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Figure 1. Overview of VLABench. VLABench is a large-scale language-conditioned manipulation benchmark to evaluate the compre-
hensive skill learning and generalization ability of action policies especially pre-trained vision-language-action models.

Abstract

General-purposed embodied agents are designed to under-
stand the users’ natural instructions or intentions and act
precisely to complete universal tasks. Recently, methods
based on foundation models especially Vision-Language-
Action models (VLAs) have shown a substantial potential
to solve language-conditioned manipulation (LCM) tasks
well. However, existing benchmarks do not adequately meet
the needs of VLAs and relative algorithms. To better de-
fine such general-purpose tasks in the context of LLMs and
advance the research in VLAs, we present VLABench, an
open-source benchmark for evaluating universal LCM task
learning. VLABench provides 100 carefully designed cat-
egories of tasks, with strong randomization in each cate-
gory of task and a total of 2000+ objects. VLABench stands
out from previous benchmarks in four key aspects: 1) tasks

requiring world knowledge and common sense transfer, 2)
natural language instructions with implicit human inten-
tions rather than templates, 3) long-horizon tasks demand-
ing multi-step reasoning, and 4) evaluation of both action
policies and language model capabilities. The benchmark
assesses multiple competencies including understanding of
mesh&texture, spatial relationship, semantic instruction,
physical laws, knowledge transfer and reasoning, etc. To
support the downstream finetuning, we provide high-quality
training data collected via an automated framework incor-
porating heuristic skills and prior information. The exper-
imental results indicate that both the current state-of-the-
art pretrained VLAs and the workflow based on VLMs face
challenges in our tasks. 12.

1Codes and more videos are available at https://vlabench.github.io/
2Corresponding to: sdzhang23@m.fudan.edu.cn, xpqiu@fudan.edu.cn
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1. Introduction
Language-conditioned manipulation represents a funda-

mental challenge in embodied AI and a stepping stone
toward Artificial General Intelligence [1, 5, 14]. Such
tasks require agents to master multiple capabilities: inter-
preting natural language instructions, understanding com-
plex environments, making decisions, formulating plans,
and executing precise actions. The rapid advancement
of Large Language Models (LLMs) and Vision-Language
Models (VLMs) [1, 15] has revolutionized the field with
their impressive general abilities in semantic understand-
ing, coding, planning, and reasoning. The strong gen-
eralization capabilities has inspired two main approaches
in language-conditioned manipulation: pre-training vision-
language-action models using large-scale robotics data, as
demonstrated by RT-2 and Palm-E [5, 14, 50], and inte-
grating foundation models into agent workflows, like Vox-
Poser and Copa [24, 25], which combine LLM/VLM out-
puts with grasp prediction [16, 17] and motion planning al-
gorithms [28].

While real-world robotics experiments provide valuable
insights, their complexity and environmental variability of-
ten challenge reproducibility. Simulation-based evalua-
tion has emerged as a fair and practical alternative. Ex-
isting benchmarks like RLBench, Calvin, and LIBERO
[27, 38, 45] offer diverse task sets but fall short in address-
ing the unique requirements of foundation model-based
methods. Tasks designed to align with the capabilities of
foundation model-based algorithms should encompass nu-
anced semantic understanding of user intent, the integration
of common-sense knowledge, and a robust ability to inter-
pret diverse visual scenes, as well as require sophisticated
multi-step reasoning. Such tasks demand a sophisticated
integration of multimodal understanding to effectively in-
terpret and respond to complex, real-world contexts. For
example, one of the tasks in RT-2 [5] is “move the Coke can
to Taylor Swift”, while another task in CoPA [24] is “make
me a cup of pour-over coffee”. The first task challenges the
robot to use common sense to identify Taylor, a capabil-
ity of knowledge transfer that previous policies struggled
to achieve. The second task further intensifies the diffi-
culty, requiring the robot to decompose the task into sub-
tasks and execute the steps to operate a coffee machine—a
long–horizon challenge that has previously been difficult
for a single policy to accomplish.

