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“Creative tool use” refers to the flexible application of tools beyond their intended purpose. In scientific
experiments, this behavior is described as a “lab hack,” and its automatic documentation is valuable for
accumulating experimental knowledge. Recently, vision-language models (VLMs) have shown promise
for generating procedural descriptions from experimental videos. However, VLMs typically rely more on
object-based knowledge than on understanding the manipulations. This issue is often overlooked in
existing laboratory video datasets, as tools are typically used in standard, prescribed ways. Thus, the
extent to which these models can interpret and describe actions that extend beyond object-based
knowledge, such as creative tool use, remains uncertain. Moreover, laboratory environments often
contain numerous items unrelated to the operation (i.e., decoy objects), which can divert the model's
attention and further complicate the accurate identification of creative manipulations. To address this
limitation, we developed an evaluation dataset called "CREOLab” (CREative tool use in Object-rich
Laboratories), consisting of 65 videos from 13 experimental scenarios featuring creative tool use, each
recorded across five levels of decoy object density. Using a state-of-the-art, cloud-based VLM

captioning system, we evaluated model performance. As the number of decoy objects increased, the
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Accepted 8th May 2026 model tended to insert redundant procedural steps or omit essential ones. As a result, it failed to
document scenarios involving creative tool use accurately. These findings suggest that enhancing the

DOI: 10.1039/d5dd00542f reliability of automatic experimental recording with VLMs requires mechanisms for automated

rsc.li/digitaldiscovery verification of generated outputs, as well as recording protocols that reduce the influence of decoy objects.
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Introduction

Maintaining detailed records of experimental work is crucial for
ensuring reproducibility and preserving scientific knowledge.
Traditionally, handwritten lab notebooks have been the primary
medium used for this purpose. However, in recent years, the
digital management of experimental data through electronic
lab notebooks (ELNs) has been recommended.** The benefits
of digitalization extend beyond reproducibility assurance.’
Textual records and metadata tags are particularly advanta-
geous for data retrieval and analysis and can serve as input for
language models (LMs).*” Consequently, ELNs are expected to
form the foundation of data-driven research in informatics® and
self-driving laboratories (SDLs),>'® thereby enabling new
research paradigms and experimental automation.

To enhance the usefulness of ELNs, a part of the metadata
entry process should be automated to reduce the workload."*
Recent studies have explored the automatic labeling or
captioning of experimental videos using recognition tech-
niques. Previous research on automated experiment recording
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has focused mainly on predefined operational categories, such
as reagent addition or stirring, rather than on diverse, unde-
fined manipulations.”™ These efforts can be framed as
temporal action segmentation problems, which are typically
addressed through classification-based neural networks.'***

However, laboratory operations are far more diverse and
often display considerable creativity in practice. For instance,
weighing paper may not only serve to measure chemicals but
also be used as a temporary tool or even as a notepad. Such
flexible, purpose-extending practices are commonplace and
reflect the ingenuity of researchers who adopt tools to achieve
experimental goals efficiently in the absence of specialized
equipment. In a laboratory context, these behaviors are often
referred to as lab hacks,® whereas in the automation studies,
they are described as creative tool use.'”'® Both embody valu-
able procedural knowledge that merits systematic
documentation.

Recently, video captioning technologies based on vision LMs
(VLMs) have been actively investigated to convert arbitrary video
content into descriptive text.'>** Among these, cloud-based
VLMs, such as GPT-based architectures, outperform standal-
one models on video captioning benchmarks.**** However,
VLMs generally rely more on prior object knowledge than on the
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temporal dynamics of visual sequences, often resulting in overly
simplistic interpretations of video content.”**” In particular,
existing laboratory video datasets primarily capture standard
experimental procedures in which tools are used for their
conventional purposes.'****?* Consequently, even when
a model appears to recognize an action such as “pipetting,” it is
unsure whether it demonstrates a true understanding of the
operation or simply relies on shortcut reasoning triggered by
the presence of the pipette. Therefore, these object-knowledge
biases often remain undetected under conventional evalua-
tion settings. This limitation raises a critical question: is it
possible to automatically record laboratory actions that embody
researchers’ creativity and ingenuity, such as lab hacks or
creative tool use, that transcend object-level recognition?

This study aims to identify the challenges associated with
automatically recording experimental procedures from labora-
tory videos, including atypical operations within a video
captioning framework using competitive and representative
VLMs. To achieve this goal, we propose an evaluation dataset
named CREOLab (CREative tool use in Object-rich Laboratory),
which comprises 13 scientific experimental scenarios involving
creative tool use (Fig. 1). The dataset is specifically designed to
progressively introduce multiple irrelevant laboratory items
(decoy objects) into each scene. This design enables rigorous
evaluation of whether VLMs can genuinely interpret and docu-
ment manipulative actions rather than relying excessively on
correlations between visible objects and their typical uses.

The main contributions of this study are summarized as
follows:

e Development of the CREOLab video captioning evaluation
dataset based on 13 scientific experimental scenarios focusing
on creative tool use.

e Introduction of multiple decoy objects in each scenario to
assess the robustness of caption generation, systematically
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increasing the number of decoys to conduct an in-depth anal-
ysis of object-knowledge biases.

e Development of a fully automated evaluation protocol for
VLMs incorporating a pipeline that integrates caption genera-
tion with cloud-based VLMs and checklist-based evaluation.

e Execution of 1000 caption generations and evaluations for
each of multiple cloud-based VLMs using a procedural docu-
mentation system, revealing the limitations of current VLMs in
procedural recording.

The remainder of this paper is organized as follows. Section
2 reviews research related to procedural recording and auto-
mation. Section 3 provides detailed information about the
dataset. Section 4 describes the evaluation methodology.
Section 5 presents and discusses the results, including future
challenges in the automatic recording of scientific procedures.
Finally, Section 6 presents the conclusion.

Related works

In this section, we first review existing scientific video datasets
from experiments. Then we discuss benchmarking video
captioning techniques. In both cases, we frame the discussion
around our main research question: do VLMs genuinely
understand scientific experimental procedures or do they rely
primarily on object-knowledge biases? we further identify the
limitations of prior studies that our proposed dataset is
designed to address.

