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Abstract— Training robot policies often requires extracting
appropriate subsets of data from large and noisy datasets. For
example, one might want to extract only robot demonstrations
with accurate captions or only those related to cooking. We
present RoboSQ, a robot data management system that allows
semantic queries. RoboSQ samples temporally distributed frames
and overlays projected sensor information from robot trajec-
tories and constructs structured Visual Question Answering
(VQA) prompts for Vision-Language Models (VLMs). RoboSQ
efficiently handles queries by pipelining data loading, frame
extraction, and VLM inference. We evaluate RoboSQ on the
DROID dataset with three semantic queries: 1) failure detection,
2) calibration error detection and 3) visual complexity scoring.
It filters out the failure trajectories with 78% accuracy and
86% F1 score, and identifies the trajectories with incorrect
extrinsic calibration between camera frame and end effector
frame at 86% accuracy and 88% F1 score. We evaluate RoboSQ
by training a pick-and-place Action Chunking Transformer
policy with a URS robot arm with mixed quality demonstration
data. Data extracted by RoboSQ is closely aligned with the
expert-curated data. A policy trained on RoboSQ-selected
data achieves 13 successes out of 15 trials, compared to only
1 out of 15 when trained on the full mixed dataset. Code,
video and supplementary information can be found on website
https://berkeleyautomation.github.io/robosq/

I. INTRODUCTION

Vision-Language-Action models [1-3] require large-scale
human teleoperated demonstration trajectories, such as Open
X-Embodiment [4] and Distributed Robot Interaction Dataset
(DROID) [5] curated from research institutions worldwide. At
tera or even penta-byte scale, which is sometimes character-
ized as Big Data [6], manually inspecting and filtering robot
demonstrations becomes prohibitively expensive. Emerging
robot data management systems, such as RoboDM [7] and
LeRobot [8], efficiently store the data and load them for
policy training. However, these systems rely primarily on
predefined metadata and do not support semantic querying,
such as “does the robot perform a successful grasp?”’, “is
the extrinsic calibration correct?”, or “does the task occur
in low-light conditions?”. This limits their ability to handle
semi-structured, heterogeneous robot datasets where critical
information is often embedded in raw visual or sensor data
rather than explicit labels. To address this challenge, we
present RoboSQ, a robot data management system that
supports semantic queries — finding subsets of data that satisfy
semantic conditions described in natural language.
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Fig. 1: RoboSQ: A semantic query system with efficient frame selection and
VLM to extract high-quality, task-specific data for effective robot learning.

Recent Vision-Language Models (VLMs) [9-15] are
increasingly capable of performing spatial and semantic
analysis of images, and semantic querying of image datasets.
VLMs are trained from Internet-scale data, which enables
generalizable understanding of complex and diverse contexts
in robotics data, as tested and evaluated in recent efforts [16,
17], and can be further improved with more robotics data [18].
Visual Question Answering (VQA) is an interface to VLMs
that structures the language and image as input, and allow
users to pose complex visual and semantic queries. In robotics,
this can be applied to data management tasks such as
identifying failure cases, summarizing behaviors, or checking
spatial relations without requiring manual annotations.

In this paper, we present RoboSQ, a semantic query system
for robot data based on VLM using VQA. RoboSQ structures
multi-modal robot trajectory data into structured VQAs by
sensor projection, image concatenation, and streaming. To
handle the heterogeneous semantic query pipeline, RoboSQ
organize these modules and VQAs into a combination
data transformation primitives, such as sort, filter, as the
output of the semantic query response. The pipeline of
RoboSQ efficiently parallelizes data frame extraction and
VLM inference.

We evaluate the semantic query capability of RoboSQ on
DROID [5] with three unique case studies: (1) Given only
one camera stream, RoboSQ filters out the trajectories that
fail to complete the task. RoboSQ agrees with the metadata
annotated by original human teleoperators at 0.86 F1 score;
(2) RoboSQ could identify the many demonstrations with
incorrect extrinsic calibration between camera frame and end
effector frame; (3) RoboSQ ranks the trajectory semantic
quality with a metric based on visual and task complexity.