To better define the types of language-conditioned ma-
nipulation tasks suited for foundation models and pro-
vide a standardized evaluation suite to advance robotics re-
search, we introduce VLABench. VLABench is an open-
source benchmark specifically designed for methods utiliz-
ing foundation models. The tasks in VLABench are care-
fully divided into several dimensions to evaluate models
across various aspects, including 1) Mastery of common

sense and world knowledge, 2) Understanding of mesh
and texture, 3) Comprehension of semantically rich in-
structions, 4) Spatial understanding, 5) Grasp of physical
rules, and 6) Reasoning ability. For benchmarking pur-
poses, VLABench offers 100 task categories with compre-
hensive evaluations across various methods. With a diverse
collection of over 2,000 3D objects and scenes, VLABench
creates a wide range of visual contexts and tasks. It enables
the assessment of generalization capabilities through learn-
ing across multiple skills, providing thorough evaluations
spanning visual, linguistic, planning, knowledge transfer,
and action dimensions.

To ensure fair comparison and evaluation, we develop an
automated data collection framework to construct standard-
ized datasets for each task, supporting model training and
fine-tuning. Using this dataset, we conduct extensive ex-
periments to evaluate and benchmark three distinct types of
approaches: pre-trained VLA, workflows integrating foun-
dation models, and vision-language models (VLMs). The
experimental results indicate that existing VLA methods
perform poorly on our tasks and don’t exhibit the level of
generalization abilities or the “emergent” phenomena ob-
served in large models [61]. We summarize contributions
as follows:
• We propose VLABench, the first benchmark designed to

comprehensively evaluate the capabilities of VLAs and
VLMs in robotics manipulation tasks, covering multiple
dimensions such as skills, vision, language, task execu-
tion, common sense, and reasoning.

• We define 100 novel LCM tasks tailored to the capabil-
ities of foundation models within a standardized evalua-
tion framework. These tasks require a deep understanding
of semantics, vision, space, and physical laws, as well as
the ability to plan long-horizon tasks and transfer world
knowledge and common sense into task execution.

• We provide a scalable data construction framework and
a standardized evaluation dataset. This automated data
construction approach facilitates future research on pre-
training robotics data.

• Our experiments demonstrate that current pre-trained
VLAs have yet to exhibit the strong generalization capa-
bilities observed in LLMs, and existing SOTA VLMs also
show limitations in embodied scenarios.

2. Related Works
Benchmarks and Datasets. Numerous benchmarks such
as RLBench and LIBERO [27, 35, 38, 45, 66] have been
proposed to evaluate language-conditioned manipulation
policies. A comparison of these benchmarks is provided
in Table 1. However, most of these focus on skill learn-
ing and fail to sufficiently address long-horizon planning
capabilities. Meanwhile, some benchmarks [52, 55, 63]
address room-scale mobile manipulation tasks that require
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Benchmarks SemLang LogiReason Knowledge DL DR N-task Cate-obj N-obj AI-Gen MultiCam PCD Cross Emb Auto Traj

Alfred[52] ✗ ✗ ✗ - ✗ 7 - 3578 ✗ ✗ ✗ ✓ ✗
Rlbench[27] ✗ ✗ ✗ 28.86 ✓ 100 28 168 ✗ ✓ ✗ ✗ ✓
Calvin[45] ✗ ✗ ✗ 40.00 ✗ 34 5 30 ✗ ✓ ✗ ✗ ✗

ManiSkill[21, 46, 56] ✗ ✗ ✗ - ✓ 20 100 2600 ✗ ✓ ✓ ✓ ✓
LIBERO[38] ✗ ✗ ✗ 17.96 ✓ 130 51 75 ✗ ✗ ✗ ✗ ✗

RoboCASA[47] ✗ ✗ ✗ - ✓ 100 153 2509 ✓ ✓ ✗ ✓ ✓
ARNOLD[20] ✗ ✗ ✗ - - 8 - 40 ✓ ✓ ✓ ✗ ✓

SimplerEnv[35] ✗ ✗ ✗ 27.66 ✓ 8 - 17 ✓ ✓ ✓ ✗ ✓
Behavior-1K[32] ✗ ✗ ✗ - - 1000 2211 9331 ✗ ✗ ✗ ✓ ✗
Habitat 2.0[55] ✗ ✗ ✗ - - 3 46 169 ✗ ✗ ✗ ✗ ✗