Laboratory video datasets

Most existing video datasets focusing on scientific experiments
emphasize the correspondence between predefined action
labels and video scenes. Sasaki et al.'* constructed a dataset
containing approximately 500 short clips, segmented at the
action level, and classified them into three categories: “adding,”

13 experiment scenarios with creative tool use

T1: Coil Fabrication T2: Ink Dispersion T3: Crystal Drying
. Q $ o

micropipette

microspatula
laboratory balance

NMR test compound

microspatula
laboratory balance
NMR test compound

&

5 Levels of decoy objects per scenario

Fig. 1 Overview of the proposed CREOLab dataset. This video captioning dataset consists of 65 original videos covering 13 creative tool use
scenarios based on scientific experiments, each featuring 5 levels of decoy objects. NMR: nuclear magnetic resonance.
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“stirring,” and “transferring.” Gabrieli et al.** developed the lab
action dataset and performed a comparative evaluation of
various model architectures, including VLMs, for classifying
videos based on predefined operation labels. Similarly, Yagi
et al®® created the FineBio dataset, in which experimental
procedures are hierarchically annotated at the protocol, step,
and atomic operation levels.

With advances in deep learning, particularly in LMs, recent
research has shifted toward associating procedural step
descriptions with corresponding video scenes based on
semantic understanding. Nishimura et al.*® introduced BioVL,
a dataset of 16 bioscience experiment videos, to evaluate the
ability of video-language embedding models to align procedural
texts with visual events. Cui et al.*>* developed the ProBio dataset
for molecular biology, defining a recognition task to identify
which procedural step in a written protocol corresponds to an
observed video action. They also introduced three difficulty
levels based on the ambiguity of the procedural descriptions.
Nishimoto et al.** developed BioVL-QR, a dataset distinguished
by the use of QR codes attached to experimental items. By
detecting and matching these QR codes within the video, they
leveraged object-level information to predict the correspon-
dence between procedural steps in known protocols and
specific video segments.

In recent years, the rapid advancement of VLMs has attracted
significant attention in generating procedural texts directly
from video data. Nishimoto et al.** highlighted that their BioVL-
QR dataset could serve as a valuable resource for automatic
generation of experimental protocols through video under-
standing. Similarly, Chen et al** employed curated online
videos of scientific experiments and used VLMs to produce
natural language descriptions, including procedures, under-
lying principles, and safety guidelines, by referencing
Wikipedia.

One limitation of existing datasets is that they primarily
emphasize experimental procedures in which tools are used
conventionally, thereby limiting insight into whether VLMs
genuinely interpret scientific procedures or instead rely
predominantly on prior knowledge of standard tool usage. To
address this, our CREOLab dataset emphasizes creative tool-
usage scenarios, featuring atypical operations that cannot be
comprehended through shortcuts based solely on object
knowledge.

Benchmarking in video captioning

Generating procedural texts from videos can be viewed as
a form of video captioning.*** Traditional video captioning
methods, which relied on template-based descriptive systems
and classical classifiers, have evolved toward generative
approaches using advanced LMs and VLMs.*®

Large LMs (LLMs) possess extensive prior knowledge of tools
and environments. Research has shown that leveraging this
knowledge enhances performance on captioning benchmarks.
For example, Chou et al* demonstrated that pretrained
models, such as GPT, can generate commonsense textual
knowledge regarding the functions and purposes of tools within

© 2026 The Author(s). Published by the Royal Society of Chemistry
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a scene, and incorporating this auxiliary information signifi-
cantly improves the accuracy of action captioning. Furthermore,
Niu et al.*® proposed a method that inputs the initial and final
frames of a video into an LLM to infer intermediate procedural
steps using the model's chain-of-thought reasoning. More
recently, cloud-based models, such as GPT, have been extended
to process visual inputs, enabling their direct application as
VLMs for video captioning and producing high-quality,
contextually coherent results.”***

However, studies have shown that current VLMs still struggle
to capture motion and action details in videos accurately. Wang
et al* through ActionBench experiments involving video
reversal and antonymic verb substitution, revealed that many
VLMs rely excessively on prior object knowledge while under-
emphasizing dynamic motion. Similarly, Shvetsova et al.*®
identified limitations in existing benchmarks that permit
correct predictions based primarily on object or background
recognition. They proposed improved benchmarking methods
to eliminate such biases. Ma et al*” also introduced “hard
negative” captions that alter actions while retaining the same
objects, thereby increasing the task's difficulty.

Based on aforementioned prior studies, in our CREOLab
dataset, irrelevant scientific instruments are deliberately placed
in the scenes as decoys. This serves as a highly challenging
benchmark that closely reflects a realistic laboratory environ-
ment and is likely to induce captioning errors owing to object-
knowledge bias. Furthermore, by introducing decoys incre-
mentally within the same scenario, our dataset enables a more
quantitative and in-depth analysis of object-knowledge bias
than previous datasets.

Dataset

This section describes the configuration of the creative tool use
scenarios and the decoy objects that define the proposed CRE-
OLab dataset. Its design is based on two principles: (1) adopting
creative tool-use scenarios that cannot be easily interpreted
solely based on knowledge of objects’ typical functions and (2)
introducing decoy objects incrementally to allow for the quan-
titative analysis of object-knowledge bias. It also outlines the
procedures for video recording and annotation used during the
dataset's construction.

Creative tool use scenarios

In this study, creative tool use refers to the innovative act of
employing tools for purposes beyond their original intended
functions. These actions exemplify researchers’ ingenuity in
overcoming complex experimental challenges where specialized
instruments are unavailable or impractical.

