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Abstract

Understanding biomedical experiments pro-
vides a foundation for downstream tasks, e.g.,
laboratory automation, and facilitates effective
cross-disciplinary communication. Two chal-
lenges, High Information Density (HID) and
Multi-Step Reasoning (MSR), pose unique
difficulties for precise automatic experimental
understanding. Extracting structured knowl-
edge, e.g., Knowledge Graphs (KGs), is an
effective approach to address the HID and
MSR. However, existing biomedical datasets
for structured knowledge Information Extrac-
tion (IE) are limited to a general or coarse-
grained level, hindering fine-grained experi-
mental understanding. To address this gap,
we introduce Biomedical Protocol Information
Extraction Dataset (BioPIE), a dataset provid-
ing procedure-centric KGs that captures enti-
ties, actions, and relations at a scale sufficient
for reasoning across biomedical protocols. We
evaluate both supervised and LLM-based IE
methods on BioPIE to verify its effectiveness,
and implement a biomedical question answer-
ing system to provide a quantitative illustra-
tion of BioPIE’s effectiveness for downstream
understanding tasks. The experimental results
demonstrate improved understanding perfor-
mance on both the HID and MSR question
sets.

1 Introduction

Biomedical research spans diverse sub-fields and
relies heavily on experimental workflows (Jin
et al.,, 2019). These experiments involve multi-
ple stages, including experiment design, execu-
tion, and result analysis. Due to the procedural
complexity and wide-ranging domain coverage of
biomedical experiments, automated understand-
ing has significant potential for supporting cross-
disciplinary collaboration (Rohrbach et al., 2022),
laboratory automation, and Artificial Intelligence
(AI)-assisted experimental planning (Steiner et al.,
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Figure 1: BioPIE enhances complex biomedical pro-
tocol understanding. (A) The KGs in BioPIE pro-
vide fine-grained structural representations of experi-
mental steps (e.g., temperature, duration, and execu-
tion order), resulting in high information density, and
enable multi-step reasoning by integrating sentence-
level context with graph-structured knowledge. (B) Ex-
isting information extraction datasets involve a trade-
off: general datasets lack biomedical knowledge, while
domain-specific datasets may not generalize across di-
verse experiments.
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2019; Mehr et al., 2020; Burger et al., 2020; Szy-
manski et al., 2023; Shi et al., 2026). However, the
language describing these experiments is inher-
ently complex and highly domain-specific, pos-
ing major challenges for automation (Frisoni et al.,
2022; Shi et al., 2024).

Understanding biomedical experiments exhibits
several characteristics. Experimental protocols of-
ten condense substantial operational detail into a
single sentence (Li et al., 2018), e.g., volumes,
temperatures, timings, buffer compositions, and
instrument settings, collectively termed High In-
formation Density (HID), which requires precise
extraction and association with the corresponding
operations. Moreover, protocols frequently feature
chained steps, hierarchical subroutines, and im-
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plicitly distributed information (Shi et al., 2025),
highlighting Multi-Step Reasoning (MSR): an-
swering a question often necessitates integrating
information from multiple distinct steps or facts.
Collectively, HID and MSR encompass key as-
pects of the complexity of biomedical experiment
understanding.

Prior work has demonstrated that Information
Extraction (IE) of structured knowledge can ben-
efit natural language understanding (Fang et al.,
2024). Knowledge Graphs (KGs) can structurally
represent dense and heterogeneous parameters,
such as entities, attributes, and their operational
relations, thereby making them well-suited to
capturing the HID and MSR structures inher-
ent in biomedical experimental protocols. There-
fore, a dataset that provides detailed and accurate
biomedical experimental KGs may help natural
language understanding of the biomedical proto-
cols. However, there is a lack of datasets specifi-
cally designed for this purpose.

Existing IE datasets can be broadly categorized
into two groups. Datasets covering general sci-
entific information are broad in sub-fields (Nasar
et al., 2021; Zhao et al., 2024). For example, Sci-
ERC and SciER annotate entities such as Method,
Task, Metric, and Material, along with relations in-
cluding Used-for, Part-of, Compare, and
Evaluate (Luan et al.,, 2018; Zhang et al,
2024). However, the lack of domain-specific text
makes it difficult for these datasets to fully repre-
sent the experimental reagents, materials, contain-
ers, and devices required in biomedical applica-
tions, as shown in Fig. 1(B).

The other category comprises datasets specifi-
cally designed for biomedical research (Arsenyan
et al., 2024; Peng et al., 2024). These biomedical
datasets primarily focus on entities such as pro-
teins, chemicals, drugs, and diseases (Kringelum
et al., 2016; Krallinger et al., 2021), with relation
types covering the molecular and pharmacologi-
cal interactions (Herrero-Zazo et al., 2013; Zhang
etal.,2022; Luoetal., 2022; Lai et al., 2024). Nev-
ertheless, existing biomedical datasets typically
provide a relatively coarse-grained scheme cen-
tered on molecular and pharmacological entities,
lacking the procedural granularity required for
biomedical experiment understanding. Together,
these observations highlight the need for a dataset
that encompasses diverse, cross-disciplinary ex-
perimental protocols with sufficient procedural de-
tail to support biomedical experiment understand-

ing (Perera et al., 2020). To the best of our knowl-
edge, such a dataset does not currently exist.

In this paper, we introduce Biomedical Protocol
Information Extraction Dataset (BioPIE), a new
dataset specifically designed to support biomed-
ical experiment understanding. BioPIE provides
clearly defined biomedical experimental proto-
cols and corresponding KGs, with broad cross-
disciplinary coverage of experimental entities, ac-
tions, and procedural relations. It is constructed to
support generalizable reasoning and machine un-
derstanding of biomedical protocols, thereby im-
proving biomedical experimental understanding,
which is illustrated in Fig. 1(A).

The contributions of this paper are as follows:
(1) We construct BioPIE, an IE dataset for un-
derstanding complex biomedical experiments, in-
cluding both HID and MSR aspects; (2) We sys-
tematically evaluate different IE algorithms on
BioPIE, including both supervised models and
Large Language Models (LLMs) under different
settings; and (3) We develop a Question Answer-
ing (QA) system to provide a quantitative illustra-
tion that BioPIE effectively supports biomedical
experiment understanding, particularly for HID
and MSR.

2 BioPIE Dataset
2.1 Data Scheme

To support robust knowledge extraction from
biomedical protocols, we design an annotation
scheme that captures the essential operational
structure while avoiding overly domain-specific
categories. The scheme is fine-grained for proce-
dural reasoning yet generalizable across biomedi-
cal experimental workflows rather than being tied
to a narrow subdomain, as shown in Fig. 2(A),
which is different from Fig. 1(B). The detailed de-
sign and development process of ontologies can be
found in Appx. A.1.

BioPIE comprises 34 entity types encompass-
ing actions, materials, laboratory instruments, bi-
ological samples, and key experimental parame-
ters (e.g., time, temperature, and force).
BioPIE not only provides general definitions for
actions and processes, but also focuses on opera-
tional elements that recur across diverse biomedi-
cal procedures, e.g., centrifugation forces, incuba-
tion temperatures, buffers, and consumables. Fol-
lowing standard practice in scientific IE (Stenetorp
et al., 2012; Zhang et al., 2024), annotators allow
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Figure 2: Overview of BioPIE. (A) An annotated plasmid DNA preparation protocol illustrating how domain-
specific experimental descriptions are mapped into a shared, procedure-centric representation of actions, materi-
als, parameters, and procedural dependencies, thereby supporting consistent annotation across diverse biomedical
workflows. (B) Distributions of the 34 entity types and 21 relation types in the dataset. (C) Definitions and exam-
ples of representative entity and relation labels, with examples drawn from different protocols to demonstrate their

applicability across biomedical procedures.

nested spans when necessary for relation attach-
ment.

We define 21 relation types to describe
how experimental entities interact within a
protocol, including action—object relations
(is_object_of), action—parameter relations
(have_parameter), resource-usage relations
(use_device), structural relations (contain),
and procedural logic (next_step). These
relations capture the diverse aspects of human
instructions in experimental protocols without
relying on domain-specific biological semantics,
making them suitable for heterogeneous proto-
cols. Some detailed explanations of representative
entity and relation labels are provided in Fig. 2(C).