We integrate RoboSQ into a robot learning task where
a URS arm is to pick up a stuffed animal and place
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it into a black bowl. The dataset includes trajectories of
varying qualities, containing both pick-and-place failures and
inefficient motions. The data extracted by RoboSQ closely
matches the expert-curated set. Training a policy on RoboSQ-
selected data achieved 13 successes out of 15 trials, in contrast
to only 1 out of 15 when trained on the full mixed dataset.

The paper makes the following contributions: (1) RoboSQ,
a semantic query-enabled robot data management system;
(2) an efficient parallel processing pipeline to structure
Visual Question Answering for Vision Language Models;
(3) empirical evaluation data of RoboSQ on large scale open
datasets and a real robot learning task.

II. RELATED WORK

Big Robot Data The robot learning community is actively
building a number of open-source robot learning datasets [19—
21]. Recent work, such as Octo [2] and Open-VLA [3], is
trained on large datasets such as RT-1 [19], RT-2 [1], Open-
X-Embodiment [4], Distributed Robot Interaction Dataset
(DROID) [5]. Also, data augmentation effort using human
videos [22] and robot mask inpainting [23] scales data quickly.
Initial results suggest training with large and diverse robotics
datasets can enhance robot capabilities and generalization in
handling multiple settings in diverse environments. In this
work, we present an efficient data query pipeline for managing
large and diverse robot datasets.

Robot Data Management Traditional robot data management
systems, such as LeRobot and RoboDM [7], only use given
metadata (e.g., robot type, task type, success/failure). While
effective for basic querying on existing manually labeled
metadata, these systems lack the ability to perform semantic
queries involving vision and language. This limits their utility
for filtering or inspecting robot trajectories at scale.
Multi-Modal Information Retrieval. Table I shows a
comparison of existing approaches to curate and retrieve multi-
modal data. Earlier machine learning approaches addressed
retrieval with learned similarity metrics, but these were
generally unimodal and not robust to visual diversity or
temporal structure. More recently, vector databases (e.g.,
FAISS [24], Milvus [25]) have enabled embedding-based
retrieval by storing dense representations of text or images
for fast nearest-neighbor queries. Retrieval-Augmented Gen-
eration (RAG) [26] builds on vector DBs by pairing retrieval
with language models, enabling generation conditioned on
retrieved context. However, early RAG systems primarily
support text-based or image-based retrieval and have limited
capabilities for robot perception tasks such as captioning.
VLM-based Retrieval and RoboSQ. Recent frameworks
like Llamalndex [27] integrate VLMs with vector databases
to support natural language querying over multi-modal data.
These systems expand RAG’s capabilities into the visual
domain, enabling semantic access to video, image, and sensor
streams. RoboSQ builds on this trend by introducing a scalable
VLM-based query engine for robot trajectories.

III. PROBLEM FORMULATION

A robot demonstration trajectory 7 as a temporally ordered
sequence of data frames x;, where t € {1,2,...,T} indexes

Robot Semantic Query Type Index Vector RoboSQ
Task Success/Failure X v v
Find Objects X v v
Task Captioning X X v
Extrinsic Calibration Detection X X v
Trajectory Quality Scoring X X v
Object Occlusion Detection X X v
Visual Clarity Assessment X X v

TABLE I: Supported Semantic Query Types with Different Database
Designs Conventional Index-based databases use metadata and indices that
can only handle semantic queries if explicitly labeled. Emerging Vector
databases compares the similarity of foundational model vector embeddings
between the input query and the image or text data in the database. Existing
Vector databases can handle course-grained queries efficiently, but it is
challenging to handle non-visual and non-textual embodiment data. RoboSQ
processes multi-modal robot data and use semantic capability of VLM to
achieve fine-grained robot data processing.

discrete time steps and 1" denotes the trajectory length. Each
trajectory is paired with a natural language task description
l, resulting in the representation:

T = {-/El:Ta l}

A trajectory database is defined as a collection of such
demonstrations:

D= {7:}511
We study the following problems:

Definition II1.1 (Semantic Data Query). Given a trajectory
database D and a user-specified semantic query condition
Q expressed in natural language, the goal is to retrieve a
subset of qualified goal trajectories {74} C D such that each
trajectory satisfies the semantic condition:

{Tg} =A{T €D | /(T,Q) >}

Each semantic query () can be composed and transformed
to K textual conditions g, with optional importance weights
ar € [0, 1]7Zk ar=1:Q = {(q1,01),.--, (g, K)}.
A trajectory 7T is considered to satisfy @ if the predicted
relevance score s = f(7, Q) exceeds a user-defined threshold
7. Each condition g corresponds to a high-level semantic
property of interest (e.g. “contains a successful grasp”,
“extrinsic calibration is correct”, or “takes place in low-light
conditions”).