We conducted interviews with seven in-house researchers
actively engaged in experimental work. Their areas of expertise
covered diverse disciplines, including electrochemistry, inor-
ganic chemistry, polymer chemistry, biology, and thermal
engineering. Through discussions with these participants, we
collected 23 instances of creative tool use. From this set, we
excluded three scenarios for safety reasons, such as those
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involving heating operations, four scenarios because the
required tools were not readily available, and three scenarios
that did not align with the dataset's concept, specifically those
in which the proposed creative tool use corresponded to the
standard use of the tool at the verb level. For each scenario
described in the interviews, we abstracted research-specific
details and reconstructed the scenario with a different
performer. The reenactments were recorded on video, and the
original researchers subsequently reviewed them. Whenever
inconsistencies were identified, the procedures or tools were
modified accordingly. Ultimately, we constructed 13 creative
tool use scenarios (Table 1).

Each scenario was assigned an ID with the prefix “D” or “T.”
The prefix “D” indicates the development split used for video
captioning and prompt design. The prefix “T” denotes the test
split used for evaluating previously developed captioning
systems.

In every scenario, the primary tool is intentionally used in
a creative manner distinct from its conventional application.
For example, in scenario D1, tiny seeds about 0.2 mm in
diameter, which cannot be grasped with tweezers, are soaked in
water and individually sown by drawing them up one by one
with a micropipette, an instrument initially designed for
dispensing liquids. In scenario T9, because a funnel with a flow
path wide enough for pellets cannot fit into a short vial bottle,
a simple funnel is improvised by rolling a sheet of weighing
paper, typically used for packaging reagents.

Thus, none of the scenarios represent misuse of tools;
instead, they depict realistic and rational instances of creative
problem-solving. It is worth noting that these scenarios are
abstract examples and have not undergone formal training in
experimental safety.

Decoy object variations

In each scenario, objects not directly involved in the task were
deliberately placed in the video. These objects, termed “decoy
objects,” were intended to divert the attention of the VLM. As
presented in Table 1, multiple types of decoy objects were
defined for each scenario. Under the zero-decoy condition, none
of these objects appears. In contrast, under the N decoys
condition, all decoys from Decoy 1 to Decoy N were present. To
ensure that all objects were captured within the camera frame,
the maximum number of decoy object types was limited to four.
Accordingly, five experimental conditions were established for
each of the 13 scenarios, ranging from 0 to 4 decoys, yielding
a total of 65 videos. The core task performed in each video
remained identical, regardless of the number of decoy objects.
The decoy objects were deliberately chosen for their high
contextual relevance, e.g., items commonly used alongside
those featured in the main scene. This selection strategy is
designed to reflect real-world experimental conditions better
and to elicit misdescriptions of standard operations that
depend more on object knowledge.
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Video recording setup

This scenario focuses exclusively on manual operations
involving small objects, such as wires and seeds. The filming
emphasized detailed depictions of these fine movements, at the
expense of wide-angle coverage. As a result, the worker's entire
body is not visible within the frame. Nevertheless, care was
taken to ensure that all objects appearing in the scenario
remained within view whenever possible.

Although some scenarios were designed to simulate work in
a draft chamber, all videos in this dataset were recorded under
standard, air-conditioned conditions. For safety reasons, no
actual chemicals were used; instead, visually similar household
materials served as substitutes. Specifically, water was used in
place of alcohol, and seasonings represented various chemicals.
For nonchemical instruments, such as micropipettes and disk
working electrodes, all items, including decoy objects, were
genuine laboratory tools.

Each recording was captured using a single RGB camera
mounted on a tripod, with the viewing angle adjusted for each
scenario. Within the same scenario, the task content was
standardized, and the same operation was performed and
recorded across five decoy levels. The demonstrations were
restricted to scenes involving creative tool use, which is the
focus of our investigation, while preceding and subsequent
tasks were excluded. Consequently, the dataset comprises 65
videos, with durations ranging from 10.5 to 60.0 s and an
average length of 22.9 s. No audio was recorded.

Annotations

Manual annotations were created for each of the 65 recorded
videos, producing ground truth (GT) data in JSON format, as
shown in Fig. 2. Captions were freely composed following the
format [Action verb] [Specific object name] [Specific action
details] for each procedural step, typically comprising two to
four steps per video. All visible objects, including decoys, were
also listed. For each object, its name and the normalized

" micropipette

"objects": [ T
"description": "micropipette”,
"position": [ 0.60, 0.13] }
"description": "water-soaked seeds"
"position": [ 0.75, 0.54 ] }
"description": "agar plate"
"position": [ 0.49, 0.33] }
"description": "sucrose solution"
"position": [ 0.27, 0.27 ] }
"description": "tweezers"
"position": [ 0.15, 0.52]} ]
“caption”: “1. Aspirate two water-soaked seeds from the watch
glass using a micropipette. 2. Dispense one seed onto each of
the two designated positions on the agar plate."

}

Fig. 2 An example of GT data. For each video, the names of objects
(including decoys), their relative positions in the image, and a caption
common to the scenario are provided.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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coordinates of its center position in the initial frame were
documented. The work procedures were independent of the
presence or absence of dummy objects; therefore, identical
caption strings were used for scenarios representing the same
task.

Experimental setup

This section presents the experimental setup used for verifica-
tion with the constructed CREOLab dataset. The primary
objective of this experiment was not to develop an optimal video
captioning system but to analyze the limitations and failure
modes of current VLMs. To achieve this, we designed an auto-
mated experimental pipeline comprising two components:
a captioning module and an evaluation module, as illustrated in
Fig. 3. The following sections provide a detailed explanation of
each module.

Captioning module

Recent studies have shown that cloud-based VLMs have ach-
ieved high performance on several video captioning bench-
marks.”*** Based on this progress, our experiment employs
GPT-5, LLaMA-4, Gemini-3, and Claude-4, which are well-known
advanced VLMs available at the time of experimentation, to
perform video captioning. To the best of our knowledge, few
published papers have addressed video captioning in the
context of scientific experimental procedures, and no baseline

: Captioning module

llnput videoI + *
! Extract ) ( Split )

 [Coment rames ] |

I Initial frame I Segments I
Detector (_Extract ):

lDetected objectsl I Frames I

[GT objectsl

Automatic detection mode Captioner

[Segment captions]

Integrator

>

>
Manual detection mode

Final caption

: Evaluation module

Detected objects

Mapper

Evaluator

GT caption

Fig. 3 Overview of the system developed to highlight the challenges
faced by VLMs in experimental procedure captioning. The system
comprises a captioning module and an evaluation module, which
operate automatically across all experimental iterations.
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systems have been established using cloud-based VLMs.
Therefore, it is necessary to design a customized captioning
system. In this study, we prioritized simplicity to facilitate the
interpretation and discussion of the results.