Our balanced design allows the KGs to sup-
port understanding while maintaining broad ap-
plicability across diverse biomedical experiments.
First, our scheme is procedure-centric and fo-
cuses on operational details such as actions, ma-
terials, and parameters. At the same time, it de-
liberately avoids narrowly specialized biomedical
categories, enabling consistent annotation across
cell culture protocols, microscopy workflows, se-
quencing preparations, biomaterial fabrication,
and other experimental contexts. BioPIE pro-
vides a comprehensive representation of biomed-
ical workflows, achieved through these detailed,
fine-grained local representations. Detailed exam-

ples can be found in Appx. A.1.4.

2.2 Data Collection and Processing

We first collect protocols from peer-reviewed bi-
ology research articles and use Qwen-Max to
clean and normalize them into stepwise imper-
ative sentences. From these protocols, we se-
lect 344 sub-protocols covering four major do-
mains: genetic manipulation, molecular interac-
tions, physiological signal detection, and regen-
erative medicine, from the complete collection as
our in-domain (ID) set, covering a broad range
of common biomedical workflows. To construct
an out-of-domain (OOD) set, we select the other
45 sub-protocols whose biomedical sub-fields are
not represented in the ID set. These OOD pro-
tocols cover distinct experiment types such as
plant-based biopharmaceuticals, functional imag-
ing, and epidemiological analysis. We also an-
alyze the detailed distribution of data sources
(Appx. A.2), and the impact of this normaliza-
tion of protocols qualitatively and quantitatively
(Appx. A.3). The analyses demonstrate the nor-
malization has no significant impact on the infor-
mation within experimental workflows.

2.3 Data Annotation

Two annotators with graduate-level backgrounds
in computer science and biomedical research are
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ACE2005 SciERC ChemProt BioPIE
Entity Types 7 6 3 34
Relation Types 6 7 11 21
Entities 38287 8089 17340 10982
Relations 7070 4716 10065 8848
Sentences 10372 2679 7552 1916
Relations/Sent. 0.68 1.76 1.33 4.62

Table 1: Comparison of BioPIE and three datasets.

recruited. The annotators receive training be-
fore starting the task. The dataset was annotated
through an independent parallel annotation pro-
cess by two annotators who had no access to each
other’s results during the task. A lead annotator
with the same background then reconciled all dis-
crepancies according to annotation guideline to
produce the final gold-standard labels. For all pro-
tocols, we compute inter-annotator agreement us-
ing Cohen’s kappa (Davies and Fleiss, 1982). The
kappa score for entity annotation is 79.20% and
for relation annotation is 68.26%, achieving a level
of consistency comparable to that reported in ex-
isting literature (Luan et al., 2018; Zhang et al.,
2024).

2.4 Data Statistics

As shown in Tab. 1, BioPIE contains over 10.9k
entities and 8.8k relations, which are compara-
ble in scale to existing IE datasets (Doddington
et al., 2004; Kringelum et al., 2016; Luan et al.,
2018). BioPIE exhibits substantially higher rela-
tional density than prior datasets, averaging 4.6
relations per sentence compared to 0.7 (Dodding-
ton et al., 2004)-1.7 (Luan et al., 2018) in exist-
ing corpora. This reflects the inherently structured
and interaction-rich nature of biomedical proto-
cols. High relational density directly indicates in-
formation density but does not necessarily imply
multi-step logical chain complexity. We randomly
split the dataset into the training, development,
and ID test sets using a 7:1:2 ratio. The additional
protocols are used as the OOD test set. ID evalua-
tion assesses model reasoning on seen objects and
protocols under similar distributions. Conversely,
OOD protocols cover entirely unseen biomedical
fields and experiment types, serving as a true bot-
tleneck to test cross-domain generalization. Fig.
2(B) presents the detailed distribution of each en-
tity and relation type.

3 BioPIE Benchmarking

3.1 Information Extraction Baselines

We consider two commonly used types of IE
methods: supervised models, which exhibit strong
IE performance on specific tasks; and LLMs,
which are pretrained on broad-coverage corpora
and provide more general IE capabilities (Chang
et al., 2024; Naveed et al., 2025). For both su-
pervised models and LLMs, we investigate two
architectural frameworks: a pipeline framework,
which performs Named-Entity Extraction (NER)
and Relation Extraction (RE) separately, and a
joint Entity and Relation Extraction (ERE) frame-
work, which performs NER and RE jointly.

With the above baseline selection criteria, we
select two State-Of-The-Art (SOTA) supervised
models as baselines: PL-Marker (Ye et al., 2022),
which adopts a span-based representation strategy
within a pipeline framework, and HGERE (Yan
et al., 2023), which introduces a joint ERE frame-
work. Considering the zero-shot, few-shot, and
Low Rank Adaptation (LoRA) (Hu et al., 2022)
settings of LLLMs, we combine each setting with
the pipeline and joint frameworks, resulting in six
LLM-based configurations in total. Under both
zero-shot and few-shot settings, we evaluate GPT-
5, Claude-4.5-Opus, Llama-4, and Qwen-max.
Under the LoRA setting, we evaluate Llama-3-8B
and Qwen-3-8B.

3.2 Information Extraction Evaluation
Details

For supervised baselines, we use scibert (Belt-
agy et al., 2019) and biobert (Lee et al., 2020)
as the encoder. In the few-shot setting for LLMs,
we employ a sentence retriever to select the most
similar training examples as in-context demon-
strations (Dong et al., 2024). For each task, we
retrieve up to 20 candidate demonstrations and
select the number of demonstrations that yield
the highest Rel+ score on the validation set. We
use OpenAl’s fext-embedding-3-large model as
the retriever backbone. The instruction part of our
prompt is adapted from ChatIE (Wei et al., 2023),
and we additionally provide component label def-
initions to improve clarity and model understand-
ing (Zhang et al., 2024). The complete prompt can
be found in Appx. A.4. During our experiments,
the random seed is set to zero.

Given an input protocol D with sentences
S ={s1,82,...,5n}, we define IE independently
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In-domain

Out-of-domain

NER Rel Rel+ RE NER Rel Rel+ RE
Supervised Baselines
PL-Marker! (Ye et al., 2022) 87.40 82.55 74.52 87.88 7387 70.27 5227 78.85
PL-Marker? (Ye et al., 2022) 86.33 80.45 72.48 33.69 5193 2351 16.52 24.79
HGERE' (Yanetal, 2023) 87.63 82.10 73.93 - 7458 7049 5241 -
HGERE? (Yanetal., 2023)  86.95 80.93 73.08 - 72.76  69.48 51.48 -
Zero-shot LLM
GPT-5 (Pipeline) 57.14 5047 41.14 69.86 52.08 5146 37.60 68.24
GPT-5 (Joint) 2290 2223 17.54 - 21.94 21.23 14.78 -
Claude-4.5-Opus (Pipeline)  69.34 40.56 31.90 48.01 63.81 3437 2490 43.33
Claude-4.5-Opus (Joint) 39.37 33.66 26.11 - 65.74 3131 2479 -
Llama-4 (Pipeline) 41.08 188 144 1.69 4234 156 121 0.74
Llama-4 (Joint) .73 0.75 0.00 - 092 038 0.19 -
Qwen-max (Pipeline) 67.12 20.53 17.02 2738 60.23 8.11 13.05 25.05
Qwen-max (Joint) 65.73 2420 19.10 - 61.34 20.02 14.05 -
Few-shot LLM
GPT-5 (Pipeline) 62.74 66.83 59.73 79.30 52.80 54.00 4142 68.46
GPT-5 (Joint) 2771 25.03 22.14 - 33.89 32.18 26.08 -
Claude-4.5-Opus (Pipeline)  85.18 67.87 6347 7720 73.23 53.38 4148 64.88
Claude-4.5-Opus (Joint) 83.41 6588 60.27 - 73.11 52.57 41.33 -
Llama-4 (Pipeline) 49.05 18.73 16.75 21.03 4123 11.71 9.73 16.24
Llama-4 (Joint) 1351 7.73  7.39 - 1826 10.15 7.69 -
Qwen-max (Pipeline) 83.28 6435 59.87 73.17 71.81 46.23 3645 56.74
Qwen-max (Joint) 75.68 5549 51.84 - 62.16 37.25 29.27 -
LoRA LLM
Llama-3-8B (Pipeline) 86.33 7528 68.13 81.67 7570 6297 49.44 73.24
Llama-3-8B (Joint) 84.71 7486 66.58 - 74.86 62.68 46.72 -
Qwen-3-8B (Pipeline) 84.44 6995 62.68 77.06 7490 61.63 46.81 68.59
Qwen-3-8B (Joint) 82.92 70.70 62.96 - 73.86 59.99 44.54 -

