIP [20] language features. However, the
vision encoders take in RGB-D images instead of RGB,
and the vision encoder is implemented as a CNN. This
baseline only takes in high-level instructions without fine-
grained ones.

o PERACT, a behavior-cloning agent for multi-task 6-
DoF manipulation. It encodes language goals and RGB-
D voxel observations with a Perceiver Transformer. This
baseline also only takes in high-level instructions without
fine-grained ones.

e I-BC + F, which is based on I-BC. This baseline takes
in additional fine-grained instructions, and we build an
Instruction Selection network for it to select the suitable
instruction according to the current scene.

e PERACT + F, which is based on PerAct. This baseline
also takes in additional fine-grained instructions.

e Our w/o Pr: an ablated version of our method that
removes the Prompt Module.

Table. II shows the task success rates (before slashes).
We observe that our method outperforms all counterparts.
Compared to pure high-level instructions, the fine-grained
instructions can improve the manipulation accuracy since they
guide the agent to complete the overall tasks step by step.
Additionally, the ablation study demonstrates that the intro-
duction of the Prompt module further boosts performance by
aligning features between different modalities and providing
perception and action knowledge.

Table. II also shows the Instruction Following numbers
(after slashes). We find that our method can choose the right
fine-grained instruction based on the current scene, which
demonstrates the effectiveness of our approach in understand-
ing and executing fine-grained instructions.

C. Instruction Generation

Large language models have revolutionized text annotation
by automating labor-intensive and repetitive tasks, significantly
reducing human effort. This innovation has accelerated the
traditionally time-consuming process, making it more effi-
cient. These models are also highly adaptable to specific

TABLE III
QUANTITATIVE RESULTS OF THE LANGUAGE INSTRUCTIONS GENERATED
BY LARGE LANGUAGE MODELS, DEMONSTRATING THE VALUE OF
HUMAN-ANNOTATED FINE-GRAINED INSTRUCTIONS.

Method Bleu score Rouge score
Minigpt4 11.94 30.48
Video-LLaMA 7.11 36.74
Video-LLaMA (fine-tune) 15.07 34.74

tasks without requiring retraining, showcasing their versatility
across various domains. Moreover, they excel in minimizing
annotation errors, thereby elevating data quality and boosting
the performance of machine learning and natural language
processing applications.

a) Models: To evaluate the effectiveness of large lan-
guage models in offering precise instructions for our NrVLM
dataset, we conduct experiments employing two distinct
models: Minigpt4 [31] and Video-LLaMA [29]. Specifically,
Minigpt4 is utilized for tasks involving image-based question
and answer tasks. For this, we select an RGB image captured
from a frontal perspective of each manipulation episode, with
the corresponding question template depicted in Fig. 4. On
the other hand, the Video-LLaMA model adopts video-based
question and answer tasks. Here, we input the video corre-
sponding to each manipulation step to derive answers based
on the question templates showcased in Fig. 4. To enhance the
Video-LLaMA model’s suitability for manipulation tasks, we
fine-tune it using the training set tasks from our benchmark.

b) Metrics: We adopt two primary metrics in natural
language processing, namely Bleu (Bilingual Evaluation Un-
derstudy) [1] and Rouge (Recall-Oriented Understudy for
Gisting Evaluation) [14]. The Bleu score plays a pivotal role
in assessing the accuracy of machine-generated translations,
while the Rouge score quantifies the overlap between machine-
generated summaries and human reference summaries. In our
experiments, manually labeled language instructions serve as
ground truth, and these two metrics are employed to assess
the quality of the results generated by the two large language
models.

c) Analysis: The Bleu and Rouge scores are both in the
range of 0 to 100, and the results in Table.Ill indicate that
both Minigpt4 and Video-LLaMA’s generated results perform
very poorly in terms of accuracy and recall. After fine-tuning
on the manipulation tasks in our training set, Video-LLaMA’s
generated results can achieve a little gain on Bleu compared
to the original Video-LLaMA, but the overall quality of the
generation is still very low. These outcomes clearly emphasize
that although the large language model demonstrates a degree
of understanding when presented with input images or videos,
its accuracy notably lags behind in generating manipulation
outputs, let alone serving as instructions for guiding agent
movement. As a result, the manually curated fine-grained
natural instructions in our NrVLM benchmark hold significant
value and necessity, particularly in tasks that involve intricate
planning and precise manipulation.
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VI. CONCLUSIONS

In this paper, we introduce the NrVLM benchmark, offering
detailed natural instructions to assist agents in executing
complex tasks sequentially. Alongside this benchmark, we
present a framework for instructions following and establish-

ing
ing

a manipulation-aware multi-modality alignment, improv-
the accuracy of manipulation. Our work shows that fine-

grained instructions significantly enhance the learning and
performance of robot policies. We recommend fine-grained
instructions inclusion in future robotic datasets to support more
research in training agents.
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