Since such VLMs cannot process raw video files, discrete
frames extracted from each video were used as sequential image
inputs. A shorter frame interval minimizes the likelihood of
missing scene transitions but results in a larger number of
frames. Although the application programming interface
supports numerous image inputs, not all may be considered
during inference.*” To address this trade-off, following previous
studies,**** the input videos were divided into short segments.
Each video was segmented into 6 s units with a 1 s overlap
between consecutive segments. From each segment, seven
evenly sampled frames (four in the case of LLaMA 4 owing to
input limitations) were used as prompts for the VLM to generate
captions. The model's segment-level captions were integrated
and summarized into a concise procedural description of
approximately three steps.

During captioning, an object list containing the names and
spatial positions of all objects was incorporated into the prompt
alongside the initial frame image. This addition helped reduce
inconsistencies in terminology across segments. To differen-
tiate the model's captioning capability from its object detection
performance, two operational modes were implemented:

e Manual detection mode: this mode uses the “objects”
attribute from the GT data, allowing captioning to proceed
without relying on automatic object detection.

e Automatic detection mode: this mode did not use any GT
data. Instead, information corresponding to the “objects”
attribute was automatically generated by the VLM by analyzing
context frames sparsely sampled from the entire video. In this
case, the captioning outcomes directly reflected the VLM's
inherent ability to recognize objects.

Evaluation module

Evaluating generative tasks, such as video captioning, has long
posed a considerable challenge. Traditional metrics, like
BLEU,* rely on surface-level word-sequence matching and fail
to capture semantic meaning. In contrast, embedding-based
methods, such as BertScore,* better reflect semantic simi-
larity but remain insensitive to negation and word order varia-
tions,* leading to serious misjudgments in procedural
evaluations. Although these metrics can visualize overall
performance differences, they offer limited insight into why one
result outperforms another.

In this study, a precise absolute evaluation was unnecessary
because our primary goal was to clarify the limitations of
current VLMs. However, to efficiently visualize and explore
a large number of experimental results, it was desirable to
assign scores that enabled relative comparisons. Therefore, we
employed a checklist-based point-deduction method and con-
structed an automated evaluation pipeline using the same VLM
as that used in the captioning module as the evaluator. The
deduction criteria were as follows:

e Critical step omissions: —15 points per instance.
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e Incorrect step sequence: —12 points per instance.

¢ Unnecessary additional steps: —8 points per instance.

e Incomplete step descriptions: —5 points per instance.

e Incorrect terminology: —10 points per instance.

e Ambiguous terminology: —5 points per instance.

We determined the deduction values according to their
impact on task reproducibility. Each evaluation began with
a perfect score of 100 points, from which deductions were
applied for corresponding errors to compute the final score.
Analyzing each deduction factor enables a statistical discussion
of failure patterns.

Deduction judgments were made by comparing the gener-
ated captions with the annotated GT procedures. However,
automatically generated captions do not always use identical
terminology. For instance, if a scene depicts “holding distilled
water,” the automatic recognition system might detect the
object as a bottle and describe it as “holding a bottle”. When the
correspondence between “distilled water” and “bottle” is pre-
defined, both expressions are treated as equivalent. Otherwise,
“holding distilled water” is considered missing and penalized
under critical step omissions, while “holding a bottle” is treated
as an unnecessary action under unnecessary additional steps.
To mitigate this issue, we created a name-mapping scheme that
aligned the lists, thereby accommodating terminological vari-
ations during the evaluation process.

Results and discussion

This section presents the results of evaluation experiments
conducted using the constructed experimental pipeline and the
CREOLab dataset, along with a discussion of the findings,
focusing mainly on the case where GPT-5 (gpt-5-2025-08-07) is
used as the VLM. Because the experiments relied on a cloud-
based generative model, caption generation and its evaluation
were affected by random seeds, resulting in substantial varia-
tion in the final scores. To ensure the reliability of the findings,
ten iterations were conducted for each of the 50 test scenario
videos under both the automatic and manual detection modes,
resulting in a total of 1000 experiments. When reporting the
scores, the mean values obtained under identical conditions
were used, and 95% confidence intervals were represented as
error bars to illustrate the range of variation. For the generated
examples, one representative case was systematically selected
from each condition group, corresponding to the median score
(the upper median in even-numbered groups), thereby mini-
mizing randomness and arbitrariness.

Generated examples

Among the 1000 generation and evaluation experiments, Fig. 4
shows a representative example under the conditions of
scenario T2, four decoy objects, and the automatic object
detection mode. First, the detector outputs the names and
coordinates of multiple objects in the scene with sufficient
accuracy for referencing each object. Then, the captioner
generates captions for each segment (a six-second video clip)
using the detected object names. Subsequently, the integrator

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Segment Captions (Captioner output)

**Segment 1**:

1. Grasp the vial with nitrile glove B.

2. Lift the vial and move it toward the sponge near the ultrasonic
cleaner.

3. Hold the vial near the petri dish.

**Segment 2**:

1. Grip the vial with nitrile glove B.

2. Hold the foam ring with nitrile glove A and insert the vial into the
foam ring through the center opening.

3. Place the foam ring containing the vial into the ultrasonic cleaner.

**Segment 3**:

1. Place the foam ring and the vial into the ultrasonic cleaner,
positioning the vial within the foam ring.

2. Adjust the foam ring to keep the vial centered and stable in the
ultrasonic cleaner.

3. Press the start control on the ultrasonic cleaner to begin operation.

**Segment 4**:

1. Insert the vial into the foam ring.

2. Place the vial and foam ring into the ultrasonic cleaner.

3. Keep the vial in the ultrasonic cleaner with the foam ring in position.

**Segment 5**:

1. Place the foam ring holding the vial into the ultrasonic cleaner bath.

2. Use nitrile glove B to pick up the sponge and bring it over the top
surface of the ultrasonic cleaner.

3. Grip the vial with nitrile glove A and nitrile glove B and adjust its
position within the foam ring inside the ultrasonic cleaner.

