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Abstract

Robotic manipulation in 3D requires learning an N degree-
of-freedom joint space trajectory of a robot manipulator.
Robots must possess semantic and visual perception abil-
ities to transform real-world mappings of their workspace
into the low-level control necessary for object manipula-
tion. Recent work has demonstrated the capabilities of
fine-tuning large Vision-Language Models (VLMs) to learn
the mapping between RGB images, language instructions,
and joint space control. These models typically take as in-
put RGB images of the workspace and language instruc-
tions, and are trained on large datasets of teleoperated
robot demonstrations. In this work, we explore methods
to improve the scene context awareness of a popular re-
cent Vision-Language-Action model by integrating chain-
of-thought reasoning, depth perception, and task-oriented
region of interest detection. Our experiments in the LIBERO
simulation environment show that our proposed model, 3D-
CAVLA, improves the success rate across various LIBERO
task suites, achieving an average success rate of 98.1%.
We also evaluate the zero-shot capabilities of our method,
demonstrating that 3D scene awareness leads to robust
learning and adaptation for completely unseen tasks. 3D-
CAVLA achieves an absolute improvement of 8.8% on un-
seen tasks. We will open-source our code and the unseen
tasks dataset to promote community-driven research.

1. Introduction

The ability to perceive the environment, respond dynam-
ically, and manipulate objects effectively remains a chal-
lenging task in robotics. Humans demonstrate this capabil-
ity effortlessly, emerging from extensive experiential learn-
ing during adolescence, where individuals develop visual,
reasoning and manipulation skills necessary for interacting
with both familiar and novel scenarios. Replicating this
robust adaptability in robots is inherently difficult, though
recent advancements in artificial intelligence, particularly

in vision and language understanding, have shown promis-
ing progress. Vision-Language Models (VLMs), such as
ChatGPT, leverage extensive pre-training on internet-scale
data, enabling them to interpret real-world images, compre-
hend conversations, and generate contextually relevant re-
sponses. These models have since been used in tasks such as
visual question answering [37, 42], visual grounding [51],
and task planning [20, 44]—applications that are directly
relevant to the field of robotics.

Recent works have explored Vision-Language-Action
models (VLAs) which modify VLMs to output robot joint
space parameters instead of text tokens [4, 5]. When pre-
trained on diverse real-world datasets and fine-tuned on
high-quality teleoperated demonstrations, VLAs demon-
strate high success rates (~95%) on in-distribution tasks
such as “scoop pretzels into bowl.” VLAs typically use
RGB images and text instructions as inputs and learn a pol-
icy to predict N DOF joint angles at each step required for
task execution. A notable recent advancement, OpenVLA-
OFT [23], further integrates proprioceptive robot joint-state
parameters, concatenating it with visual and textual features
from the current timestep. While the performance is impres-
sive for in-distribution tasks, a detailed analysis into the be-
haviour of these models on unseen tasks has been lacking.
Additional sensor modalities have the potential to further
improve spatial and logical reasoning of VLAs necessary to
generalize to unseen tasks.

In this work, we enhance the architecture introduced
by OpenVLA-OFT by exploring effective modifications to
existing modalities boosting spatial and contextual under-
standing. Specifically, we introduce chain-of-thought style
narrative prompts to enrich task context, 3D features de-
rived from workspace point clouds to enhance spatial per-
ception, and task-oriented region of interest pooling to ef-
fectively focus on visually pertinent patches for each task.
Our proposed network, 3D-CAVLA is benchmarked against
popular VLAs in the LIBERO benchmark tasks as well as
evaluated on unseen tasks to demonstrate improved gener-
alization. Our contributions include:

1. Integrating chain-of-thought prompts and region-of-
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interest pooling to learn effective vision-language em-
beddings for task execution. We introduce 3D point
cloud derived depth features into policy training to boost
LIBERO in-distribution success rate to 98.1%

2. Benchmarking against existing state-of-the-art ap-
proaches for zero-shot language guided object manipu-
lation. Our proposed model, 3D-CAVLA, shows an ab-
solute improvement of 8.8% on 10 novel tasks designed
within the LIBERO simulation environment.