Table 2: Test F1 scores of different baselines on our proposed dataset. “Joint” denotes joint IE, while “Pipeline”
refers to performing NER and RE separately. “Rel” and “Rel+” indicate relation extraction from original text under
boundary and strict evaluation, respectively, and “RE” denotes relation extraction with gold entities, applicable
only to the pipeline methods. The number of in-context examples was tuned on the validation set, as shown in Fig.
3(A). ! Denotes the use of scibert (Beltagy et al., 2019) as the encoder; ? denotes biobert (Lee et al., 2020).

at the sentence level as follows. Let E denote
a set of entity types. Given a sentence s; =
{w1,wa,...,w}, the NER task identifies a set
of entity mentions {ej,es,...,en}. Each en-
tity mentioned e; = {wy, ..., w,} corresponds to
a contiguous span of tokens and is assigned an
entity type t;€E. Let R denotes the set of re-
lation types. The RE task predicts a relation la-
bel rj;, e RU {NULL} for each ordered entity pair
(ej, ex) occurring within sentence s;. The special
label NULL indicates the absence of a semantic
relation. In our RE task, we require LLMs to ex-
plicitly generate NULL to mitigate their tendency
to misclassify non-relational pairs into predefined
categories (Zhang et al., 2024). However, to en-
sure rigorous evaluation, these NULL predictions
are strictly excluded from the final metric calcula-
tions.

The evaluation tasks include NER, RE from
original text, and RE with gold standard entities.
For NER, we conduct span-level evaluation, re-
quiring both correct boundaries and entity types.
For RE from original text, we report two met-
rics following prior work (Ye et al., 2022; Yan
etal., 2023): (1) Boundary evaluation (Rel), which
requires correct prediction of subject and object
boundaries and their relation, and (2) Strict eval-
uation (Rel+), which additionally requires correct
entity types.

3.3 Information Extraction Results

Tab. 2 reports the experimental results on both the
ID and OOD test sets. Fig. 3(A) illustrates the
impact of varying the number of demonstrations
in the few-shot setting on RE from the original
text performance (Rel+). Overall, introducing a
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small number of demonstrations yields substantial
performance gains. Most LLMs reach their peak
performance with approximately 5-15 demonstra-
tions, after which additional examples provide di-
minishing or even negative returns. These findings
suggest that overly large demonstration sets may
introduce noise and reduce the effectiveness of In-
Context Learning (ICL). Detailed results for pre-
cision and recall are provided in the Appx. A.5.

Among supervised baselines using scibert, PL-
Marker achieves the best ID performance (82.55
Rel, 74.52 Rel+, 87.88 RE). In contrast, HGERE
demonstrates stronger OOD robustness (74.58
NER, 70.49 Rel, 52.41 Rel+). For both mod-
els, ID-to-OOD performance drops more for NER
(~13) than for RE (10-12), indicating unseen en-
tities are harder to recognize. Notably, substituting
scibert with biobert causes a catastrophic OOD
collapse in PL-Marker (e.g., Rel drops to 23.51),
whereas HGERE remains robust (69.48 Rel). This
suggests that HGERE’s OOD advantage is an in-
trinsic architectural benefit rather than solely a
byproduct of the pretrained encoder.

In the zero-shot setting, LLMs exhibit substan-
tial performance variability. GPT-5 achieves the
most balanced pipeline performance on ID data
(57.14 NER, 41.14 Rel+), while Claude-4.5-Opus
achieves strong NER performance but weaker RE
results. Llama-4 performs poorly across most RE-
related metrics, and Qwen-max achieves reason-
able NER performance but limited RE capability.
Across all models, pipeline extraction outperforms
joint extraction, highlighting the benefit of decom-
posing NER and RE for LLMs. Compared to su-
pervised baselines, LLMs show more consistent
performance between ID and OOD, likely due to
their large-scale pretraining.

Few-shot learning yields dramatic improve-
ments across all evaluated models. Claude-4.5-
Opus with pipeline extraction achieves the largest
gains, reaching 85.18 (NER) and 63.47 (Rel+) on
ID data. However, improvements from ICL are
generally larger on ID than OOD, as demonstra-
tions are more similar to ID samples.

LoRA-tuned smaller LLMs demonstrate that
parameter-efficient fine-tuning can rival or even
surpass LLMs with ICL. Llama-3-8B with
pipeline extraction achieves 86.33 (NER) and
68.13 (Rel+) on ID, approaching supervised per-
formance while exhibiting strong generalization.
Although pipeline extraction remains slightly su-
perior to joint extraction after fine-tuning, the gap

= == @ =@= Claude

GPT
== Llama

=0= Qwen

—joint

0 5 10 15 20 == pipeline
(B) Top-K
0.9
08 == NER
g 07 -e= RE
0.6 == Rel
0.5 o= Relt

01 02 03 04 05 06 07 08 09 10
Training Data Ratio

Figure 3: Effects of settings on IE methods. (A) Im-
pact of the number of the retrievals on the validation
set for Rel+ F1 score. (B) Performance trends of PL-
Marker under varying training-protocol proportions on
the ID test set.

becomes much smaller.

Fig. 3(B) shows the performance trends of PL-
Marker on NER, Rel, Rel+, and RE, with the
different training scales. As the dataset size in-
creases, RE performance improves more slowly
and gradually saturates, while NER continues to
show moderate gains. Rel and Rel+ also consis-
tently improve with more training data. In partic-
ular, Rel+ increases from 47.09 (0.1 of the train-
ing set) to 59.79 (0.2), 69.24 (0.5), 73.92 (0.9),
and 74.52 (1.0), with diminishing gains as the data
scale grows.

4 Biomedical Experiment Understanding
Validation

As a typical natural language understanding task,
biomedical experiment Question Answering (QA)
has become an active research area in recent
years (Liu et al., 2026). To demonstrate the utility
of BioPIE in enhancing experimental understand-
ing, we implement a KG-augmented QA system
and evaluate its performance on questions specifi-
cally designed to test HID and MSR capabilities.

4.1 QA System Design

The proposed QA system follows current ba-
sic paradigms for graph-based reasoning in
LLMs (Sun et al., 2024). We adopt a synergistic
architecture that jointly leverages unstructured text
and structured graph knowledge to enhance re-
sponse fidelity. To ensure computational efficiency
and leverage the high density of specialized ter-
minology in biomedical protocols, we first imple-
ment a filter. This module evaluates candidate sen-
tence—graph pairs (s;, g;) for a query ¢ using a hy-

41239



é ‘Query: What temperature condition should the buffer have in the container
where the tissue pieces are transferred?

Text Knowledge

S): Attach a 0.2um pore
filter... ‘g s

Plani: o2 contain__ have_property
transfer

""" S5 S3

R P plang; o teetemcn e prepery
¢ O\“’g"’ ‘X?’“’%" °<: @ """ Planner
Information Extraction Ranking v
NER . comsga [ B2
:&::,f 2| [ e =02
i 82 Mo —> 120
Graph Knowledge 5 TPee— 0.56 A
& . graph description
g roo\%'ogs ...... Scoring | <result> | ¢
vx O(: m ntences Reasoner

Figure 4: Pipeline of the proposed QA system.

brid relevance score:

R(qv Si, gz) = Rt((L Si) log(l +RQ(Q7gz))7 (1)

where Ry(q,s;) denotes the semantic similar-
ity between the query and the sentence, and
Ry(q,9i) = ey, llvE q] quantifies the struc-
tural alignment by measuring the entity overlap
between the query and the knowledge graph g; (V;
denotes the entity set of g;) (Kruit et al., 2024).