Definition III.1.1 (Top-K Qualification). For ranked re-
trieval, we return the top-k most relevant trajectories based
on the scoring function: {T,} = Top-k (T € D, s).

IV. METHOD
A. Overview

We present RoboSQ, a robot data semantic query frame-
work (as defined in Definition III.1) using VLM and a
pipelined execution engine. As shown in Fig. 2, RoboSQ
processes user queries (e.g., “give me high-quality data
considering clarity, occlusion, etc.”) by constructing sequential
visual prompts, and using a VLM (e.g., Gemini, GPT-4o,
Qwen) to produce scalar ratings over task-relevant axes (e.g.,
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Fig. 2: RoboSQ pipeline. The user issues a natural language prompt asking whether a trajectory is successful. RoboSQ uses Vision-Language Models
(VLMs) to analyze sampled frames from the trajectory and generate a structured answer. This VQA interface enables expressive multi-modal filtering based

on high-level task semantics.

clarity, atomicity, and goal visibility). To scale across large
datasets, RoboSQ pipelines disk-bound data loading, CPU-
bound frame decoding, and GPU-bound VLM inference,
enabling high-throughput, resource-efficient search through
millions of robot trajectories.

B. Robot Trajectory Visual Question Answering

Building on the Robo2VLM framework [18], which trans-
forms frames in trajectories into VQA, we introduce how a
VLM can be used for semantic queries that are fully aware
of the complete trajectory context.

1) Heterogeneous Sensor Projection: Some semantic
queries require not only visual input but also additional sensor
modalities such as robot joint poses. Heterogeneous sensor
projection provides the link between low-level kinematic
metadata and the perceptual image space where semantic
queries are executed. Formally, any point of interest on the
robot expressed in world coordinates W'p € R? can be
projected into the image (u,v) € I through a projection
function

Vp).

(u,0) = g

As an illustrative example, we consider the query “is the
extrinsic calibration correct?”. To answer this, we project the
robot end-effector pose from robot trajectory onto the camera
view and render it as an overlay. When the calibration is
correct, the projection coincides with the visible end-effector
geometry in the image; in contrast, miscalibration produces
a noticeable offset.

Each demonstration record includes the robot end-effector
pose in the world coordinate system, computed via forward
kinematics. Let W T € SE(3) denote the homogeneous
transformation matrix representing the end-effector pose in the
world frame {WW}. The metadata also contains camera param-
eters: the intrinsic matrix K and the extrinsic transformation
WTe € SE(3), which maps the camera coordinate frame
{C} into the shared world coordinate frame. To project the 3D
end-effector position into the 2D image, we first transform the
end-effector point (tool center point) pg = [z, yE, 25, 1] "
into the camera coordinate system:

pc="Tc) VT ps.

The pixel coordinates (u,v) are obtained by applying the
projection function f to the world point " p:

(w,0) = g("p) =7 (K- (" Tc)™" - Vpn),

where Wpy, = [zw, yw, zw, 1] is the homogeneous repre-
sentation of the world point, and 7([z,y,2]") = (£, %)
denotes the perspective division.

2) Temporal information handling: A robot trajectory
contains the temporal evolution of the robot, environment,
and their interaction. To maintain temporal coherence across
long-horizon behaviors, we provide multiple sensor frames
(e.g. images) from the robot trajectories in the query process.
Providing multi-frames allows RoboSQ to support a broader
class of semantic queries that depend on temporal logic, phase
transitions, or event ordering, while maintaining interpretabil-
ity and flexibility in prompt design. The overall architecture
supports complex queries such as “Did the robot complete
the task without occlusion?”, “Was there a successful grasp
followed by a lift?”, or “Did a failure occur during execution?”