VLABench ✓ ✓ ✓ 75.96 ✓ 100 163 2164 ✓ ✓ ✓ ✓ ✓

Table 1. Comparison of popular benchmarks in robot learning. SemLang: semantically non-template rich language instructions. LogiRea-
son: task logic and relevant information reasoning. Knowledge: tasks require the application of common sense and world knowledge.
DL: quantitative task difficulty level. DR: task domain randomization. N-task: total number of tasks. Cate-obj: categories of assets used
in the simulation. N-obj: total number of objects in the asset library. AI-Gen: use of generative AI models for asset library creation.
MultiCam: use of multiple cameras. PCD: support point cloud data in 3D methods. Cross Emb: support for cross-embodiment. Auto
Traj: supporting automated data collection.

long memory and reasoning. Yet, these interactions typi-
cally occur through interfaces, rather than direct physical
manipulation, limiting the transferability of learned poli-
cies to real-world scenarios. Additionally, while efforts
[21, 32, 38, 47] have made strides in task format, difficulty,
and scale, these benchmarks have largely overlooked the
guiding role of language in tasks, often relying on template
instructions. VLABench is the first to introduce features
such as natural human interaction, implicit goal-oriented
semantics, and requirements based on common sense into
robot manipulation tasks, as shown in Figure 20. In terms of
generalization evaluation, previous works [27, 38, 45] typ-
ically assess models at the instance level within the same
category, which limits their ability to evaluate generaliza-
tion across diverse object categories or different tasks within
the same skill set. In contrast, VLABench is the first bench-
mark to evaluate generalization capabilities across a wide
range of tasks, object types, and task categories, providing
a more comprehensive assessment of model versatility.

Large-scale datasets have been built in both real and sim-
ulation [6, 47, 50, 60] for large-scale imitation learning.
However, real-world data faces challenges related to scala-
bility, making it difficult to gather sufficient data at scale [4].
Simulated datasets, while more scalable, often suffer from
limited diversity in scenarios and tasks [27, 45], and still re-
quire teleoperation [20, 38] for data collection. VLABench
addresses these limitations by offering a broader range of
tasks that are more closely aligned with real-world condi-
tions, covering diverse aspects of vision, language, tasks,
and skills. Furthermore, it introduces an efficient and ro-
bust process for the automated generation of simulated data,
significantly enhancing task diversity and scalability.
Pretrained Vision-Language-Action Models. The recent
rise of multimodal models [1, 13, 40, 65] and the organiza-
tion of operational datasets [49, 60], have led to the integra-
tion of vision-language-action models (VLAs) [4, 5, 14, 30]
into language-conditioned manipulation tasks. While the

term VLA generally refers to models that combine visual
and language inputs for policy learning, we focus specifi-
cally on approaches leveraging pre-trained models. Several
works [4, 14, 30] have applied further training to pre-trained
vision-language models (VLMs) for language-conditioned
manipulation. These models demonstrate impressive gener-
alization to unseen objects and tasks, yet their control pre-
cision is somewhat limited by the discretization of actions
[51]. To address this limitation, some approaches have ex-
plored using diffusion models [9, 51] as policy networks
or using diffusion decoders [3, 34, 62]. Pre-trained models
based on diffusion models [37, 43] have shown promising
advancements in improving continuous space distribution
learning. VLABench includes a selection of these represen-
tative methods for comprehensive evaluation.
Framework Utilizing Foundation Models. Pre-trained
language models [6, 15, 53] and vision-language models
[1, 42] have demonstrated strong generalization and versa-
tility. Some researchers [24, 25, 39] combine the general
perception and cognitive abilities of these pre-trained mod-
els with traditional planning and control algorithms to cre-
ate agent workflows. These frameworks allow robots to per-
form complex zero-shot manipulation tasks without requir-
ing additional training. To harness the capabilities of foun-
dation models for manipulation, some works [25, 26, 36]
utilize the code comprehension and generation abilities of
large language models alongside motion planning optimiza-
tion algorithms to tackle fundamental manipulation tasks.
Additionally, some methods [23, 24] leverage large mod-
els to decompose long-horizon tasks into subtasks, then
integrate perception and trajectory generation modules to
construct the entire manipulation pipeline. However, most
zero-shot methods of this kind heavily rely on prompt de-
sign [25], the accuracy of each module, and even the spe-
cific parameters of the models being invoked [24]. While
these methods demonstrate strong generalization, they of-
ten face challenges with accuracy. VLABench provides a
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zero-shot evaluation framework to assess the performance
of such workflows and offers insights into their effective-
ness.