Building upon this filtered context, the plan-
ner module decomposes complex natural language
queries into structured execution paths. Specif-
ically, it models the generation of an abstract
relation sequence z={ry,...,r;} via an LLM
as Py(z|q,3,G), where § and G denote the
sets of retrieved sentences and graphs, respec-
tively. Guided by these plans, the retriever serves
as a grounding engine, instantiating the abstract
paths within the knowledge graph to identify spe-
cific trajectories w, = e, ... 5 e, that link
query entities to the potential answers.

In the final stage, the reasoner synthesizes the
retrieved textual evidence s with the instantiated
graph descriptions G, = {w, } to formulate the ter-
minal response Y. The generation process, param-
eterized by 6, is optimized by maximizing the con-
ditional probability:

Y]
pQ(Y | q, §7 Gz) = HPH(Z/t |y<ta [Q7 ‘§7 GZ])

t=1
2
By integrating structured logical constraints with
rich linguistic context, the system ensures that the
output is consistent with both textual and rela-
tional data, as illustrated in Fig. 4.

4.2 QA Baselines

To demonstrate the effectiveness of the proposed
dataset and QA system, we compare our approach

Test HID MSR
LLM only 14.74 16.09 1545
LLM LoRA 12.44 1149 9.76
BM25 63.72 65.52 52.03
LaBSE 55.60 63.22 53.66
Emb-3-large 61.52 66.09 56.10
Emb-v4 59.14 67.24 54.47
GRAG 8.83 1034 17.32
GRAG LoRA 2277 17.82 16.26
ToG 69.90 7529 69.92
Ours w/o Sentence 59.84 64.94 65.04
Ours w/o Graph 55.69 66.67 60.16
Ours w/o Planner  72.29 73.56 62.60
Ours w SciERC 62.40 70.11 59.35
Ours w ChemProt  64.70 72.99 64.23
Ours 72.99 83.33 74.80

Table 3: Performance comparison across different
QA systems.

against a broad range of commonly used retrieval-
based QA systems. Specifically, our experiments
cover text-based QA systems equipped with dif-
ferent retrievers, including BM25 (Robertson and
Zaragoza, 2009), LaBSE (Feng et al., 2022), Ope-
nAl’s text-embedding-3-large (Emb-3-large), and
Qwen’s embedding-v4 (Emb-v4). We also include
GRAG (Hu et al., 2025), which relies solely
on knowledge-graph-based retrieval without using
raw textual corpora, for comparison, and ToG (Sun
et al., 2024), which allows LLMs to iteratively ex-
plore and prune reasoning chains.

Furthermore, to investigate the impact of
KGs on biomedical experiment QA, we com-
pare graphs constructed from IE models trained
on different datasets, including SciERC (Luan
et al., 2018), which focuses on scientific IE, and
ChemProt (Kringelum et al., 2016), which targets
chemical reaction IE. In addition, we include two
LLM-only baselines that do not leverage any ex-
ternally retrieved knowledge for LLM: a frozen
LLM, and an LLM fine-tuned using LoRA (Hu
et al., 2022).

4.3 QA Evaluation Details

The QA dataset is divided into training, valida-
tion, and test sets with sizes of 1983, 159, and
1133, respectively. To further analyze model per-
formance under challenging conditions, we con-
struct MSR and HID question sets from the test
set. The detailed QA dataset information can be
found in Appx. B.1. In the evaluation phase, adher-
ing to the standard paradigm of Knowledge Graph
Question Answering (KGQA), relevant contexts
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are retrieved from the comprehensive pool of all
protocols (Luo et al., 2024; Sun et al., 2024).

We adopt accuracy as the evaluation metric for
all experiments, i.e., whether the answer appears
in the model output. This is a widely recognized
standard (Krithara et al., 2023). Following the es-
tablished evaluation paradigm in generative QA
benchmarks (Wang et al., 2023), accuracy is ini-
tially defined via substring matching to prevent se-
vere false negative penalties caused by verbose or
explanatory LLM outputs (Adlakha et al., 2024).
Furthermore, we tune the number of in-context ex-
amples on the validation set. As an additional met-
ric, we compute the retrieval hit rate on the valida-
tion set.

During the experiments, the random seed is
set to zero. The sentence-level relevance func-
tion Ry(q, s;) is BM25 (Robertson and Zaragoza,
2009) in implementation. Experiments are con-
ducted on Llama-3-8B. The prompts used for the
planner, the retriever, and the reasoner are adapted
from RoG (Luo et al., 2024). Specifically, we
use HGERE (Yan et al., 2023) as the IE method,
including NER and RE. Furthermore, we con-
duct ablation studies comparing textual inputs and
knowledge-graph-based inputs, while keeping the
retrieval strategy fixed to the proposed pipeline.

4.4 QA Evaluation Results

Tab. 3 presents results on the test set. Fig. 5
shows the effect of varying the number of retrieved
texts for accuracy and hit rate on the validation
set. Across all settings, the proposed QA system
achieves the best overall performance. Fig. 6 illus-
trates two example outputs from our experimen-
tal QA system; additional examples are provided
in the Appx. B.3. Detailed evaluation results, in-
cluding the impact of different hops and various
IE methods, are provided in Appx. B.4.

Ablation studies further confirm the comple-
mentary role of graph-based inputs. Removing
graph-based knowledge (“Ours w/o Graph™) leads
to a noticeable performance degradation compared
to the full model. Our findings demonstrate that
combining sentences with structured KGs can ef-
fectively address the challenges of HID and MSR
to achieve optimal performance. To isolate spe-
cific component contributions, we hold the KG
fixed and observe that advanced graph reasoners
like ToG (69.90%) outperform standard retrievers
like BM25 (63.72%); further, our full reasoning
planner (72.99%) outperforms the planner abla-

¢

BM25

Emb-3-large

Emb-v4
GRAG
LaBSE

SRR |

Ours

0 10 20 30 40 50
Top-K

Figure 5: Effect of the number of retrievals on QA
systems performance on the validation set.

tion (72.29%, with a severe MSR drop to 62.60%).

Using graphs constructed from SciERC and
ChemProt also results in reduced performance,
only marginally outperforming the text-retrieval
baseline. Specifically, under the identical QA
pipeline, the BioPIE schema (72.99% on Test)
outperforms SciERC (62.40%) and ChemProt
(64.70%). This indicates that fine-grained knowl-
edge representations tailored to biomedical exper-
imental protocols are critical for effective biomed-
ical experiment QA. As our evaluation protocol
targets on unseen text, a Gold KG is inherently un-
available, making predicted KGs the realistic stan-
dard for these comparisons.

5 Discussion

The core strength of BioPIE lies in its procedure-
centric, rather than concept-centric, design phi-
losophy. In BioPIE, experimental operations are
treated as the fundamental units, and the structured
dependencies among actions, objects, parameters,
and procedural steps are explicitly captured. This
design enables complex biomedical experiment
understanding: our system achieves 83.33% ac-
curacy on the HID questions and 74.80% on
the MSR questions, outperforming all baselines.
These results demonstrate that BioPIE can effec-
tively process content with HID and support MSR,
highlighting its potential to serve as a foundation
for experiment-level understanding. BioPIE is also
constructed at a practically reasonable scale. The
diminishing improvements in Fig. 3(B) indicate
decreasing marginal returns from additional train-
ing data, with RE in particular exhibiting clear sat-
uration behavior, while NER shows only slow im-
provement with markedly diminishing returns.
While closed-source LLMs might have encoun-
tered the raw texts during pretraining, this poten-
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When performing the Biofunctionalization of Magnetic Nanomaterials,
after adding the anti-CD44 antibody and the EDC/sulfo-NHS mixture,
into what kind of state or condition should the 960 uL substance be
transferred?

Add 30 pL anti-CDA44 antibody, 960 pL PBS (pH 7),
and 10 pL EDC/sulfo-NHS mixture to a new 2 mL tube.