2. Related Works

Foundational Models in Robotics. @ LLMs can gener-
ate high-level robotic execution plans based on task inputs
and environmental context [19, 45]. However, a recur-
ring challenge with LLMs is their tendency to hallucinate,
generating plans that are not physically feasible [40]. To
enhance robustness, LLMs require real-world grounding,
which can be achieved through feedback from the environ-
ment [2, 20, 44], integration with visual perception sys-
tems [11, 27, 62], or human-in-the-loop interventions such
as question-answering [32, 60]. VLMs, trained on vast
image-text datasets, excel at visual reasoning tasks [56]
and have been applied to a range of robotics grounding
problems such as encoding 3D semantic memory [13, 39],
vision-based robot pose estimation [12], guiding object ma-
nipulation based on language instructions [43], and en-
abling robotic navigation [14, 16].

Vision-Language Action Models. VLMs pretrained on
internet-scale real-world data possess a vast knowledge
base. They can be fine-tuned using robot demonstration
datasets, which include images and language instructions,
to directly predict robotic joint parameters in the action
space [1, 4]. An N degree of freedom robot requires N vari-
ables to define its position at any given time step. VLAs are
trained on large datasets of robotic demonstration videos
and language instructions to predict these N variables at
each time step during robot manipulation. Early VLAs
demonstrated strong performance in simulation and single
robot manipulation [18, 25]. However, many of these mod-
els are limited by their closed-source nature or extremely
large parameter sizes [5, 10]. Modular systems that inte-
grate planning, grounding, control, and feedback mecha-
nisms are emerging as promising strategies for more robust
and adaptable robotic automation [30, 31]. OpenVLA [22],
a representative open-source autoregressive VLA, stands
out as one of the first approaches to release a compute ef-
ficient and scalable VLA with a moderate parameter size
(=7B), specifically fine-tuned on robot demonstration data
from the Open-X Embodiment corpus [34]. Building on top
of OpenVLA, OpenVLA-OFT [23] further improves infer-
ence efficiency and task performance by incorporating par-
allel decoding, action chunking, continuous action repre-
sentations, with an L1 regression objective.

Improving Generalization of VLAs. Recent studies
highlight the scaling challenges of directly translating vi-
sual frames and language instructions into robot joint
states, particularly as the volume of task demonstrations
increases [9]. To address these limitations, various ap-
proaches have been proposed to enhance the generalization
capabilities of Vision-Language Actions (VLAs) for out-of-
domain tasks. One prominent direction involves a dual-
stage pipeline: an initial pre-training phase where multi-
modal encoders are trained with self-supervision using un-
labeled human task demonstrations and diverse video plan-
ning datasets [26, 29, 55]. This stage aims to learn ro-
bust representations without relying on explicit action la-
bels. Complementing this, some works employ teacher-
student frameworks to refine action policies. Here, a teacher
model leverages reinforcement learning to learn robotic tra-
jectories, which are subsequently distilled into a student
model for pose prediction [47]. Other approaches inte-
grate pre-trained models such as CLIP [38]. For instance,
[21] uses CLIP’s visual and textual encoders to associate
RGB frames with instructions and textual actions during
pre-training. Fine-tuning then focuses on selecting actions
from a fixed set of classes at each timestep. Similarly, Dy-
naMo [7] adopts a self-supervised strategy, employing both
forward and inverse dynamics models to train visual en-
coders for future observation prediction, enabling robust ac-
tion forecasting. To improve task execution success rates,
researchers have explored integrating proprioception and
feedback mechanisms to dynamically correct erroneous ac-
tions [28, 49]. Depth information has also proven valuable
for robotic manipulation, as it enhances the model’s geo-
metric understanding and spatial reasoning [46]. However,
a key limitation in the generalization of VLAs is their re-
liance on direct input-output mappings without intermedi-
ate reasoning. To enhance reasoning capabilities, recent
works adopt chain-of-thought prompting, encouraging step-
by-step thinking grounded in language, visual observations,
and physical actions. Progress has been made by incorpo-
rating intermediate reasoning steps such as textual descrip-
tions [58], keypoints [52], or subgoal images [61], which
provide structured guidance for planning and action predic-
tion.