Recent advances in VLM prompting highlight two main
paradigms for handling temporal input: (i) concatenated
multi-image queries, which treat sampled frames as a single
structured input, and (ii) streaming queries, which process
sequences incrementally, mirroring human-like temporal
reasoning. Inspired by OpenAl’s streaming response pro-
tocol [28] and recent VLM prompting practices for video
reasoning [29], we implement both modes in RoboSQ.

Image Concatenation To ensure the VLM receives suf-
ficient spatial context for semantic reasoning, we uniformly
sample n frames across a trajectory and concatenate them
into a single tiled image. This approach preserves temporal
ordering while allowing the model to observe multiple phases
of a task simultaneously. Formally, the sampled trajectory
indexes are

(T —1
tizv()J, i=0,1,...,n—1, (1)
n—1

where T is the trajectory length and || denotes the floor
function to ensure integer indexing.

Image Streaming. Streaming queries present the trajectory
sequentially, similar to how a human reviews a video by
watching it unfold frame by frame. Unlike concatenation,
where frames are provided all at once, streaming mode
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incrementally feeds frames to the VLM. This design mirrors
OpenAl’s streaming response protocol [28].

Given a trajectory 7 and semantic query (), frames are
sampled at regular intervals according to Eq. (1). Each
sampled frame z;, is appended into the evolving context
and streamed to the VLM. The model’s interpretation is
shaped round by round in the shared context. The final
score s emerges from aggregating these context-conditioned
representations, providing a temporally grounded assessment
of the trajectory as a whole.

This streaming design enables the VLM to detect causal
dependencies (e.g., “a grasp before a lift”) and task outcomes
(e.g., “a failure occurred during execution”) as they emerge,
without requiring all frames to be processed upfront.
Remark. We note that the selection of image streaming
modes depend on the semantic query and the VLM model
characteristics. For example, some VLMs based on CLIP [30]
typically use fixed input image sizes. These VLMs are not
appropriate for image concatination.

C. Semantic Query Pipeline

RoboSQ iterates semantic query on each robot trajectory
data. Sometimes, the output of VLM can be verbose and
unstructured. For example, Gemini Robotics [31] shows
that reasoning step by step before generating the answer
encourages the model to “think” about the problem and
significantly improves robotics planning task success rate.
To perform semantic data query defined in Definition III.1,
performing VQA per trajectory, extracting answer from VLM
answers and aggregating all answers from the dataset are chal-
lenging. RoboSQ builds on the insight that a semantic query
can be partitioned into a number of dataset transformation
primitives.

We define dataset operators that bridge heterogeneous
robot trajectories to VLM outputs, and to the final semantic
query results. This process can be defined with three key
dataset operator primitives, Filter, Map, and Sort, as
following:

Definition 1 (Dataset Operator Primitives). Let D be a dataset
whose elements are trajectory records v € R (key—value
dictionaries). A database action primitive is an operator op
parameterized by a function \, acting on D as follows:

Filter: M : R — {TRUE,FALSE},
Filter(D,\r) = {r € D | A\p(r) = TRUE }

Map: As: R— TR,
Map(D,)\M) = {)\M(T) | re D}
Sort: As: R — R,

Sort(D, \s) = [r € D] ordered by As(r)

where R' is a prescribed output type: either R (schema-
preserving), a record type extending R (annotation), or a
fixed value space (e.g., R* or a label set).

The output type of Map R’ specifies the intended use of
the transform. If R’ = R, the map is schema-preserving

that it transforms records without changing their structure
(e.g., normalize gripper values). If R’ is a record type that
augments R, the map performs annotation by appending
derived fields (e.g., a semantic relevance score in [0, 1]). If
R’ is a value space (e.g., R* or a finite label set), the map is
a projection that produces features or labels from each record
(e.g., trajectory embeddings in RF).

Given these operator primitives, RoboSQ query process is
a multi-stage dataset transformation:

1) RoboSQ uses a Map operation to load the raw dataset
from disk or network.

2) RoboSQ uses a Map operation to seek to the time frame
of interest, decode and extract the frames

3) RoboSQ uses a Map operation to run one or multiple
VLM inferences on each trajectory, issuing structured
prompts (e.g., image concatenation or streaming) and
recording the model’s full textual response.

4) RoboSQ applies a Map operation to extract structured
outputs—such as binary labels, scores—from the VLM
response.