960 uL 04"3‘“’&”“0\})35 pant

is_object_of have_property

I
(Planner: 060 ul. QARYS-PEOPTEY i5_0bject_gf i have_propert J

I

Retrieval-Augmented
Generation@32
I N5))

is_object_of 7 tube

o
EDC/sulfo-NHS mixture Add have.pEepsrty
is_object_of \O

anti-CD44 antibody new

When performing the Fabrication of a Corneal Epithelial Cell Sheet, ‘

after four weeks of CDM culture and eight weeks overall,
what volume should the medium be changed to?

T
is_object_of apply_ material have_propert ]

Text-Graph Filter

Change the medium to 2 ml (6-well plate) of CEM after
four weeks of CDM culture (i.e., eight weeks overall).

h: t;
four weeks O<wO\CDM culture

next_step

[ Planner:

Retrieval-Augmented
Generation @ro
X))

@ 2ml

Figure 6: QA system showcases.

@ 2mL
X

have_property
apply_material

is_object_of

medium
Change CEM

tial exposure does not compromise our evaluation
fidelity. Our benchmarks are explicitly designed
to assess operational capabilities rather than tex-
tual memorization: first, the IE task evaluates how
effectively a model adapts to our newly defined,
schema-constrained templates for generating fine-
grained procedural KGs; second, the QA system
strietly measures performance in formulating re-
sponses strictly grounded within structured evi-
dence and local constraints.

Beyond standard QA systems, BioPIE can serve
as a structured framework to analyze and decom-
pose complex human instructions in the biomedi-
cal domain. By formalizing natural language pro-
tocols into structured representations, the dataset
helps analyze intricate experimental logic and fa-
cilitates intent understanding.

As a structured human-robot interface, BioPIE
can assist in bridging the gap between human-
readable protocols and robotic execution scripts.
It facilitates basic workflow verification, such as
local parameter consistency and constraint check-
ing. Furthermore, the dataset offers a reusable se-
mantic reference that can support modular proto-
col composition and conditional adaptation. Con-
sequently, BioPIE provides a valuable decision-
making reference for LLM-based planners (e.g.,
ReAct (Yao et al., 2023)), contributing to more
reliable integration between AI assistants and
robotic execution systems in automated laborato-
ries (see Appx. B.5 for detailed discussion).

6 Conclusion

In this work, we investigate the problem of
biomedical experiment QA from the perspective

of structured procedural understanding. We intro-
duce BioPIE, a new IE dataset designed to cap-
ture fine-grained experimental entities, actions,
and procedural relations while maintaining suffi-
cient breadth to generalize across biomedical re-
search. A comprehensive benchmark on BioPIE
indicates existing supervised models and LLMs
face challenges in protocol-centric IE, particularly
with OOD protocols. A QA system is proposed to
evaluate the QA performance enhancement with
BioPIE. Both the QA evaluation results and abla-
tion studies highlight the crucial role of BioPIE in
complex reasoning, including HID and MSR, of
biomedical experiment protocols.

Limitations

Despite our efforts, constructing a gold-standard
dataset for IE over biomedical experimental pro-
tocols remains challenging. One limitation arises
from our use of the LLMs for protocol text nor-
malization. While normalization improves consis-
tency, it may introduce misalignments in step ref-
erences, e.g., references to the product of an earlier
step may be shifted to a later step after normaliza-
tion. Such errors can affect fine-grained step-level
grounding and temporal dependency annotation.

A Warning. Reproducing the biomedical ex-
periments described in BioPIE must only be car-
ried out under the direct supervision of quali-
fied domain experts, as many procedures involve
significant safety hazards and may pose seri-
ous risks to personnel, equipment, and the envi-
ronment if performed improperly. The biomedical
protocols provided are strictly for reference pur-
poses only and are not intended to serve as stan-
dalone or executable experimental instructions.
This is consistent with their presentation in the
original publications.

Ethical Statement

The original natural language descriptions are
sourced from three websites, including Nature!,
Cell?, and JoVE3. We further performed data
cleaning and annotation on these descriptions.
We carefully ensured that all experimental pro-
tocols incorporated into our corpus strictly com-
ply with open-access policies and are distributed
under Creative Commons licenses. This guaran-
tees full adherence to copyright and intellectual
property regulations, without any infringement or
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Both the BioPIE and QA datasets are available
at https://sites.google.com/view/
biopie.
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A Details of BioPIE

A.1 Development of the Annotation Scheme

A.1.1 Scope of the Proposed Dataset

Specifically, BioPIE is bound to foundational
laboratory explorations, rather than clinical co-
hort studies or medical interventions targeting
human patients, with a particular emphasis on
mainstream experimental setups and methodolo-
gies established between 2020 and 2025. The
dataset is tailored for wet-lab workflows that in-
volve physical interactions among reagents and
materials, excluding bioinformatics data analy-
ses (dry-lab). Accordingly, the experimental sub-
jects represented in our dataset encompass cells,
tissues, animal models, plants, and microor-
ganisms—spanning both in vivo and in vitro
paradigms for living systems—while excluding
human subject groups. By concentrating our
source corpus on operation-intensive branches
such as genetic manipulation, molecular interac-
tions, physiological signal detection, and regener-
ative medicine, BioPIE models fine-grained lab-
oratory procedures; however, while it aims to
achieve broad applicability, generalizability across
all peripheral biomedical disciplines cannot be
guaranteed.

A.1.2 Design Process

Our scheme was developed through an iterative,
corpus-driven process. We began with pilot anno-
tations on a representative subset of experimen-
tal protocols, then refined entity and relation types
through multiple rounds of adjudication between
the annotators and domain experts. Each revision
was motivated by observed annotation conflicts or
coverage gaps rather than arbitrary design choices.
Some entity or relation types were merged or split
based on inter-annotator disagreement analysis,
which is standard practice in corpus annotation
methodology.

A.1.3 Comparison with Existing Biomedical
Ontologies

The scheme was initially designed with refer-
ence to established formal ontologies for ex-
perimental procedures, namely EXACT?2 (Solda-
tova et al., 2014) and OBI (Bandrowski et al.,
2016). However, this alignment remains descrip-
tive and ontology-inspired rather than opera-
tionally ontology-grounded. while EXACT2 and
OBI provide machine-readable semantic represen-
tations of experimental procedures, our scheme is
a text-span annotation scheme intended for infor-
mation extraction from free-text protocols.
The correspondences are as follows:

* EXACT2’s action participants (reagents,
materials, instruments) correspond to our
entity types chemical, biomaterial,
protein,nucleic acid, cell, efc.

* EXACT?2’s quantitative parameter slots map
directly to our temperature, time,
volume, concentration, speed,
force, mass, and length entity types.

* OBI's material entity hierarchy (organism,
anatomical part, cell line) informs our
organ, animal, plant, and cell types.

e At the level, EXACT?2’s
has_object, has_instrument,
has_reagent, and has_parameter
slots correspond to our is_object_of,
use_device, use_reagent, and
have_parameter relations, respectively.
Action sequencing in EXACT2 maps to our

next_ step relation.

We additionally introduce entity types
(software,data,position,blend)andre-
lation types (during, for_each, based_on,
in_condition_of, 1is_goal_of, etc.)
not prominently covered by EXACT2 or OBI,
motivated by patterns frequently observed in our
corpus. The scheme also underwent data-driven
iterative refinement during annotation, some types
were merged or split based on inter-annotator
disagreement analysis, which is standard practice
in corpus annotation.

relation

A.1.4 Recovering Investigation-level
Information from Fine-grained
Procedural Annotations

BioPIE is designed as a procedure-centric
information-extraction scheme rather than a
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Design / Focus

Original Protocol Evidence

Annotation Evidence
(Examples)

Investigation-level
Interpretation

Dose—control-
readout design

Donor-to-
recipient
provenance

Genetic
perturbations &
mechanisms

Animal treatment
& tissue lineage

Comparative
methods &
statistics

- “Apply physical dose levels of 1 Gy
and 0.5 Gy, resulting in expected carbon
ion beam fluences of 8.43 x 10% cm™—?
and 4.16 x 10° cm™2, respectively.”

- “Place potential stopping material (e.g.,
PMMA)...”

- “Shield control well positions with
additional stopping material”

- “Ensure identical positions are used for
correlation...”

- “Analyze RIF for single cells over time”
- “Quantify RIF number, size, and signal
intensity.”