3. Methodology

Recent VLAs endow robots with free-form
language-following capabilities. =~ We build our model
based on the OpenVLA-OFT [23], which reports impres-
sive performance on the LIBERO simulation environment.
We first summarize this baseline architecture before de-
tailing our additions, which yields the 3D Context Aware
Vision-Language Action model (3D-CAVLA).
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Figure 1. Our proposed model, 3D-CAVLA, integrates chain-of-thought style narrative task descriptions, depth embeddings and Region
Of Interest (ROI) pooling to improve the scene awareness of vision-language-action modeling. While GPT4 and ROI Detection are frozen
components, our depth encoder is a lightweight PointNet [36] inspired trainable network with spatial invariance transformation, convolution
blocks and linear projections to project the embeddings to match the input dimensions of LLaMA 2 7B [50]

3.1. OpenVLA-OFT

OpenVLA-OFT [23] builds on top of OpenVLA [22] and
consists of vision, language and robot joint state encoders
with optional feature-wise linear modulation (FiLM) lay-
ers [35] to improve vision-language feature extraction. The
model can be trained on video demonstrations of tele-
operated robots completing a task described by a text in-
struction. Authors use a combination of SigL.IP [59] and
DinoV2 [33] vision encoders to obtain patch level image
embeddings for images captured through the robot’s end
effector camera and a stationary 3rd person camera. The
task instruction is tokenized and transformed into text em-
beddings using the LLM’s tokenizer. Robot proprioception,
which consists of 8 dimensional joint and gripper states pass
through MLP layers. The vision, language and joint em-
beddings are projected to match the input dimension of the
LLM to be fine-tuned. For efficient training, the authors
implement LoRA [15] based finetuning which only modi-
fies a small fraction of the trainable parameters by learn-
ing trainable projection matrices of larger dimensional inner
layers of the LLM. OpenVLA-OFT demonstrates high suc-
cess rate on seen tasks due to three key features: (i) parallel
decoding in place of autoregressive prediction for faster in-
ference, (ii) action chunking that predicts the next K actions
jointly, and (iii) continuous, rather than discretized, outputs
optimized with an /7 loss. LLaMA 2 7B [50] serves as the
backend LLM for fine-tuning.

3.2. Our Approach: 3D-CAVLA

Motivated to improve generalizability beyond seen tasks,
our proposed model adopts the base architecture of
OpenVLA-OFT and incorporates modifications to improve

task relevant context capture and spatial information. Our
architecture is shown in Figure 1.

Chain-of-Thought Narrative Instructions. Humans learn
object manipulation and environment perception through
expert guided demonstrations by other humans. However
we do not need a separate demonstration to handle each new
object. For example, when a child learns to grasp and ma-
nipulate a ball, it may not need another lesson on grasping
an orange. Similarly, a robot deployed in an unknown en-
vironment can benefit with chain-of-thought steps instead
of plain task instructions which may not capture the gener-
alization it has learnt to solve the problem. For example,
consider a task the policy has trained for such as “Grab the
ball and place it in the basket” decomposed into steps - “Lo-
cate ball, grab it from the center, move over basket, drop
inside basket”. Now when the robot is deployed in an un-
seen environment to complete the task - “Move the orange
into the basket”, the policy may benefit by breaking down
the unseen task into steps - “Locate the orange, grab it from
the center, move over basket, drop inside basket”. When
these tasks are compared, the only difference lies in locating
the unseen target object, which can be handled by a power-
ful object detector or a vision encoder with robust general-
ization. We test this hypothesis by transforming plain task
instructions into task-relevant chain-of-thought steps using
GPT 4’s reasoning capabilities. The format of our prompt
is shown in Figure 2.