3. VLABench

3.1. Task Description

VLABench is composed of 60 primitive and 40 com-
posite tasks, categorized by task difficulty levels. These
tasks are designed to encompass a rich variety of skills
while covering ample visual and language semantic infor-
mation. For skill learning, 100 tasks in VLABench cover a
wide range including 1) Pick&place, 2) Open&close door,
3) Open&close drawer, 4) Hang objects on the wall, 5) Use
tool e.g. Hammer nail, 6) Press button, 7) Insert, 8) Pour,
9) Twist, and 10) Explore. In addition, VLABench places
greater emphasis on real-life scenarios and essential daily
tasks, representing more interactive language instructions,
a wider variety of task settings, the integration of common
sense and societal knowledge, and long-horizon tasks re-
quiring logical planning, as shown in Figure 2. Notably,
VLABench adopts a stricter definition of task generaliza-
tion, which will be elaborated on in the Section 3.3. The
whole task list can be found in supplementary material.
Primitive Tasks. Primitive tasks are divided into five di-
mensions, each corresponding to the assessment of a spe-
cific ability dimension.
• Mesh&Texture Understanding. This type of task re-

quires the model to recognize different meshes and un-
derstand various texture features. Take the SelectToy task
shown in Figure 2 (a) as an example, the robot is directly
required to place a specific toy e.g. Aquaman into a re-
ceptacle. The model must possess strong visual capabil-
ities to accurately recognize such complex meshes and
textures.

• Spatial Understanding. Spatial understanding tasks in-
volve various spatial relationships, such as the n-th left-
/right position, inside/outside of a receptacle, the m-th
row and n-th column, near/far, and beside a specific ob-
ject, representing relative positional relationships. Figure
2 (b) shows one case in task in PullBook. Such a complex
relative positional relationship imposes extremely high
demands on the model’s multimodal understanding [8].

• Common Sense & World Knowledge. Tasks relative
to common sense/world knowledge require the agent to
transfer the knowledge gained in the pre-train stage to
solve the problem. The task shown in Figure 2 (c) re-
quires the agent not only to recognize different types of
flowers from visual information but also to leverage world
knowledge to determine that “the tulip is the national
flower of the Netherlands”.

• Semantic Understanding. This type of task emphasizes
the complexity, subtlety, and natural interactivity of lan-

guage instructions. Task objectives are often implicitly
conveyed through a natural conversation. To perform well
in GetDrink task as Figure 2 (d) shown, the agent must
capture the implied request from a lengthy instruction: to
take out a chilled cola from the refrigerator.

• Physical Law. This type of task expects the robot to in-
tegrate visual information and take correct actions based
on physical principles and real-time observation. In Us-
eSeesaw task in Figure 2 (e), the robot is commanded to
grasp an object that can not be achieved directly. The
agent must recognize the need to apply the principle of
leverage by using sufficient weight to lift the target object
on the other end.

Composite Tasks. Composite tasks in VLABench involve
the combination of multiple skills, long-term task planning,
and multi-step logical reasoning from instructions, scenes,
and even game rules. Figure 2 (f) showcases a variety of
challenging complex tasks. Composite tasks have a signif-
icantly longer trajectory horizon, with an average episode
length exceeding 500 timesteps—considerably more than
the average of 120 timesteps for primitive tasks. In Figure
2 (f1), the agent must not only correctly identify all poker
cards from visual information and use world knowledge of
poker rules to select the best hand, but also flip face-down
cards to acquire complete information. This type of task,
requiring the agent to consciously fulfill prerequisite condi-
tions, has never been modeled before. Composite tasks also
require extracting the user’s implicit needs from natural dia-
logue. The case in Figure 2 (f2) needs the agent to place the
Python textbook on the table and open the laptop, without
direct instruction. More cases are shown in Figure 20.