- “Isolate spleens from CTL-donor mice”
- “Generate a single cell suspension by
extruding the spleen...”

- “Inject 200 ul (2.5 x 10 cells)
intravenously into mice...”

- “Inject antigen with or without adjuvant
intravenously into mice 16 hours after
adoptive T cell transfer”

- “Isolate spleens from injected mice
after 10 hours.”

- “Determine the number of labeled
cells...”

- “Electrophorese lab-purified
recombinant proteins MITOL (WT and
CD) in SDS-PAGE”

- “Determine the exact concentrations of
MITOL WT and MITOL CD...”

- “Add 1 pg Flag-PolyA, 1 ug
Myc-MITOL WT, 1 ug MITOL CD, and
100 ng His-Ubiquitin plasmids...”

- “Analyze ubiquitylation of substrate
protein by Western blot...”

- “Determine that equal amounts of
PolyA... were used”

- “Adjust the airflow to deliver a mixture
of 2.3% sevoflurane...”

- “Continuously deliver sevoflurane,
medical air, and oxygen for 2 hours.”

- “Quickly extract the brain and keep it
in ice-cold carbonated aCSF”

- “Cut coronal slices...”

- “Carefully remove hippocampal slices
from the coronal slices...”

- “Load 10 uL of each protein fraction in
the same gel for comparison by Western
blotting”

- “Blend cells into the bioink using the
passive mixing unit technique 1, 2, or 3
times...”

- “Blend cells into a separate bioink
using manual mechanical mixing...”

- “Isolate and cryopreserve primary
human nasal chondrocytes (hNC) from
patients”

- “Calculate cell viability based on the
ratio of live cells...”

- “Analyze the data via one-way ANOVA
followed by Tukey’s multiple
comparisons test”

["physical dose
levels",
"have_property",
L] Gy"]
["Shield",
"apply_material",
"additional
stopping
material™]

["RIF number",
"is_object_of",
"Quantify"]

["Isolate",

"from", "CTL-donor
mice"]

["adoptive T cell
transfer”,
"next_step",
hours"]
["number of
labeled cells",
"is_object_of",
"Determine"]

"l6

["recombinant
proteins MITOL",
"contain", "WT"]
["Analyze",
"use_method",
"Western blot"]
["exact
concentrations..."
"is_object_of",
"Determine"]

["mixture",
"contain",
"sevoflurane"]
["hippocampal
slices",
"is_object_of",
"remove"]
["comparison",
"use_method",
"Western
blotting"]

["Blend",
"repetitions",
n l n ]

["primary human
nasal
chondrocytes",
"from" ,
"patients"]
["Analyze",
"use_method",
"one—-way ANOVA"]

Supports the reconstruction
of two irradiation
conditions, shielded control
positions, dose-related
variables, matched
measurement settings, and
single-cell RIF readouts
associated with irradiation
conditions.

Maps the provenance chain
(CTL-donor — spleen —
adoptive transfer —
recipient spleen), compared
treatment conditions,
sampling times, and
quantitative readouts.

Preserves manipulated
MITOL catalytic states,
alternative PolyA substrate
variants, calibrated protein
inputs, an equal-input
check, and the
ubiquitylation readout.

Connects animal-level
anesthetic exposure to the
lineage (treated mouse —
brain — coronal slices —
hippocampal slices) and
matched protein fraction
comparisons.

Exposes comparison
groups by mixing method,
patient-derived cell
provenance, quantitative
definition for cell viability,
inferential analysis, and
longitudinal endpoints.

Table Al: Original protocol sentences and selected relation annotations supporting the corresponding
investigation-level interpretations.
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complete investigation ontology. Nevertheless,
this does not mean that investigation-level in-
formation is absent from the annotations. When
such information is explicitly stated in a protocol,
it can often be compositionally recovered from
the serialized local steps, because BioPIE jointly
preserves actions, biological and non-biological
participants, quantitative parameters, typed
semantic relations, and procedural order. In
particular, alternative materials, dosages, variants,
and processing conditions provide evidence for
experimental designs and treatment/control arms;
from, to, and step-sequencing relations preserve
biosample trajectories; measurement actions and
data-bearing entities identify outcome variables
and analysis procedures; and relations such
as based_on, is_goal_of, during, and
next_ step connect interventions, observations,
and downstream readouts.

Tab. A1 quotes the original protocol sentences
in the dataset and show selected relation annota-
tions that support the corresponding investigation-
level interpretations.

These examples clarify the intended scope
of BioPIE. The scheme directly represents pro-
tocol actions, participants, instruments, quanti-
ties, conditions, local semantic relations, and
procedural dependencies. From these annota-
tions, treatment and control conditions, biosam-
ple trajectories, manipulated variables, measure-
ment variables, time points, comparison struc-
tures, and intervention—readout evidence chains
can be reconstructed when they are explicitly
described in the source text. However, BioPIE
does not normalize these elements into dedicated
global objects such as ExperimentalDesign,
ControlArm, Outcome, or Mechanism, nor
does it aim to encode complete hypotheses,
cohort-level metadata, randomization or blinding
procedures, raw measurement matrices, statistical
results, causal conclusions, or formal biological-
mechanism graphs unless these are directly stated
as procedural content.

Accordingly, BioPIE should be understood as a
procedure-grounded intermediate IE layer that is
complementary to OBI and EXACT2. Its dense
text-span annotations provide grounded entities
and relations that can support downstream ag-
gregation into investigation-level representations,
whereas formal ontologies provide the global con-
ceptual structures that BioPIE intentionally does
not duplicate. We therefore use “biomedical exper-

iment understanding” to refer specifically to un-
derstanding how biomedical experiments are op-
erationally executed, conditioned, sampled, and
measured, rather than to a complete formal rep-
resentation of every dimension of a biomedical in-
vestigation.

A.1.5 Complementarity with the
Experimental Factor Ontology

The Experimental Factor Ontology (EFO) pro-
vides standardized concepts for experimental vari-
ables, such as biological materials, chemical treat-
ments, assays, and measured phenotypes (Mal-
one et al.,, 2010). BioPIE is complementary to
EFO: EFO supports concept normalization, while
BioPIE captures how these variables are used in
protocol steps through actions, parameters, seman-
tic relations, and procedural order.

e Paired treatment and vehicle control.

Original protocol text: “Topically apply
PMA (100 M, 20 pL) to the left ear of each
mouse.” “Topically apply vehicle (ethanol, 20
L) to the right ear of each mouse.” “Measure
the photon fluxes in each ROL.”

Complementarity: EFO-compatible concepts
can normalize PMA, ethanol, ear anatomy,
and photon flux. BioPIE additionally links
each material to its application action, dose,
volume, anatomical site, and downstream
measurement. These relations support re-
construction of the within-animal treatment—
control design.

* Cell type and electrophysiological mea-
surement conditions.

Original protocol text: “Load 1 mL of Fluo-
4-AM working solution (2 M) to human
DA neurons.” “Hold the cell at —60 mV in
voltage-clamp configuration.” “Record Ca’*
currents by stepping from —60 mV to +50
mV for 250 ms in 10 mV increments.”

Complementarity: EFO and related ontolo-
gies can normalize the cell type, chemical
probe, assay, and measured variable. BioPIE
preserves the loading concentration and vol-
ume, target cells, holding potential, voltage
range, pulse duration, increment, and Ca?*-
current readout.

» Stage-specific differentiation factors.
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Source Train Dev ID Test OOD Test
Cell 115 16 32 0
Nature 82 9 20 17
JoVE 43 11 16 28

Table A2: Distribution and source journals of the
BioPIE protocols.

Train Val ID OOD
Genetic Manipulation 60 14 28 0
Molecular Interactions 73 4 13 0
Physiological Signal Detection 55 8§ 15 0
Regenerative Medicine 52 10 12 0
Plant-based Biopharmaceuticals 0 0 0 28
Functional Imaging 0 0 0 10
Epidemiological Analysis 0 0 0 7

Table A3: Domain distribution and dataset splits in
BioPIE protocols. The dataset includes four primary
domains for training and ID testing, and three special-
ized domains reserved exclusively for OOD evalua-
tion to test model robustness across diverse biomedical
fields.