Integrating Depth Features. Majority VLAs learn poli-
cies that map language and 2D visual data captured through
images into real-world actions. However, depth perception
is a critical skill that is needed to robustly manipulate ob-
jects of different shapes and sizes. Modern cameras cap-
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Chain Of Thought Prompting with GPT4

You are in the command of a robot manipulator to
complete a task involving various objects in scene. Your
job is to break down the given instruction into smaller
steps based on your real-world intuition to ensure precise
object grasping and placement

Some examples are given below:

Task Instruction: Put both pots on the stove
Steps: Grasp first pot, place on stove leaving some space,
grasp second pot, place on stove next to first pot.

{more examples}

Use the information above to create step-by-step plan for
given task instruction. Remember to only use the given
objects and standard grasping, moving and placement
actions that can be achieved with a parallel gripper.

Task Instruction: {task_input}
Steps:

Figure 2. LLM prompt to decompose task instructions into exe-
cutable steps that can be generalized across seen and unseen tasks.

ture RGB-D images and thus an effective depth encoder
can improve spatial and geometric awareness of VLAs. We
introduce a small but efficient trainable depth encoder to
transform depth maps into embeddings that are concate-
nated with vision, language and proprioception information.
Given a batch depth map D € REXH*W camera intrinsics
(fe, fys Cxy ¢y), and integer pixel grids U € RZ*W and
V € REXW we recover metric 3-D coordinates for every
pixel (h, w) in every image b as

Zp hw = Db hw,
Uh w — Cg
Xphow = ——F—— Zp.huw>
fz
Vh w C
, y
Yo nw Zy hw
fy

Stacking (X,Y, Z) along the last axis yields a point cloud
P ¢ RBXHXWX3 which is fed to the subsequent train-
able layers. As shown on the right side of Figure 1, the
point clouds pass through a spatial transformer network
composed of MLP layers, converting the embeddings into
a spatially invariant representation. Following a residual
batch matrix product, the embeddings pass through 3 blocks
of Conv2D, BatchNorm and ReLU and finally a linear
layer to project the embeddings to match the dimension of
other modalities. Our depth encoder draws inspiration from
PointNet [36], which has shown remarkable performance in

depth perception related tasks. Since our depth encoder is
lightweight (=1M), we use separate encoders for each cam-
era view.

Task Aware Region of Interest Detection. VLAs learn
motion trajectories for the end effector during training. The
visual embeddings which pass through the LLM contain
representations of every patch of the image, however not all
patches are relevant for a given task. By choosing the ap-
propriate patches and thus the region of manipulation for the
robot, we can constrain the motion to be within that region.
This capability can be extremely useful especially in unseen
tasks where the robot encounters many out-of-distribution
objects and thus can benefit with a region of importance to
focus on. During training, we use ground truth demonstra-
tions to approximate such a region for pooling the visual
features. Given a task instruction, we apply named entity
recognition [57] to identify target objects and locations im-
portant for the task. This passes through a powerful object
detector, Molmo [8], to generate bounding boxes for the
extracted entities. Then we leverage object tracking capa-
bilities of SAMURALI [54] to estimate the image regions in
which the entity bounding boxes move. This determines
the region of motion for the task, and the resulting binary
mask is used to pool visual features. Our overall region of
interest detection pipeline is shown in Figure 3. A down-
fall of such a method may be the removal of background
context and distractors that are necessary for the task. To
prevent over-dependence on such masks, we randomly per-
turb this pipeline to only use pooling 25% during training.
We empirically observed that ROI detection deteriorates the
performance slightly when tested with in-distribution tasks
(see Table 2) while it strongly contributes to better results
on out-of-distribution tasks.