**Segment 6**:

1. Grasp the vial with nitrile glove A while it is seated in the foam ring
inside the ultrasonic cleaner.

2. Open the vial with nitrile glove B while stabilizing it in the foam ring.

3. Lift the vial out of the foam ring and hold it above the ultrasonic
cleaner.

Final caption (Integrator output)

1. Insert the vial into the foam ring and place the foam ring with vial into
the ultrasonic cleaner.

2. Adjust the foam ring to keep the vial centered, then press the
ultrasonic cleaner start control.

3. Open the vial while stabilizing it in the foam ring, then lift it out above
the ultrasonic cleaner.

Score (Evaluator output)

Final Score: 62 pt

Critical Step Omissions (-15 pt): Missing the step to shake the
container of catalyst ink prior to sonication.

Critical Step Omissions (-15 pt): Did not switch off the ultrasonic
cleaner before removing the container.

Unnecessary Additional Steps (-8 pt): Opened the vial while in the
ultrasonic setup, a step not specified in the gold procedure and
potentially unsafe/unnecessary.

Fig. 4 Example of video caption generation and evaluation results
obtained using the constructed system (Scenario T2, Decoy 4. GT
caption: 1. shake the container of catalyst ink. 2. Insert the container of
catalyst ink into the polystyrene foam with a hole. 3. Place the
container and polystyrene foam into the ultrasonic cleaner and switch
it on. 4. Switch off the ultrasonic cleaner and remove the container
filled with catalyst ink.).

successfully summarizes these captions into a concise, three-
step procedure. Finally, the evaluator records in detail which
penalty items were applied and how they were assigned based
on a comparison with the GT procedure. These results confirm
that the experimental pipeline operated as intended.

Statistical performance evaluation

Fig. 5 summarizes the results from 1000 trials, illustrating
variations in scores with respect to the number of decoy objects

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Variation in captioning quality as a function of the number of
decoy objects. Top: manual detection mode; Bottom: automatic
detection mode. Each point represents the mean over 100 trials (10
test scenarios x 10 iterations), and the error bars indicate the 95%
confidence interval of the mean final score.

for each detection mode. Each plot represents the average of
100 trials (10 scenarios x 10 iterations) and the error bars
denote the 95% confidence interval of the mean. Regardless of
whether object detection was performed manually or automat-
ically, increasing the number of decoy objects consistently led
to more errors, such as omissions of essential steps and addi-
tions of unnecessary ones, thereby reducing the final scores.

Table 2 presents the mean scores stratified by the number of
decoy objects. The Overall row shows the result obtained by
combining all trials, which is equivalent to the result shown in
Fig. 5. T1-T10 indicate the mean scores further stratified by
scenario. For each row, we report the regression slope B of the
mean score with respect to the number of decoy objects, the
coefficient of determination R*> and the one-sided p-value
testing whether the slope is negative. In addition, Cohen's
d relative to the no-decoy condition (d = 0) is shown below the
mean score for each decoy level.

In the overall analysis, 8 was negative in the manual detec-
tion mode (8 = —3.49) and the automatic detection mode (8 =
—2.09), with p < 0.01, indicating a significant negative effect of
decoys on the score. However, the magnitude of this effect
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Table2 Mean final scores by number of decoy objects for Overall and
each scenario (T1-T10). Values for 1-4 decoys are shown with
Cohen's d relative to 0 decoys in parentheses. 3, R?, and p denote the
slope, coefficient of determination, and the one-sided p-value for
a test of a negative slope in the linear regression of score on decoy
count. Gray-shaded conditions are discussed in Fig. 6 and 7

Number of decoy objects Regression statistics

Scenario o A 2 3 4 I R? p(B<0)

(a) Manual detection mode

Overall 81.8 [80.2(-0.11) |76.1(~0.34) |74.1(-0.42) |67.4(-0.70) |—3.49 |0.062 |<0.001

1 81.9 [71.2(-1.16) 72.3(-0.92) [60.8 (-2.00) [38.8(-3.18) |-9.66 0.577 |<0.001
™2 64.5 64.2(-0.02) [52.2(-1.03) [52.5(~1.00) l46.6(~1.16) |-4.75 0.287 |<0.001
3 82.9 73.5(-1.51) 69.7(-2.13) [77.2(-0.92) |47.0(~3.16) |-6.81 0.398 |<0.001
T4 100.0(100.0 (+0.00) (98.7 (~0.45) |100.0 (+0.00) |97.9 (~0.65) |-0.42 0.047 (0.066
TS 68.1 61.3(-0.59) 65.0(-0.37) [54.7(-1.04) |61.6(-0.61) -1.96 0.057 [<0.05
6 91.7 [92.4(+0.07) |84.5(-0.47) 96.0 (+0.52) |80.5(-0.70) -1.88 0.035 [0.097
7 64.4 69.6 (+0.46) 72.0 (+0.56) [60.4 (~0.24) [55.8 (~0.58) |-2.64 0.065 [<0.05
8 79.5 (79.1(-0.05) 55.0(-2.12) [55.0(-2.18) [57.0(-2.35) |-6.91 0.390 |<0.001
IC] 94.2 |96.7 (+0.38) (95.3 (+0.16) (94.0 (~0.03) [100.0 (+1.14) |+0.89 (0.050 (0.941
T10 91.2 (93.6 (+0.39) |96.0(+0.94) (90.4 (-0.17) |88.8(~0.47) -0.80 0.045 (0.069

(b) Auto detection mode

Overall 73.7 66.8(-0.28) [69.8(-0.17) 68.8 (—0.21) |62.1(-0.45) |-2.09 0.014 |<0.01