Original protocol text: “When human iPS
cell colonies reach 80% confluence, DE in-
duction is performed.” “Mix RPMI medi-
um/Glutamax with Activin A (100 ng/mL)
and Wnt 3a (25 ng/mL).” “Mix DMEM/F12
basal medium with Noggin (200 ng/mL)
and SB-431542 (10 uM).” “Mix DMEM/F12
basal medium with FGF2 (250 ng/mL), FGF7
(100 ng/mL), and FGF10 (100 ng/mL).”

Complementarity: EFO-compatible terms
can normalize the cell type, differentiation
process, growth factors, and inhibitors.
BioPIE additionally preserves the induction
condition, exact concentrations, factor com-
binations, and their positions in successive
differentiation stages.

These examples show that EFO and BioPIE
operate at complementary levels. EFO provides
standardized identifiers and concept hierarchies,
whereas BioPIE provides text-grounded procedu-
ral context, including actions, targets, parameters,
and step order.

A.2 Data Source

To construct BioPIE, we curated a corpus of bio-
logical protocols from three primary high-quality
sources: Cell, Nature, and JoVE, as shown in
Tab. A2. We targeted protocols published between
2020 and 2025. Our sampling strategy was de-
signed to cover a wide range of biological sub-
domains, as shown in Tab. A3.

A.3 The Impact of Normalization on
Protocols

A.3.1 Qualitative Analyses

The raw protocol text sourced from Nature Proto-
cols is often written in a mixed style—containing
compound sentences, parenthetical reagent de-
tails, conditional instructions, passive construc-
tions, and non-actionable commentary. The nor-
malization step, powered by Qwen-max, decom-
poses and rewrites this text into discrete, imper-
ative, subject-free sentences, each representing a
single atomic action. This standardized format is
essential for downstream annotation tasks such as
action-type labeling and argument extraction.
Example 1: Confocal Microscopy

Raw text:

"Acquire Z-sections using a custom-made
spinning disk confocal microscope as
described above."

Normalized output:

"Acquire Z-section images using a custom
—-made spinning disk confocal

microscope."

Here the normalization removes the vague cross-
reference ("as described above") while preserving
the core imperative action, making the step self-
contained and annotation-ready.

Example 2: Haplotype-Fusion PCR

Raw text:

"Transfer completed PCR reactions to a
1.5 ml tube and add 400 pl hexane.
Vortex thoroughly and centrifuge at
full speed for 3 minutes. Remove and

discard hexane layer (upper layer).
Repeat with 400 pl fresh hexane."

Normalized output (4 discrete steps):

"Transfer completed PCR reactions to a
1.5 ml tube and add 400 gl hexane."

"Vortex thoroughly and centrifuge at
full speed for 3 minutes."

"Remove and discard the upper hexane
layer."

"Repeat with 400 pul fresh hexane."

This example illustrates the most common nor-
malization operation: splitting compound sen-
tences joined by conjunctions into the separate
atomic steps. The parenthetical clarification "(up-
per layer)" is also integrated naturally into the im-
perative sentence rather than left as a parentheti-
cal.
Example 3: Gapl Integrative Vector
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Raw text:

"Amplify a pUC fragment containing the
bacterial origin of replication and
the kanamycin resistance marker by
PCR from PCR-BluntII-TOPO (
Invitrogen, Carlsbad, CA)

with a Pvull fragment of pDRfl

containing the f1 origin of

and ligate

replication, the PMAl promoter and
ADH3 terminator producing pDL001."

Normalized output (2 discrete steps):

"Amplify a pUC fragment containing the
bacterial origin of replication and
the kanamycin resistance marker by
PCR from PCR-BluntII-TOPO."

"Ligate the amplified pUC fragment with
a PvulIl fragment of pDRfl to produce
pDL001."

Here, the normalization does two things simulta-
neously: it separates two sequential actions (am-
plify, then ligate) that were conjoined in one sen-
tence, and it removes the vendor information ("In-
vitrogen, Carlsbad, CA") which is not part of the
procedural action itself. The second normalized
step also adds a clarifying reference ("the ampli-
fied pUC fragment") to preserve logical coherence
between steps.
Example 4: Simplified Behavioural Tests

Raw text:

"Begin the first trial by introducing a
stimulus female into the home cage
of a male mouse for a l-min
interaction. Record investigation
time of the female by the male mouse

At the end of the 1l-min trial,
remove the stimulus animal and
return to an individual holding cage

Score behaviour during experiments

and record behaviour on a videotape

Scoring should be done by trained
raters
>90%) . "

Normalized output:

(inter-rater reliability

"Introduce a stimulus female into the
home cage of a male mouse for a 1-
minute interaction."

"Remove the stimulus animal after the 1-
minute trial and return the male to
an individual holding cage."

"Score behavior during the experiment
and record on videotape."

This example demonstrates that normalization
also filters out non-procedural meta-commentary

Action Verbs Descriptive Verbs

Original 135 52
Normalized 125 11
Retention Rate 92.59% 21.15%

Table A4: Quantitative comparison of verb distribu-
tion between the original and normalized protocols.

Test HID MSR

Original 60.90 68.26 53.66
Normalized 61.52 66.09 56.10

Table AS: QA performance evaluation for text nor-
malization.

("Scoring should be done by trained raters with
inter-rater reliability >90%") that describes qual-
ity criteria rather than an executable action, keep-
ing only genuinely actionable steps.

A.3.2 Quantitative Analyses

To verify that the transformation of raw proto-
cols into normalized, stepwise imperative sen-
tences preserves the integrity of experimental in-
formation, we evaluate the normalization process
from two perspectives: content fidelity and seman-
tic consistency.

Quantitative Impact on Information Con-
tent. We randomly sampled 102 pairs (original
vs. normalized) and manually annotated the oc-
currence of two functional verb types: (1) action
verbs, which denote executable experimental oper-
ations (e.g., centrifuge, incubate, add); (2) descrip-
tive verbs, which primarily explain experimental
principles, background, or non-procedural context
(e.g., is, are, recommend).

The results (Table A4) indicate that the normal-
ized text retains 92.59% of the action verbs, en-
suring that the core procedural logic remains in-
tact. Manual inspection reveals that this marginal
reduction primarily stems from the consolidation
of redundant operations and the exclusion of verbs
(e.g., ensure, check) that do not alter the core ex-
perimental execution. Conversely, there is a sig-
nificant reduction in descriptive verbs, suggesting
that the normalization process primarily impacts
descriptive content. By filtering out redundancy,
the process effectively distills the text while main-
taining the essential operational density required
for precise reasoning. Our analysis also shows a
98.08% retention rate for numerical parameters
and reagents, suggesting that safety-critical facts
are preserved.

Impact on Semantic Representation. To fur-
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ther assess whether normalization preserves the
core operational logic, we conducted a compara-
tive analysis using our QA dataset. We employed a
text embedding model OpenAl’s text-embedding-
3-large as aretriever to construct a vector database
from both the raw and the normalized corpora.

Experimental results demonstrate that the QA
system leveraging normalized text maintains and
exceeds the performance of the raw text baseline
in several cases (Tab. AS). This leads to two con-
clusions:

The imperative structure used in normalization
maintains a high degree of procedural fidelity to
the original descriptive prose, allowing embedding
models to capture core experimental facts accu-
rately.

By eliminating linguistic noise and standard-
izing sentence structures, normalization enhances
the signal-to-noise ratio. This assists the retriever
in identifying precise experimental parameters
(e.g., specific temperatures or durations), thereby
providing cleaner evidence for HID and MSR rea-
soning. The slight decline on the HID set is not sta-
tistically significant (p > 0.0625 > 0.05), indicat-
ing minor variance rather than a meaningful loss
of semantic information.

A.4 Annotation Guideline, Data Scheme
Definition, and IE Prompt

This section provides the annotation guidelines for
the proposed dataset, covering the data scheme
definition and the procedures used for consistent
annotation.

The prompt for LLM-based joint extraction is
the guideline shown below, while the prompt for
pipeline extraction is obtained by splitting the fol-
lowing prompt.

You are given a piece of text describing
biomedical experiments or
laboratory workflows.

Your task is to identify all factual
entities and all relationships
between these entities.