First frame RGB

ROI Mask

— %QH SAMURAI —
[ ]
Robot, D/awe/ Bowl

GT Demons!ratlon

Enmy
Recognition

Figure 3. Our framework for task aware region of interest detec-
tion using entity recognition, object detection and tracking.

jer and
—>
ide”

Experimental Setup. We use a single Nvidia A100 GPU
with a batch size of 8 for all our experiments. Chain-of-
thought steps and binary masks for region pooling are com-
puted offline for efficient fine-tuning. We follow data load-
ing and LoRA pipelines from OpenVLA-OFT [23].

4. Results

Our experiments are divided into two phases. First, we eval-
uate our method on the LIBERO benchmark, which con-
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tains four task suites with ten tasks each, and compare 3D-
CAVLA against established baselines under in-distribution
settings. Second, we assess generalization by comparing
3D-CAVLA with OpenVLA and OpenVLA-OFT on ten un-
seen tasks. To enable this zero-shot evaluation, we create
the LIBERO-Unseen benchmark by modifying the Behav-
ior Domain Definition Language (BDDL) files of the orig-
inal LIBERO-90 dataset. We release this benchmark pub-
licly to encourage community-driven zero-shot testing.

4.1. Comparisons on LIBERO Benchmarks

The LIBERO benchmark comprises four task suites, each

testing a unique capability of a trained policy -

1. LIBERO-Spatial: Tasks that manipulate the same ob-
ject but require placing it in different locations.
Example: Pick up the black bowl between the plate and
the ramekin and place it on the plate.

2. LIBERO-Object: Tasks with a fixed target location but
a different object to manipulate each time.

Example: Pick up the milk and place it in the basket.

3. LIBERO-Goal: Tasks in which the robot must achieve
a higher-level goal beyond simple pick-and-place.
Example: Open the top drawer and put the bowl inside.

4. LIBERO-Long: Long-horizon tasks that sequentially
manipulate multiple objects, testing extended reasoning.
Example: Turn on the stove and put the moka pot on it.
As in prior works [22, 24], we fine-tune our model inde-

pendently on each of the task suites and deploy it in simula-

tion. Each task is trained with 50 demonstrations and eval-
uated with 50 trials per task. The results are shown in Table

1. The first six rows of the table compare our method with

policies that only use a third person image and language in-

struction as input modalities. Under this setting, our model
improves success rate on the Spatial and Long task suites,

and slightly outperforms Diffusion Transformers policy [6]

on average. Qualitative analysis highlights that our pol-

icy results in improved precision due to related chain-of-
thought instructions across different tasks under the same
task suite. This helps the model learn a more robust policy
by sharing semantic and logical perception across related
tasks. The last four rows show our results when adding
an additional camera and robot states. 3D-CAVLA con-
sistently outperforms competitive baselines in the four task
suites, highlighting the significance of adding an additional
sensor modality to the VLA policy through depth maps. We
observed that the resulting policy performs better in pre-
cise object manipulation such as cases where target object
is situated at a crowded location. Addition of depth maps
transforms the input modalities from 2D to 3D, and our re-
sults motivate the exploration of more sophesticated depth

information extraction pipelines such as 3D meshes [53].

Ablation Studies. 3D-CAVLA builds upon the base archi-

tecture of OpenVLA-OFT [24] by adding three key mod-

ules: chain-of-thought style narrative instructions, a depth
encoder to learn robust point cloud derived features and task
aware ROI detection to constrict the motion to relevant parts
of the scene. We ablate over each of these components and
provide results across the four LIBERO task suites in Table
2. Removing depth maps causes the highest performance
drop, underscoring the importance of 3-D features for pol-
icy learning. Eliminating chain-of-thought instructions low-
ers scores on LIBERO-Long by 1.3%, confirming that this
module is beneficial for long-horizon tasks. We also ob-
serve a slight decline on seen tasks when using the region-
of-interest (TA-ROI) module. TA-ROI can exclude contex-
tual cues, such as nearby obstacles or distractors, essential
for effective learning. For instance, in the task “open the
drawer and move the bowl inside,” our ROI-pooling mod-
ule correctly highlights the robot, bowl, and drawer handle,
but its binary mask omits the stationary parts of the drawer.
As a result, at test time the policy cannot locate the drawer
itself because it is absent from the input.