3.2. Task Difficulty Level
VLABench stands out among language-conditioned ma-

nipulation benchmarks not only for its multi-dimensional
task design and evaluation but also for its hierarchical dif-
ficulty levels. The difficulty level (DL) is quantified using
three metrics: task variants [27, 44], task sub-steps, and rea-
soning steps. These metrics quantify the overall task diffi-
culty level from the perspectives of generalization difficulty,
normalized episode horizon length, and intelligence. The
detailed computation of DL is provided in Section 6.3. As
shown in Table 1, VLABench’s difficulty level surpasses all
previous benchmarks and introduces new challenges that a
VLA model should overcome.

3.3. Benchmark
Evaluation. VLABench organizes evaluations into three
categories: assessments of pretrained or fine-tuned vision-
language-action (VLA) models, heuristic workflows that
integrate foundation models with various algorithms, and
multi-dimensional evaluations of vision-language models.
• Generalization Ability of VLAs. For pre-trained VLA
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（a) Mesh & Texture

Instruction: “Ah, I just spent an hour 
working out at the gym. I’m so thirsty 
now. I really go for an ice-cold soda!”

Instruction: “Get the fruit from the 
container”

Instruction: “We are playing Texas 
Hold’em game! Choose your largest 
combination on the table.”

Instruction: “ Shortly, I’m going to 
work on my Python course assignment. 
Help me set up my desk.”

Instruction: “I’d like to make a garlic
eggplant dish. Prepare the ingredients 
I will use, thanks!

Instruction: “Could you please show the 
acid base neutralization experiment?”

Instruction: “I have to go to class this 
afternoon but I’m so sleepy! I want to 
have latte.”

Instruction: “Please put Aquaman into 
giftbox.”

(f) Type: Composite

Instruction: “Take out the second book 
from the right on the top layer of the 
shelf.”

(b) Spatial Understanding

Instruction: “Insert the national flower 
of the Netherlands into the vase.”

(c) Common Sense & World Knowledge (d) Semantic Understanding (e) Physical Law

(f1) Play Texas Hold‘em (f2) Manage Study Table (f3) Cook Dishes as Menu (f4) Take Chemistry Experiment (f5) Get Latte Coffee

Figure 2. Task examples in each dimension. The first row showcases examples of primitive tasks from Section 3.1, while the second row
presents examples of composite tasks.

models, the evaluation focuses on the model’s generaliza-
tion ability across multiple dimensions. In the standard
evaluation, we have set up six evaluation tracks.
– Track 1: Rapid downstream task transferability and

skill acquisition ability. The evaluation episodes use
objects seen in the training set, with minimal differ-
ences.

– Track 2: Cross-category visual generalization. The
evaluation episodes use unseen categories of objects as
the target entity for evaluation.

– Track 3: Common sense application. Building upon
Track 1, replace parts of the instructions that directly
reference the target object with content requiring com-
mon sense reasoning in evaluation episodes.

– Track 4: Semantically rich instruction adaptation.
Building upon Track 1, replace the instructions with
unseen and more complex ones.

– Track 5: Cross-domain behavior transferability. The
evaluation tasks are replaced with ones that differ from
those in the training set, but require similar actions.

– Track 6: Long-horizon task learning. Training and
evaluation using more challenging composite tasks re-
quire additional skills and reasoning.

• Zero-shot Transfer Ability of Heuristic Workflow.
Training-free workflow methods are evaluated under sets
of tasks in all dimensions mentioned in Section 3.1. We

also extend the evaluation to cover various skills and
long-horizon tasks to assess the overall capability and ex-
ecution robustness of the workflow. All agents are evalu-
ated in a zero-shot setting.

• Comprehensive Evaluation of VLMs’ Capabilities.
Similar to heuristic workflows, the evaluation of VLMs
is also comprehensive. Since VLMs lack intrinsic ac-
tion capabilities, we organized a skill library and inte-
grated it into a domain-specific language (DSL) [48, 54],
leveraging annotated asset information as prior knowl-
edge. This DSL functions as a straightforward API that
VLMs can call, enabling efficient interaction. The evalu-
ation pipeline is shown as Figure 3 and the details will be
discussed in Section 9.3.