1 69.9 [59.2(-0.74) 61.4(-0.41) [58.6(-0.70) [39.1(-2.01) |-6.22 0.199 |<0.001

™2 57.8 [57.9 (+0.01) [56.4(-0.14) [60.0 (+0.19) [52.3 (-0.44) -0.89 0.010 [0.242
3 70.3 69.1(-0.10) 69.6 (~0.06) [59.1(-0.65) [59.3(~0.79) |-3.20 0.112 [<0.01
T4 98.7 |95.8(-0.73) 94.2(-1.21) (98.4(-0.10) (94.7 (-0.84) -0.54 0.027 (0.126
13 52.2 (39.0(-0.60) 64.8(+0.74) [60.7 (+0.51) [52.5(+0.02) +2.23 0.026 0.870
6 94.0 91.9(-0.21) (81.9 (-1.22) [87.9(-0.56) (92.2(-0.18) |-0.76 0.012 |0.227
7 39.4 [25.7(-1.22) 42.5(+0.20) [39.0(-0.03) [11.9(-2.21) |-4.17 0.105 [<0.05
T8 73.1 [56.0 (-1.00) 43.6(-2.15 |49.6 (—1.68) 44.9 (-2.16) |-6.28 0.295 |<0.001
1E] 92.0 (83.5(-0.55) [89.5(-0.21) 83.2(~0.49) 88.0(-0.29) |-0.83 |0.005 0.316
T10 89.1 (89.6(+0.06) 94.4(+0.81) 92.0 (+0.48) [86.5(~0.40) |-0.28 0.004 (0.339

varied considerably across scenarios. Specifically, the standard
deviation (SD) of 8 across scenarios was 3.40 in the manual
mode and 2.78 in the automatic mode. Relative to the magni-
tude of 3, the coefficient of variation (CV = SD/||) was 0.97 and
1.33, respectively, indicating substantial scenario-dependent
variability. Furthermore, the relatively modest R*> values
suggest that the observed effects were influenced by random-
seed variation and potential nonlinearity in the decoy effect.
Therefore, evaluating VLM captioning only under specific
scenarios or decoy conditions may lead to misleading inter-
pretations. A robust conclusion regarding model-wise trends
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can be drawn only by evaluating across the full set of 10
scenarios and the five decoy levels we defined. Indeed, in some
scenarios, marked score reductions were observed only at
specific numbers of decoys, and these cases are examined in
detail below.

Detailed analysis of failures

First, attention is directed to the gray-shaded conditions in
Table 2(a) (manual detection mode, scenario T3, 0, 3, and 4
decoy objects). Under these conditions, the effect size associ-
ated with the increase from 0 to 4 decoy objects (effect size =
—3.16) was more than three times greater than that associated
with the increase from 0 to 3 decoy objects (effect size =
—0.92). Fig. 6 shows the representative examples of the
generated outputs, each corresponding to the median score
(the fifth-highest value) across 10 trials. This scenario involves
a laboratory task in which a spatula is used to scoop a crystal
and place it into a crystallizing dish, which is then covered
with filter paper. Even in the 0 decoys condition, the covering
action was omitted, leaving the essential aspect of creative tool
use inadequately captured. In addition, as the number of decoy
objects increased, the number of erroneous records tended to
increase. In the condition with three decoy objects, a fictitious
action, “Stir” was added in Step 1. This observation may
indicate that the powder reagent, as a decoy, prompted an
association with a crystal preparation step. Moreover, when an
electronic balance was introduced as a decoy in the condition
with four decoys, additional irrelevant steps involving its
operation were added, confirming a substantial deviation from
the GT caption.

Next, attention is turned to the gray-shaded conditions in
Table 2(b) (automatic detection mode, scenario T5, one decoy).
This scenario involves separating two samples (automatically
detected as a copper sheet) using weighing paper and storing
them in a sample tray (automatically detected as a plastic tray).
Because this mode relies on automatic object detection, the
results varied depending on the random seed of the VLM. For
the weighing paper, five of the ten trials classified it as “plastic
film,” whereas the other five classified it as “adhesive film”.
Examples corresponding to the median score within each
classification group are shown in Fig. 7. Since an “adhesive
film” would be unsuitable as a separator because of its sticki-
ness, this represents a functional misrecognition. Conse-
quently, key steps related to creative tool use, such as “placing
the film,” were omitted and replaced with unrelated actions,
such as “applying material from a bowl” or “pressing down”.
These misclassifications ultimately degraded the quality. These
findings demonstrate that when the system relies on automatic
object detection, recognition errors can misguide the
captioning process, leading to failures in documenting creative
tool use scenarios.

Comparison with conventional evaluation metrics

We adopted a checklist-based self-evaluation scheme using
a VLM in our pipeline and compared it with conventional
evaluation metrics, namely, BLEU-4,** METEOR,***” CIDEr-D,*®

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Detected objects (Manual):
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spatula ; 2 dish
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Generated caption (Final score = 85):

1. Scoop the crystal with the laboratory spatula.

2. Deposit the crystal into the crystallizing dish using the laboratory
spatula.

Scenario T3, 3 decoys

Detected objects (Manual):

Laboratory Crystallizing

spatula 8 5/ o . dish

Ethanol BT

paper
Beaker
Powder

Crystal reagent

Generated caption (Final score = 77):

1. Stir the crystal with the laboratory spatula using repeated scraping
e a

2. Scoop the crystal with the laboratory spatula. XUnnecessary step

3. Place the crystal into the crystallizing dish using the laboratory spatula.

4. Adjust the filter paper to lie flat and centered.

Scenario T3, 4 decoys

Detected objects (Manual):

Decoy added
S B "\ S Laboratory
'rj?:_‘{_’ balance

a <
N b o ‘ <

Laboratory %

spatula w
Crystallizing

A -
dish

Ethanol -

Beaker

Powder
reagent

’ .
I ooy

Crystal

Generated caption (Final score = 53):
1. Stir in a circular motion and scrape the solid with the laboratorn

spatula to break up and mix it.

2. Transfer the solid into the crystallizing dish with the laboratory spatula
and mix the solid in the crystallizing dish.