4.2. Zero-Shot Evaluation

While the LIBERO task suites test the spatial, goal-
awareness, semantic and long-horizon capabilities of
VLAs, we suspect a significant overfitting especially since
the task instructions and demonstrations are quite small
compared to the number of trainable parameters of some
of the larger models we test. Some of these observations
were confirmed when we tried evaluating fine-tuned mod-
els on LIBERO-Object with LIBERO-Goal, where all base-
lines fail to successfully complete any task. To evaluate the
zero-shot capabilities of finetuned VL As, we follow the fol-
lowing pipeline: 1) First we finetune the VLAs on Libero-
90, which is a larger collection of tasks spanning all four
LIBERO suites, 2) We design 10 tasks which the model
has not seen during training, and specify the end goals for
success using the BDDL format and 3) We evaluate the
LIBERO-90 fine-tuned models on these 10 tasks and inter-
pret the performance both qualitatively and quantitatively
using task success rates. While [17] also follow a similiar
framework for zero-shot evaluations, we are unable to use
their tasks since they have not been released publicly yet.
We designed ten unseen tasks after analyzing the limi-
tations of fine-tuned VLAs. Preliminary tests showed that
when a task introduces entirely new objects, distractors, or
motions, both OpenVLA-OFT and our 3D-CAVLA fail to
generalize. Consequently, we adopted a milder protocol:
task instructions are novel, yet every object still appears in
training data and demonstrations cover related skills. For
example, in the unseen task “Grab the white bowl and place
it on the stove,” the model has learnt to grasp the white bowl
and, separately, placing items on the stove, but never both
actions together. Even under this relaxed setting, Open VLA
and 3D-CAVLA trained and evaluated with a single cam-
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Policy Setup: Single stationary third person camera + Language Instruction

Spatial Object Goal Long Average
Diffusion Policy [6] 78.3 92.5 68.3 50.5 72.4
Octo [48] 78.9 85.7 84.6 51.1 75.1
Diffusion Transformers [41] 84.2 96.3 85.4 63.8 82.4
OpenVLA [22] 84.7 88.4 79.2 53.7 76.5
OTTER [17] 84.0 89.0 82.0 - -
Ours: 3D-CAVLA (with depth maps) 86.1 94.7 82.9 66.8 82.6

Policy Setup: Third person camera + Wrist camera + Robot states + Language Instruction

Spatial Object Goal Long Average
Multimodal Diffusion Transformer [41] 78.5 87.5 73.5 64.8 76.1
mo [3] 96.8 98.8 95.8 85.2 94.2
OpenVLA-OFT [24] 97.6 98.4 97.9 94.5 97.1
Ours: 3D-CAVLA (with depth maps) 98.2 99.8 98.2 96.1 98.1

Table 1. Results on the LIBERO Benchmark. 3D-CAVLA shows consistent improvement across all task suites in the dual camera setup.
Most baselines overfit to the tasks and thus the margins are quite narrow. The strongest improvements are shown in long-horizon tasks
(column 5) where chain-of-thought instructions helps the policy focus on one sub-task at a time. All scores are reported in success rate (%)

Method Spatial Object Goal Long
3D-CAVLA  98.2 99.8 982 96.1
w/o CoT 97.8 994 979 948
w/o Depth 97.6 99.0 98.0 952
w TA-ROI 98.0 994 974 942

Table 2. Ablation Studies. Row 2 shows the results of removing
LLM prompted CoT instructions from our method, row 3 shows
results of removing the depth projector while row 4 shows the
small dip in scores we observe when we add TA-ROI detection
when evaluated on seen tasks.

era fail on all tasks. Their greatly reduced training accu-
racy on the original 90 tasks also indicates poor scalabil-
ity. We therefore restrict our LIBERO-Unseen comparison
to OpenVLA-OFT and 3D-CAVLA using two cameras; re-
sults are shown in Table 3.