Metric. In addition to the success rate (SR), considering the
long-horizon nature and high difficulty level of our tasks,
we introduce the intention score (IS) and progress score
(PS) for more granular evaluation. Intention score is a use-
ful soft metric measuring the correctness trend in selecting
the target object for the operation especially when sub-tasks
are not yet completed. The discrete version metric is:

IS =

{
1, if distancemin < ϵ

0, otherwise
(1)

where distancemin is the minimum distance between the
end-effector’s position and the target entity, and ϵ is empiri-
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Data Production Model Inference Evaluation

Instruction

Answer of Model

Extract

We're playing Texas hold'em game! What's your 
largest cards? Show me on the placemat

Original RGBs Visual Prompted RGBs To generate the skill 
sequence based on the 
provided task: 
### Task Instruction:…
### Task Analysis:…
### Output:  {Json}

Skill Library

"name": "pick"
"params":{…}

"name": "pour"
"params":{…}

More Skills…

Reference

Generate

Execute Sequence

"name": "pick"
"params":{
"target_entity":15}

"name": "place"
"params":{
"target_container":1}

Match

Score

DAG of Predicted
Task Sequence

DAG of Expert
Task Sequence

Compute

Figure 3. Evaluation pipeline for VLMs. Step 1: Sample the required four-view images, as well as those segmented with numerical
information, from the simulation. Meanwhile, save the corresponding instructions and operation sequences. Step 2: Input the original and
annotated images and the instructions into the model. Then, obtain the model’s output and extract the generated operation sequence. Step
3: The two operation sequences are evaluated using four metrics, which are weighted and summed to produce the final score. The red
part represents the error output of the model, where the red solid arrows represent the dependencies generated by the error, and red dashed
arrows represent the dependencies lost by the error.

cally set to 0.15 meters in most cases after experimentation.
The progress score refers to the completion level of sub-
tasks in a long-horizon task and serves as a softer process
supervision metric compared to the success rate.

PS = Ndone/Nsub (2)

where Ndone is the number of completed sub-tasks, and
Nsub is the total number of task sub-tasks.

3.4. Dataset Construction
Trajectory Generation. As human teleoperation is time-
consuming and not scalable [38, 47], we developed an effi-
cient, scalable automated data collection pipeline based on
our custom skill library. Inspired by [20], our data collec-
tion framework leverages the prior information including
point clouds of the environment, annotated entities’ grasp-
points, target entity at the current step, etc. The data collec-
tion framework includes multiple task-specific motion plan-
ners. These motion planners call upon the skills in the skill
library based on the current task progress and determine pa-
rameters by incorporating prior information. Subsequently,
the selected skills generate trajectories using RRT [29], with
quaternion interpolation achieved through spherical linear
interpolation. The final trajectory is smoothed using a
Bezier curve to optimize path quality. To enhance sample
efficiency, reject sampling and failure-triggered early ter-
mination are applied. We demonstrate the superiority of our
data framework through comparative experiments. Detailed
analysis can be found in Section 8.3.
Data Diversity and Quality. During the data construc-
tion process, we introduced diverse task variants and do-
main randomization across different episodes of the same
task to ensure the diversity of the training data, as discussed

in Sections 6.1 and 6.4. Following the approach of previous
benchmarks built on Mujoco [38, 47], the dataset is stored
in the same format, with similar visual rendering quality and
trajectory accuracy. We further analyze the data quality in
Section 8.5.
Instruction Augmentation. We use GPT-4o [1] to gener-
ate descriptions that incorporate target-specific characteris-
tics and interactive instructions that encompass a variety of
contexts and intentions. Section 8.4 provides more details
of the instruction generation.

4. Experiments
Following Section 3.3, we conducted experiments cen-

tered on pre-trained VLA models, workflows incorporating
multiple algorithmic modules, and various VLMs. The re-
mainder of this section provides a detailed description of
the experimental setup.

4.1. Generalization Ability of VLAs
Pretrained VLAs are expected to possess robust general-

ization and versatility similar to LLMs. Experiments about
are set to address the following research questions:

Q1: Do pre-trained VLAs exhibit stronger general abili-
ties with unseen categories of objects?

Q2: Can pre-trained VLAs transfer their general knowl-
edge and behavioral abilities to similar but unseen tasks?

Q3: Can pre-trained VLAs understand natural user in-
teractions and implicit goal requirements?

Q4: Do pre-trained VLAs have the potential to transfer
their world knowledge to related tasks?