5) RoboSQ compiles the extracted outputs into dataset
operator functions, instantiating A\ for Filter, Ag for
Sort, or Ay for Map, depending on the prompt type
and expected output format.

For instance, consider a user-issued semantic query such
as “Demonstrations that the robot finishes a task.” RoboSQ
begins by applying a series of Map operations: loading raw
trajectories from disk, sampling temporally distributed frames,
and formatting them into structured prompts (e.g., tiled image
grids or streaming sequences) for VLM inference. The VLM
may return a verbose response, such as “The robot approaches
the cup, tips it over, and pours all contents into the second
container. Yes, the task is completed successfully.” In this
case, a second Map operation is applied to extract the terminal
answer— ‘“Yes”—using a lightweight pattern-matching rule or
a secondary LLM [32] trained to extract structured outputs.
This Boolean response is then compiled into a Az function
representing a Filter operator, enabling RoboSQ to retain
only the successful demonstrations from the full dataset.

As another example, suppose the user query is “Rate the
visual clarity of the trajectory from 1 to 5. In this case, the
VLM returns scalar scores such as “3 out of 5 or “I would
rate this a 4 due to partial occlusion.” The extracted numeric
value is used in one of two ways: (i) as Ag in a Sort operator,
allowing RoboSQ to rank trajectories by clarity; or (ii) as
Ay in a Map operator, enriching each trajectory’s metadata
with an additional clarity_score field.

D. Efficient Pipeline

In RoboSQ, a semantic query is executed as a sequence of
dataset transformations, each expressed as a Map operation.
These transformations are designed to reflect the distinct
computational bottlenecks in robot data processing—disk
I/0, CPU-bound video decoding, and GPU-bound VLM
inference—and are composed into a pipeline that enables
parallel execution across heterogeneous hardware.
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We illustrate this design with a three-stage example. In the
first stage, RoboSQ applies a Map operation to load raw robot
trajectories from disk. In the second stage, a second Map
operation uses parallel CPU workers to decode compressed
video streams and extract frames of interest. Finally, a third
Map operation formats the frames into structured prompts
and runs them through the VLM, issuing one inference call
per trajectory.

Because the Map operations are independent between
trajectories, the transformations can be parallelized to reduce
the resource contention between different stages. In the
example, disk-bound loading prefetches trajectories, CPU-
bound decoders process previously loaded chunks, and GPU-
bound inference saturates hardware through batched VLM
calls. This modular design not only improves throughput but
also provides elasticity: additional GPUs increase inference
capacity without altering I/O or decoding behavior, while
faster storage accelerates data loading independently of
downstream stages.

V. EVALUATION
A. Experimental Setup

We evaluate RoboSQ on the Distributed Robot Interac-
tion Dataset (DROID) [5], a large-scale in-the-wild robot
manipulation dataset containing 76,000 human teleoperated
demonstrations on a Franka robot with a Robotiq gripper
(350 hours) collected across 564 scenes and 86 tasks. Each
DROID trajectory contains three synchronized RGB camera
streams, camera calibration parameters, depth information,
7-DOF proprioceptive data, end-effector pose, gripper state,
and natural language task instructions. The trajectories are
manually annotated with success/failure labels and contain
multiple langauge annotations per successful episode. We
resize all DROID images to 640x320 resolution for VLM
inference efficiency.

Unless specified otherwise, we use Qwen2.5-VL-32B-
Instruct as our VLM backbone, which has demonstrated strong
performance on visual understanding benchmarks [18]. Our
evaluation runs on a cluster with a 256-core CPU and 2.0TB
memory. The VLM inference pipeline distributes frames
across 8x NVIDIA A100 GPUs (80GB VRAM each) using
SGLang with tensor parallelism, enabling efficient processing
of thousands of trajectories per hour.

B. Task Failure Detection

Filtering out failed demonstrations is essential for training
robot policies that could negatively impact model training.
Commonly, robotics researchers detect task failures by
visually monitoring the robot demonstration and filtering
out the failed robot trajectories. Our first evaluation examines
RoboSQ’s capability in this task using purely visual data of
robot trajectories. Given a video stream from a single camera,
we provide the semantic query “Did the robot successfully
complete the task? Answer yes or no.”.