3. Operate the laboratory balance with laboratory spatula to prepare it

for weighing, then position the filter paper flat beside it.
| XUnnecessary step added

Fig. 6 Generated captions under the gray-shaded conditions in Table
2(a). Top: zero decoys, middle: three decoys; bottom: four decoys. (GT
caption: 1. remove the crystal using a laboratory spatula and place it in
the crystallizing dish. 2. Cover the crystallizing dish with filter paper).

and BERTScore.** BLEU-4, METEOR, and CIDEr-D were
computed using the Python library pycocoevalcap,*® whereas
BERTScore was computed as the F1 score using RoBERTa-
large.>

Table 3 summarizes the results obtained by applying each
metric to the Overall scores presented in Table 2. The proposed
method (OUR) captured the degradation in video captioning
performance associated with the increasing numbers of decoy
objects more effectively than the conventional metrics. In
particular, it produced a relatively small one-sided p-value
compared to the conventional metrics for the test of a negative
slope in the linear regression of score on decoy count. It also

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Scenario T5, 1 decoy
(Median example out of 5 “plastic film” recognitions)
Nitrile

Detected objects (Manual):
glove A

Plastic film

Lab coat

A Bench
> == pad

Copper SOp -
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sheet A
Copper
sheet B

Plastic

1 Plastic

i scraper
Nitrile

glove B

¥

tray ¢ Tweezers

Generated caption (Final score = 46):

1. Slide the plastic scraper under copper sheet A and place it flat,
centered in the plastic tray.

2. Grasp the plastic film with tweezers and separate one sheet from the
stack.

3. Place the plastic film onto copper sheet A in the plastic tray.

4. Scrape copper sheet B with the plastic scraper, then place it in the
plastic tray and press to align.

Scenario T5, 1 decoy
(Median example out of 5 “adhesive film” recognitions)

Detected objects (Auto):
Adhesive Functional misrecognition
film A 3 e

Adhesive
film B

Copper
sheet B

Paper
towel

Bowl

Plastic
tray

Generated caption (Final score = 22):

1. Place copper sheet A into the plastic tray and adjust it to sit flat and
centered.

2. Separate adhesive film A from adhesive film B, then lift adhesive film
A from the stack with tweezers A.

3. Use tweezers A to transfer from the bowl onto copper sheet A in the

plastic tray.
4. Place copper sheet B onto copper sheet A in the plastic
tray and press to secure contact.

XUnnecessary step

Fig. 7 Differences in generated captions based on automatic recog-
nition results of the weighing paper under gray-shaded condition in
Table 2(b). Top: when recognized as plastic film; bottom: when
recognized as adhesive film. (GT caption: 1. place the metal sample on
the weighing paper inside the sample storage case using tweezers. 2.
Cover the metal sample with another sheet of weighing paper. 3. Place
an additional metal sample on top of the weighing paper).

XOmission of film placement
(replaced by unnecessary step!

exhibited the largest effect size, indicating that it more clearly
distinguished differences among conditions. Among the
conventional metrics, BERTScore performed relatively well and
detected a negative trend in the manual detection mode (6 <0, p
<0.001).

However, in automatic detection mode, none of the
conventional metrics, including BERTScore, reliably detected
a negative trend. One possible explanation is that the object
names assigned by the VLM during automatic detection do not
necessarily match the expressions used in the reference
captions, rendering conventional metrics that emphasize lexical
overlap inherently unstable. These results indicate that the
proposed checklist-based method enables visualization of the
breakdown of penalty factors and outperforms conventional
metrics in detecting degradation in video captioning
performance.
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Table 3 Mean overall evaluation scores by the number of decoy objects for the proposed checklist-based evaluation (OUR) and conventional
metrics. Values for 1-4 decoys are shown with Cohen's d relative to 0 decoys (in parentheses). 8, R?, and p denote the slope, coefficient of
determination, and the one-sided p-value for testing a negative slope in the linear regression of score on decoy count. OUR corresponds to the
Overall score reported in Table 2 and is reproduced here for comparison

Number of decoy objects

Regression statistics

Metric 0 1 2 3 4 8 R p(8<0)
(a) Manual detection mode

OUR 81.8 80.2 (—0.11) 76.1 (—0.34) 74.1 (—0.42) 67.4 (—0.70) —3.49 0.062 <0.001
BLEU-4 x 100 14.4 15.7 (+0.13) 15.5 (+0.11) 13.0 (—0.14) 13.1 (—0.13) —0.53 0.006 <0.05
METEOR x 100 32.0 31.9 (—0.02) 31.2 (—0.17) 30.9 (—0.23) 30.4 (—0.34) —0.42 0.015 <0.01
CIDEr-D 0.31 0.35 (+0.06) 0.38 (+0.12) 0.26 (—0.10) 0.21 (—0.20) —0.030 0.006 <0.05
BERTSscore x 100 59.5 59.0 (—0.06) 58.1 (—0.16) 57.1 (—0.29) 55.4 (—0.47) -1.01 0.026 <0.001
(b) Auto detection mode

OUR 73.7 66.8 (—0.28) 69.8 (—0.17) 68.8 (—0.21) 62.1 (—0.45) —2.09 0.014 <0.01
BLEU-4 x 100 4.4 2.1 (—0.37) 4.5 (+0.02) 3.7 (—0.11) 2.6 (—0.28) —0.19 0.002 0.163
METEOR x 100 18.9 18.3 (—0.11) 20.6 (+0.35) 19.6 (+0.15) 18.7 (—0.05) +0.08 0.001 0.702
CIDEr-D 0.09 0.08 (—0.08) 0.10 (+0.02) 0.11 (+0.07) 0.04 (—0.25) —0.01 0.002 0.178
BERTScore x 100 40.0 39.1 (—0.10) 42.6 (+0.27) 41.4 (+0.15) 39.1 (—0.10) +0.05 0.000 0.571

Statistical performance evaluation of other VLMs

Previous analyses focused on GPT-5 as the primary VLM. Here,
we applied the same evaluation protocol to other prominent
VLMs, namely, LLaMA-4 (Llama 4 Maverick 17B-128E), Gemini-
3 (gemini-3.1-pro-preview), and Claude-4 (claude-haiku-4.5),
and report their quantitative trends. The aim of this analysis
is not to assess model superiority, but to evaluate whether the
proposed experimental pipeline and the CREOLab dataset are
broadly applicable to other VLMs.