Q5: Can existing VLA architectures accurately support
the completion of long-horizon tasks?
Experiment Setup. To investigate the questions outlined
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Model Track 1 Track 2 Track 3 Track 4 Track 5 Track 6
IS PS SR IS PS SR IS PS SR IS PS SR IS PS SR IS PS SR

Octo[57] 32.0 5.6 2.0 20.4 2.0 0.0 22.0 2.8 1.2 26.8 4.0 1.2 13.6 0.0 0.0 17.2 3.0 0.0
OpenVLA[30] 50.0 13.2 6.4 35.6 7.0 3.2 38.0 8.0 3.2 38.0 9.2 2.8 16.0 0.0 0.0 28.8 9.6 0.4
RDT-1B[43] 50.0 14.3 6.0 39.2 8.2 3.2 36.0 7.2 4.0 35.6 8.0 4.4 20.4 0.0 0.0 21.6 9.2 0.0
π0-Base[3] 59.6 29.3 13.2 49.6 21.4 6.0 60.4 20.0 5.2 60.4 19.3 3.6 22.0 0.0 0.0 34.4 12.8 2.0
π0-Fast[3] 59.9 25.5 9.2 47.6 16.5 2.4 50.0 15.4 3.6 52.0 17.2 6.8 25.6 0.0 0.0 34.0 14.4 1.6

Table 2. Overall experiment result of 6 evaluation tracks of fine-tuned VLAs. The detailed result of each task is reported in Table 9.

above, we fine-tuned various pre-trained VLA architectures
[3, 30, 43, 57] on our high-quality dataset, and evaluated
them on different tracks mentioned in Section 3.3 to as-
sess their performance across a range of tasks and condi-
tions. Considering the high task difficulty, we selected five
primitive tasks for experiments in tracks 1 to 5, with 200
data samples per task, and trained the models following a
multitask training approach, following the setting in previ-
ous work [3, 43]. We then assessed the models across 50
episodes for each task, resulting in a total of 250 trials per
track. For track 6, we selected five composite tasks, keeping
the other settings consistent. Section 9.1 provides a com-
plete list of tasks in different tracks and details of the model
fine-tuning process.
Result and Analysis. Table 2 presents the evaluation re-
sults across multiple tracks. These models perform poorly
on most of tasks, as they are trained on a more diverse and
limited set of fine-tuning data, with a higher difficulty level.
Through the experimental results of each track and compar-
isons across different tracks, our analysis is as follows:
• The primary cause of poor performance is the insufficient

ability for rapid transfer in downstream tasks. Episodes
in Tracks 1 and 6 closely resemble the training set, pri-
marily assessing the model’s basic fitting ability. Despite
this, the models still perform poorly on certain tasks. We
believe the main reason for the failure of most generaliza-
tion experiments is the inaccuracy in basic action genera-
tion, especially Octo.

• Pre-trained VLA models exhibit some ability to handle
unseen object categories. By comparing the results of
Track 1 and Track 2, we observe that although all models
experience a performance decline in Track 2, they are still
able to complete a small subset of tasks. This is likely due
to the benefits of large-scale robotics data pretraining or
even earlier VLM pretraining.

• Performance decline with unseen semantic language. By
combining the experimental results of Track 3 and Track
4, we find that the model’s language understanding abil-
ity has deteriorated by a larger margin. Among these, the
performance decline is more pronounced in models based
on non-VLM architectures: RDT’s progress score de-
creases by 45.2% while OpenVLA and π0 only decreases
by 31.3% and 34.2%, respectively, in Track 4.

• Nearly absent cross-domain transferability. We found that
all the models fails to perform similar but unseen tasks,

due to significant visual and linguistic input differences.
These policies exhibit uncertainty in behavior when faced
with unfamiliar tasks, resulting in IS that are similar.

We further analyze that data scaling and pre-training con-
tribute positively to the model’s performance Through ba-
sic ablation experiments. We also discuss in detail the po-
tential issues with current VLAs, such as multimodal data
co-training and model architecture designs. These discus-
sions are presented in Section 10.1. We also discuss the gap
between real and simulated environments in Section 10.2.