Detection Agreement Score. We note that the success or
failure conditions in DROID data collection are not explicitly
stated. For example, in a pick-and-place demonstration, some

System Model Accuracy Precision Recall F1 Score
Random Known Dist. 0.58 0.70 0.70 0.70
VectorDB ~ OpenCLIP 0.63 0.82 0.70 0.76
VectorDB  SigLip2 0.61 0.83 0.68 0.75
Random Coin Flip 0.50 0.50 0.50 0.50
RoboSQ GPT-40 0.68 0.68 1.00 0.81
RoboSQ Qwen2.5-32B 0.78 0.92 0.81 0.86

TABLE II: Task Failure Detection Agreement Score compared to Vector
Database and different VLM models Since Vector Databases (VectorDB)
produce only relative similarity scores, we use the top k trajectories which
k is the number of true successes. Even given the number of successes
apriori, vector database performance is close to random guessing with known
distribution. In contrast, without knowing the groundtruth failure distribution,
RoboSQ with Qwen2.5-32B achieves a significantly higher F1 score, and
RoboSQ with GPT-40 is more conservative in labeling trajectories as failures
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Fig. 3: Sensitivity Analysis of Task Failure Agreement Score under
different input methods.

trajectories succeed by only removing one cube from a
container, while other trajectories need to remove all cubes.
Failures are purely determined by the human teleoperator.
We evaluate RoboSQ by comparing how it agrees with the
labels provided by the human teleoperator, as an indicator of
how RoboSQ agrees with human in semantic qualification.
For each experiment, we randomly sample 1400 trajectories
(2% of the DROID dataset) with the same success-failure
proportion as the raw DROID dataset. We repeat each
experiment 3 times.

Comparison with alternative systems and models. In
failure detection, Table III suggests RoboSQ demonstrates
strong performance in detecting task failures, with balanced
precision and recall across both classes.

Image Input Method Comparison. Across all frame
counts, image concatenation consistently outperforms stream-
ing when the same camera setup is used. At N=2, the
performance gap is largest: concatenation achieves 0.68
accuracy and 0.82 F1, while streaming lags at 0.36/0.54.
This advantage persists across larger IN: concatenation leads
streaming by 6-7 points in accuracy and 4-5 points in F1 at
N=4 and N=6, and still maintains smaller gains at N=8
and N=10.

Camera Selection For the concatenation method using the
external and wrist views, both accuracy and F1 score increase
with more frames up to N=6, peaking at 0.76 accuracy
and 0.87 F1. Beyond that, performance slightly degrades at
N=8 and N=10, suggesting diminishing returns and possible
context dilution in the larger image. In contrast, the streaming
method shows more gradual improvement, with accuracy
and F1 climbing from 0.36/0.54 at N=2 to a maximum of
0.72/0.84 at N=8. A slight drop is observed at N=10, po-
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Successful Examples

Failure Examples
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Prediction: Correct Calibration

Prediction: Incorrect Calibration

Fig. 4: Examples of Extrinsic Calibration Error Detection By Re-
projection We show two successful examples and failure examples. RoboSQ
can predict calibration errors successfully if both the main body of the
Franka arm is visible. In failure examples, (Left) RoboSQ fails to detect the
calibration error because the end effector is occluded by the robot joints.
(Right) RoboSQ misdetects because the majority of robot end-effector is not
in the image frame but can be inferred by the gripper position.

‘ RoboSQ Prediction

Correct Cali.  Incorrect Cali.
Correct Cali. 51 10
Ground Truth Incorrect Cali. ‘ 4 35

TABLE III: Confusion Matrix for Calibration (Cali.) Error Detection.
RoboSQ achieves 86.2% accuracy and 87.9% F1 score in identifying
calibration error for 100 demonstrations.

tentially due to prompt fatigue or over-conditioning. Interest-
ingly, for wrist-only views, streaming performance continues
to improve consistently with more frames—reaching 0.74
accuracy and 0.86 F1 at N=10—indicating that egocentric
temporal context is especially useful when using streaming-
style prompts.