The results are summarized in Table 4. For each model, we
report the values corresponding to the “Overall” metric in Table
2. The linear regression coefficient § is negative across all
models, indicating, as with the GPT-5 results, that decoys
generally have an adverse effect on captioning. Notably, the
slope is statistically significant for LLaMA-4 and Claude-4. By
contrast, for Gemini-3, the absolute value of ¢ and the associ-
ated effect size are relatively small, and the p-value is not
sufficiently low, suggesting that the impact of decoy quantity is
limited within the 10 test scenarios and may not be fully
captured by this dataset.

Overall, the proposed experimental pipeline demonstrates
consistent applicability across multiple VLMs and effectively
reveals challenges posed by decoys. At the same time, although
the CREOLab dataset exposes such challenges across models,
the results indicate that improving evaluation robustness
remains an open challenge, potentially achievable through
dataset expansion with additional high-difficulty scenarios.

Future challenges in the recording

Evaluation experiments conducted in CREOLab revealed that
even state-of-the-art VLMs are often misled by the presence of
objects in a scene. This misinterpretation leads to the omission
of critical actions or the insertion of fictitious, redundant
procedural steps, making it difficult to document instances of
creative tool use accurately. To address these limitations, four
primary directions for improvement are proposed.

(1) Although this study evaluated VLMs in a relatively simple
video captioning pipeline design, there remains a marked
potential for refinement through architectural exploration. One
promising strategy is the sequential segment captioning

Table 4 Mean overall evaluation scores by the number of decoy objects across multiple VLMs. Values for 1-4 decoys are shown with Cohen's
d relative to O decoys (in parentheses). 3, R?, and p denote the slope, coefficient of determination, and the one-sided p-value for testing

a negative slope in the linear regression of score on decoy count

Number of decoy objects

Regression statistics

VLM 0 1 2 3 4 8 R (8 <0)
(a) Manual detection mode

LLaMA-4 59.5 56.6 (—0.15) 56.0 (—0.17) 53.0 (—0.34) 53.4 (—0.33) ~1.58 0.013 <0.01
Gemini-3 84.7 82.2 (—0.17) 81.9 (—0.19) 82.6 (—0.14) 80.4 (—0.26) —0.82 0.005 0.054
Claude-4 58.2 57.3 (—0.05) 54.3 (—0.21) 52.4 (—0.30) 48.7 (—0.48) —2.41 0.027 <0.001
(b) Auto detection mode

LLaMA-4 52.0 48.1 (—0.23) 45.9 (—0.35) 41.7 (—0.65) 43.0 (—0.57) —2.44 0.037 <0.001
Gemini-3 80.5 79.3 (—0.07) 82.4 (+0.12) 77.0 (—0.20) 77.8 (—0.15) —-0.77 0.004 0.082
Claude-4 46.3 40.8 (—0.28) 38.8 (—0.43) 37.6 (—0.51) 35.6 (—0.58) —2.46 0.038 <0.001
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approach,® in which the latent semantics of one segment serve
as contextual conditioning for subsequent segments. Further-
more, integrating a reflection mechanism®»* that can detect
and correct missing procedural steps could improve accuracy.
In particular, existing video-protocol alignment frameworks>**
could serve as verification agents that prompt caption regen-
eration when inconsistencies with the video are detected.

(2) Improving environmental conditions for video capture
can further reduce captioning errors. For instance, attaching
QR codes to objects** may help mitigate misrecognition-related
inaccuracies. Developing an extended version of the CREOLab
dataset that integrates such measures could also be explored in
the future.

(3) Although the proposed dataset focuses only on video
information, incorporating nonvisual modalities such as
tactile®® and auditory cues®®® could help mitigate object-
knowledge bias in automated captioning. More broadly, such
an extension would also make the ELN database valuable
beyond serving merely as a repository of human operations. For
instance, automatically generated captions could function as
annotations for training robot foundation models.*”*® In addi-
tion, human operation records enriched with nonvisual
modality information could support the training of vision-
tactile-language-action models.** This type of multimodal
experimental record could provide a foundation for future
robot-driven automated experimentation and SDLs.

(4). The object-knowledge bias revealed by the proposed
dataset may be intrinsic to machine-learning-based VLM
approaches. By contrast, when experiments are performed
using captioning systems grounded in nonmachine-learning
methods, such as Bayesian approaches exemplified by
Bayesian networks,® the presence or extent of such bias may
substantially differ.

Conclusions

Herein, we introduced the CREOLab dataset to systematically
quantify the challenge of object-knowledge bias in VLMs during
procedural captioning of scientific experiments. The dataset
was designed according to two principles: (1) employing crea-
tive tool-use scenarios that are not easily interpreted based on
object knowledge alone, and (2) introducing decoy objects in
a stepwise manner to induce bias. We constructed a dataset
comprising 65 videos organized into 13 scenarios, including 3
for prompt development and 10 for testing, together with an
automated evaluation pipeline, and we experimentally demon-
strated that this combination can quantitatively reveal the
effects of object-knowledge bias in VLMs.

Nevertheless, the dataset does not yet encompass the full
diversity of experimental scenarios. For example, it does not
include complex, specialized procedures, such as preprocessing
in materials analysis or operations involving multiple experi-
mental instruments. Consequently, even if a model performs
well across the 13 scenarios in CREOLab, this should not be
interpreted as evidence of comprehensive video captioning
capability for all scientific experiments. In future work, we plan
to expand CREOLab to include a broader array of scenarios.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Furthermore, user-specific scientific experiment scenarios
could be evaluated if datasets are generated following the
format established in this study. While careful attention is
essential to confidentiality, we hope that such scenarios can be
shared within the scientific community whenever feasible. By
sharing these challenging scenarios and continuously expand-
ing the dataset, more robust evaluations will become possible,
facilitating improvements in captioning technologies. More-
over, these advancements can lay the groundwork for future
data-driven laboratories by integrating reliable captioning
technologies into ELNs and providing foundational laboratory
records for autonomous robotic experimentation and SDLs.
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