4.2. Zero-shot Ability of Agent

For our evaluation of foundation model-based algo-
rithms, we reviewed two state-of-the-art frameworks, Vox-
poser [25] and CoPA [24], and the comparison results are
shown in Figure 4. Given Voxposer’s dependence on large
language models (LLMs), we assessed Voxposer’s per-
formance with and without visual perception capabilities.
While Voxposer performed adequately on basic tasks and
achieved the Progress Scores of 30–40, its reliance on LLM-
driven motion planning often led to grasping failures due to
limited information for effective grasp planning, especially
when interpreting rotation in non-visual contexts, resulting
in low overall scores.

Interestingly, the foundational LLM alone maintained
relatively stable scores in semantic understanding and rea-
soning tasks without visual input. However, adding vi-
sual perception slightly reduced performance in these ar-
eas while significantly improving spatial reasoning, where
LLM-only setups struggle with spatial accuracy due to lack
of spatial information.

The lack of closed-loop feedback limits these mod-
els’ ability to perform physical reasoning tasks, particu-
larly those involving dynamic interactions, leading to lower
scores in this dimension. Both models struggle with high-
complexity tasks, succeeding mainly in entity recognition
but performing poorly in long horizon task reasonable
breaking down. This finding underscores the requirements
for advancing foundational model-based frameworks to ad-
dress complex reasoning. In fact, although the methods
mentioned above emphasize their zero-shot capabilities and
generalization to new scenarios, their modular design often
limits the upper bound of their performance. A more de-
tailed discussion of this can be found in Section 10.3.
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graph inference, which is required for the other models.

4.3. Comprehensive Ability of VLMs

We referred to the evaluation results of multiple series of
VLMs provided by OpenCompass [11] and selected models
from different families [1, 2, 7, 19, 22, 41] with strong over-
all performance as shown in Figure 5. We evaluate the com-
prehensive performance of these models with the dataset
derived from naturally self-contained information within a
simulated environment. This dataset consists of a complex
set of tasks designed to assess the VLM’s ability to perceive
visual stimuli and comprehend verbal instructions.

In line with the evaluation framework outlined in the
Section 3.3, we evaluate the models across six dimensions
of task performance. The results for each VLM model un-
der the 1-shot3 setting are summarized in Figure 5.

Although these VLMs perform well on most multi-
modal tasks and even some embodied tasks [11, 33], their
performance, including that of GPT-4o, falls short when
faced with more complex scenarios, instructions, and more
challenging tasks. We surprisingly find that the open-
source model Qwen2-VL-7B-Instruct performed competi-
tively, surpassing GPT-4o on certain dimensions. However,
all models struggled with complex tasks, especially those
requiring long-term task decomposition and logic reason-
ing. Only GPT-4o achieved a score in the reasoning di-
mension comparable to those in other dimensions, while
the other models scored around 20. Besides, performance
declines significantly when linguistic instructions transition
from direct semantics to abstract meanings, as shown in the

3As GLM-4V-9B does not support multiple image inputs, the 0-shot
method is employed.

semantic dimension. Different models appear to have dis-
tinct areas of expertise, e.g. LLaVA-NeXT exhibits weaker
spatial perception ability, GLM-4V-9B excels in spatial and
even physical law dimensions but lag in semantic compre-
hension. In Section 10.4, we conducted additional ablation
experiments focusing on CoT and few-shot learning, fol-
lowed by further analysis. Detailed data and error analysis
can be found in Table 10. Overall, while the models demon-
strate promising capabilities, their understanding and plan-
ning in embodied environments remain limited, highlight-
ing the need for further advancements.

5. Conclusion
We propose VLABench, a large-scale benchmark de-

signed for tasks with long-horizon and multi-dimensional
reasoning. Such reasoning involves many dimensions,
including implicit semantic goal extracting, logical rea-
soning, and long-horizon planning. The most important
thing we do is to provide a positive definition of the
capabilities that intelligent agents withs cognitive abili-
ties should possess and the tasks they should be able to
perform, through the provision of 100 standardized tasks.
Additionally, VLABench constructed a scalable automated
data collection framework for future’s potential larger scale
pertaining and a standardized dataset for fair comparison
of VLAs, both in the present and in future developments.
Our diverse and multiple experiments revealed that current
VLAs and VLMs face significant challenges in our tasks,
and there remain substantial uncertainties in research on
robotics scaling. We hope that VLABench will inspire
both the future research on robotics pertaining recipe
and promote more robust VLA architectures development.
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