C. Extrinsic Calibration Error Detection

Incorrect calibration between camera and end-effector
frames is a common but difficult-to-detect issue in robot
datasets. Automatically identifying calibration issues between
camera and end effector state recordings is important. Iden-
tifying such errors typically require human to project a
known cartesian position to the image and visually verify
the calibration. We note that this process is considered as a
visual sanity check over a large dataset instead of fine-grained
specialist calibration detection models, such as CtRNet-X[33].

At time t, given the end effector cartesian position, camera
intrinsics and extrinsics, RoboSQ identifies trajectories with
calibration errors by combining image projection and VLM
inference. For each frame, we project the end-effector pose
from the robot’s kinematic chain to the camera frame using
the provided extrinsic calibration matrix, and query RoboSQ:
“This image shows a robot’s end effector position (large
green circle) projected onto a camera view. The green dot is
positioned where you would expect the robot’s end effector
at the end of the robot’s arm connecting to the gripper. Is
the dot correctly positioned? ”

We evaluate RoboSQ with 100 trajectories from DROID-
100, an author-curated diverse subsection of DROID dataset.
We use its raw calibration information. As noted in DROID
[5], some cameras in its raw robot demonstrations are not
calibrated. We manually label the calibration error in the
randomly sampled trajectories and remove the ambiguous
image frames, such as if the end effector is not visible
or the projection is only centimeter from the center of
the end effector. Table III shows the confusion matrix of
the calibration success prediction. RoboSQ achieves 86.2%
accuracy and 87.9% F1 score in identifying calibration error.

Figure 4 shows 4 qualitative examples of the RoboSQ
prediction compared to groundtruth. In failure examples, we
recognize that the semantic difference is important for VLM
to respond correctly. When the end effector is occluded by the
robot joints in the left image, the VLM fails to detect because
it’s unable to distinguish between end effector and robot joints.
The failure example on the right requires sophisticated spatial
reasoning capability that human annotator can infer the robot
end-effector position when the majority of the robot body is
not in the image frame.

D. Visual Complexity Scoring

Understanding the visual complexity of the dataset is
important to train a robust robot policy. Existing research by
Saxena et al. [34] shows that co-training robot policies with
diverse visual complexities improves the policy robustness.

We implement a semantic relevance score (Definition II1.1)
with RoboSQ that provides fine-grained semantic scoring of
robot trajectories. RoboSQ outputs a scalar semantic relevance
score s that quantifies the overall quality of a trajectory with
respect to a set of visual and task-related factors. We define
a weighted semantic relevance score based on five criteria:
Visual Clarity (lighting conditions and contrast), Occlusion
(degree of self-occlusion caused by the robot arm), Target
Object Quality (clarity and visibility of the target object), Task
Relevance (alignment between observed behavior and task
description), and Scene Complexity (number of objects and
clutter). Each criterion is assigned a corresponding weight,
forming the vector o = [0.30, 0.20, 0.20, 0.15, 0.15].

Figure 5 illustrates the semantic relevance scores produced
by RoboSQ on DROID100, a 100-trajectory subset of the full
DROID dataset that captures diverse lighting, occlusion, and
scene layouts. Qualitatively, we observe that low-scoring
trajectories tend to contain occlusions, poor lighting, or
ambiguous robot behavior, while high-scoring samples exhibit
clear visual conditions.

E. Policy Learning with RoboSQ

We study how semantic qualification affects the perfor-
mance of a learned policy with RoboSQ. Specifically, we
test whether using qualified data that filtered or scored by
RoboSQ can lead to improved policy performance compared
to unfiltered or randomly selected data. The robot is tasked
to place a stuffed animal toy to a black bowl in the presence
of a distractor pot.
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Bottom 4 Semantic
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Fig. 5: Visual Complexity Score s on DROID100 We run RoboSQ on DROID100, a 100-trajectory subset curated by DROID authors. The visual
complexity score s of RoboSQ shows a strong relevance to the lighting, camera occlusion and scene complexity condition of the robot trajectory.

Setup. The task is picking a tiger and placing in a black
bowl. Each dataset is used to train the same policy architec-
ture: the Action Chunking Transformer (ACT) [35], under
identical training hyperparameters. The ACT implementation
is from [36]. The physical setup with URSe can be found in
Figure 1.