3D-CAVLA with two cameras outperforms OpenVLA-
OFT by 8.8% absolute improvement when considering 50
trials per task. With chain-of-thought reasoning, the model
is able to break down the unseen task into sub-steps, some
of which may be seen during training. Additionally, the
task aware region pooling module provides an approximate
binary mask over the input region to constrain the model
to generate motion confined to this region. This combined
with depth information allows the model to transfer knowl-
edge learnt during training to unseen situations. Our results
clearly show an improvement in zero-shot settings as our
proposed method 3D-CAVLA (with 2 camera views) is able
to generalize better, significantly improving performance.

We showcase some success and failure cases of OpenVLA-
OFT and 3D-CAVLA on unseen tasks in Table 4.

5. Conclusion and Future Work

In this paper, we propose a novel method for vision-
language action modeling which builds upon a popular
open-sourced method OpenVLA-OFT, transforming the
problem from 2D to 3D. Our key changes improve the rea-
soning, geometric and zero-shot capabilities over competi-
tive baselines while maintaining strong performance on in-
domain LIBERO simulation software. Our experiments re-
veal the significant performance gap of VLAs on unseen
tasks, motivating further research into efficient input feature
extraction, real-time error correction, and the development
of generalizable learning strategies that avoid overfitting to
training tasks.

Future work will proceed in two directions. First, we
will add a VLM-guided, closed-loop feedback module that
supplies real-time environment cues to the policy, reduc-
ing erroneous motions and boosting performance on unseen
tasks; an efficient retrieval mechanism will further exploit
prior knowledge acquired during fine-tuning. Second, be-
cause LIBERO’s tasks are relatively simple and prone to
model saturation, we plan to perform extensive real-world
experiments and benchmark the results against other open-
source VLAs, aiming for methods that can be deployed
zero-shot on truly novel tasks.
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Task Instruction OpenVLA-OFT 3D-CAVLA
Place the white and yellow mug on the plate 32 60
Put the ketchup on top of the cabinet 74 82
Pick up the chocolate pudding at the back and put it in the top drawer of the cabinet 58 52
Stack the right bowl on the left bowl and put the chocolate pudding in the tray 0 0
Put the chocolate pudding on the plate 78 80
Place the cream cheese and soup inside the basket 66 74
Grab the white bowl and keep it on the stove 12 10
Grab the chocolate pudding and place it on the bowl. Then place both items on the tray 6 24
Turn on the stove and put the bowl on it 14 38
Place the mug inside the right compartment of the caddy 24 32
Average 36.4 45.2 (+8.8)

Table 3. Success-rate (in %) of OpenVLA-OFT and 3D-CAVLA on 10 unseen tasks. Both models do not replicate the performance
observed on seen tasks. 3D-CAVLA decomposes unseen tasks into seen steps and applies task-aware region-of-interest detection, enabling
better generalization.

Task Instruction OpenVLA-OFT 3D-CAVLA

Put the chocolate pudding on
the plate

Place the white and yellow
mug on the plate

Turn on the stove and put the
bowl on it

Pick up the chocolate
pudding at the back and put it
in the top drawer of the
cabinet

Grab the white bowl and keep
it on the stove

Table 4. Qualitative comparisons of OpenVLA-OFT and 3D-CAVLA on unseen LIBERO tasks. We show first, middle, and last frames of
each inference. The final two rows depict failures where both models misidentify target object or get distracted by previously seen objects.
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