Data Distribution. We curate a training dataset of 90 tra-
jectories. The dataset includes 50 high-quality demonstrations
where the robot successfully picks up the stuffed animal and
places it directly in the bowl. The other 40 trajectories exhibit
low-quality demonstrations commonly seen in the Open X-
embodiment dataset [4]. These failure cases are distributed
across four categories that: (a) fails to grasp the stuffed animal,
(b) successfully picks up the object but places it on the table,
(c) the object in the wrong container (the pot instead of the
bowl), and (d) low quality demonstration such as stalls, drops
the object incorrectly and has to recover, or takes an indirect
path to reach the target.

Dataset Selections (1) Expert selection uses a expert
curated subset of high quality robot trajectories, (2) Full
dataset selection includes all the trajectories, (3) RoboSQ-
Selection with Definition. III.1, which prompts RoboSQ with
a simple binary Selection. RoboSQ-Selection I was prompted
with “"Does the robot successfully and smoothly pick a tiger
and place it into the black bowl?” and RoboSQ-Selection 2
was prompted with “Does the robot successfully and smoothly
pick a brown stuffed toy and place it into the black bowl?” (4)
RoboSQ Top-K using Definition. III.1.1 that rate the trajectory
in rating successfulness, smoothness and efficiency, and rank
with top 50 trajectories.

Metric For each method, we compute the sucess rate and
Intersection over Union (IoU) for all dataset selection between
the expert curated dataset (1) and other dataset selections in
(2),(3),(4). IoU measures the proportion of overlap between
the two sets, calculated as the amount of shared data divided
by the total amount of data across both sets.

Results Table IV shows the policy performance under
different dataset selection. The all-data policy trained with
dataset selection (2) displayed the various failure modes
present in the mixed dataset, including semantic failures

Data Mix # Traj. \ IoU w/ Expert  Success Rate
Expert 50 | 100% 14/ 15
All Data 90 56% 1/15
RoboSQ Selection #1 44 84% 8/15
RoboSQ Selection #2 56 80% 11715
RoboSQ Top k 50 96 % 13/15

TABLE IV: Policy Performance on Tiger Pick and Place Task The base
policy on Expert curated data with the 50 good demonstrations achieved
a 14/15 success rate, while the policy trained on all 90 demonstrations
managed only 1/15 success rate. RoboSQ with Top-K achieved performance
comparable to expert selection with a 13/15 success rate.

where the stuffed animal was placed in the pot rather than
the bowl, grasp failures preventing pickup of the toy, place
failures resulting in the tiger being dropped on the table, and
motion failures causing the robot to stall mid-trajectory.

All instances of RoboSQ outperformed the all-data policy.
RoboSQ Selection 1 and RoboSQ Selection 2 used identical
data selection methods, leading to similar IoU with the expert
data. The success rates varied, with 8 out of 15 for Selection
1 and 11 out of 15 for Selection 2. The difference selected
two prompts spans across different categories of failures, but
the second prompt include more training data (56 versus
44 trajectories), indicating that a larger set of high-quality
demonstrations can improve policy performance.

Moreover, RoboSQ Top k outperformed other RoboSQ
methods with a 13/15 success rate approaching the source
policy’s 14/15 success rate. Interestingly, despite RoboSQ
Selection 2 having an additional 6 trajectories, it performed
worse than RoboSQ Top k. One advantage of RoboSQ Top
k is that it identified trajectories where the robot initially
misgrasped the stuffed animal but subsequently recovered.
This inclusive data selection approach enables the resulting
policy to develop recovery behaviors not seen in the source
policy, suggesting that carefully selected data with mixed
quality can enhance robustness.

VI. CONCLUSION AND FUTURE WORK

In this paper, we propose RoboSQ, a semantic data qualifi-
cation framework for robot data management. We use VLMs
to perform visual question answering on robot trajectory
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data to handle the semantic queries. We perform three case
studies on DROID dataset, and results show that RoboSQ
achieves high agreement with human-labeled metadata. We
use a semantic data qualification metric for robot physical data
that demonstrates comparable performance to human expert.
We acknowledge the limitation that VLM prediction can be
subject to prompt quality, leading to different behaviors in
handling filtering or ranking. We consider it as future work
to improve the stability and spatial understanding of VLM
to improve the robot dataset queries. We also consider it as
future work to identify a complete set of semantic queries
for robot policy training.
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