The possible entity types are listed
below.

- verb: Actions performed in a procedure

(e.g., Fix, Osmicate, Dehydrate)

- part: Specific sections of an object.
(e.g., upper surface of the specimen
, plunger, plunger of the bioink
syringe)
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container: Objects used to hold
substances. (e.g., original culture
plate, cartridge, well plate)

force: Physical force or weight
applied. (e.g., 500 g, 17,000 X g,

226 x qg)
device: Tools used in experiments. (e.
g., fume hood, aluminum stub,

underlying aluminum stub)
method: Techniques for conducting
experiments. (e.g., simultaneously,
direct, trypan blue exclusion method
)
chemical: Substances used in a process
excluding proteins and polymers (e.
g., TAG, Karnovsky, aqueous osmium
tetroxide)
concentration: Ratio of a substance in
a solution. (e.g., 1% (wt/vol),
50%, 70%)
consumable: Materials used up in
experiments. (e.g., sticky sellotape
tabs, copper tape, silver paint)
state: Condition of a material or
system. (e.g., continuous contact,
recorded, sterile)
volume: Measurement of liquid quantity
(e.g., volumes, 12 mL, 1 mL)
temperature: Heat level in a process.
(e.g., room temperature, 4°C)
time: Duration of an action or waiting
(e.g., 2 hours, overnight)
process: Series of actions in a
procedure. (e.g., air dry, cross-—
linking, additional blends)
times: Number of repetitions. (e.g.,
three times, two, 1)
cell: Basic biological unit in living
organisms. (e.g., cell monolayers,
samples, sample)
nucleic acid: DNA or RNA sequences
used in biological experiments. (e.g
., genomic DNA, T7-RT primer, first-
strand cDNA)
biomaterial: Biological substances in
use. (e.g., bioink)
software: Programs for analysis or
instrument control. (e.g., SmartSEM
software, Nikon Imaging Software)
number: Countable values in a process.
(e.g., two, total number of cells)
energy: Measure of work or electrical
energy. (e.g., 3-5 KV, 400 mJ)
speed: Rate of motion or process. (e.g
., controlled rate, 20 rpm)



In-domain Out-of-domain
NER Rel Rel+ RE NER Rel Rel+ RE

Supervised Baselines

PL-Marker! (Ye et al., 2022) 87.99 8399 7582 88.72 77.24 75.83 56.40 80.81
PL-Marker? (Ye et al., 2022) 86.87 81.97 73.84 80.14 8824 70.85 49.78 71.79

HGERE! (Yan et al., 2023) 87.01 82.92 74.68 - 74.85 7259 5397 -
HGERE? (Yan et al., 2023) 86.93 81.79 73.86 - 73.76 7236 53.62 -
Zero-shot LLM
GPT-5 (Pipeline) 47.61 47.83 39.00 6481 4196 4798 35.06 65.14
GPT-5 (Joint) 4589 61.74 48.70 - 50.28 61.09 42.53 -
Claude-4.5-Opus (Pipeline) ~ 71.55 41.87 3293 49.73 66.28 35.31 2558 4545
Claude-4.5-Opus (Joint) 71.31 35.11 27.23 - 67.76 3255 25.77 -
Llama-4 (Pipeline) 31.86 7.14 546 1667 3291 882 6.86 13.33
Llama-4 (Joint) 58.62 23.08 0.00 - 54.55 28.57 14.29 -
Qwen-max (Pipeline) 70.28 22.82 1893 29.69 64.77 2090 15.05 27.61
Qwen-max (Joint) 69.34 26.39 20.83 - 66.64 2229 15.64 -
Few-shot LLM
GPT-5 (Pipeline) 51.12 62.89 5620 75.80 4233 51.15 39.23 6292
GPT-5 (Joint) 5420 65.50 57.95 - 49.55 63.06 51.11 -
Claude-4.5-Opus (Pipeline)  85.62 68.67 63.29 77.25 7582 53.88 41.86 65.35
Claude-4.5-Opus (Joint) 83.89 66.01 60.38 - 72.28 53.11 41.75 -
Llama-4 (Pipeline) 3581 18.82 16.83 21.12 30.10 10.69 8.88 14.81
Llama-4 (Joint) 53.57 32.09 30.70 - 57.09 26.40 20.00 -
Qwen-max (Pipeline) 85.14 65.67 61.11 7352 7494 48.63 3834 57.86
Qwen-max (Joint) 84.68 61.80 57.73 - 72.85 4372 34.36 -
LoRA LLM
Llama-3-8B (Pipeline) 86.54 7545 68.29 8252 77.38 6444 50.60 73.70
Llama-3-8B (Joint) 84.73 75.52 67.16 - 76.80 64.58 48.13 -
Qwen-3-8B (Pipeline) 8470 70.65 6331 78.14 7723 64.07 48.67 69.15
Qwen-3-8B (Joint) 83.38 72.20 64.30 - 7642 6297 46.76 -

Table A6: Test precision scores of different baselines on our proposed dataset. ' Denotes the use of scib-
ert (Beltagy et al., 2019) as the encoder; 2 denotes biobert (Lee et al., 2020).

— mass: Quantity of matter. (e.g., final object or material. (e.g., in the
cell density, 2 ug) printed construct, on the dispensing
- environment: Conditions affecting an unit)
experiment. (e.g., dust-free — size: Dimensional magnitude of an
environment, standard conditions) object. (e.g., approximate size of
— length: Measurement of distance. (e.g the plate, 220 x 220)
., approximately 1 nm, working — plant: Botanical specimens or
distance of 4 mm) components used in experiments. (e.g
- data: Recorded experimental ., red beet, spinach)
information. (e.g., TIFF images, - blend: Mixed substances. (e.g., bioink
digital image files) —-cell mixture, blend, cell/bioink)

- organ: Biological structures in

research. (e.g., spleen, spleens) The possible relation types are listed

- animal: Living organisms in studies. ( below.
e.g., mice, CTL-donor mice) — is_object_of: Describes that an object

- protein: Functional biomolecules. (e.g is the target of an action. (e.g.,
., trypsin/EDTA solution, BSA/PBS cell monolayers is_object_of Fix)
solution) — contain: Indicates that something

- polymer: Large molecular compounds. (e contains another thing. (e.g., Zeiss
.g., nanocellulose/alginate, agarose Sigma microscope contain in-lens
gel) SE1l electron detector)

- position: Spatial location of an — use_method: Specifies the method used
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In-domain Out-of-domain
NER Rel Rel+ RE NER Rel Rel+ RE

Supervised Baselines

PL-Marker! (Ye et al., 2022) 86.82 81.16 73.27 87.08 70.78 6548 4871 76.98
PL-Marker? (Ye et al., 2022) 85.80 78.99 71.16 21.32 36.80 14.09 990 14.99

HGERE! (Yanetal., 2023) 88.25 81.29 73.20 - 7431 68.51 50.94 -
HGERE? (Yan et al., 2023) 86.97 80.08 72.31 - 71.79 66.82 49.51 -
Zero-shot LLM
GPT-5 (Pipeline) 7144 5341 43.54 7575 68.62 5547 40.53 71.65
GPT-5 (Joint) 15.26 13.56 10.69 - 14.03 12.84 894 -
Claude-4.5-Opus (Pipeline)  67.27 3934 3094 4640 61.53 3349 2426 41.39
Claude-4.5-Opus (Joint) 67.53 3234 25.08 - 63.84 30.16 23.88 -
Llama-4 (Pipeline) 5778 1.08 083 0.89 5937 086 0.67 0.38
Llama-4 (Joint) 0.88 0.38 0.00 - 046 0.19 0.10 -
Qwen-max (Pipeline) 64.23 18.65 1547 2540 56.28 1598 11.51 2293
Qwen-max (Joint) 62.47 2234 17.63 - 56.82 18.17 12.75 -
Few-shot LLM
GPT-5 (Pipeline) 81.19 7129 63.72 83.13 70.16 57.18 43.86 75.07
GPT-5 (Joint) 18.61 1547 13.69 - 25.75 21.60 17.51 -
Claude-4.5-Opus (Pipeline)  84.74 69.06 63.65 77.15 71.70 5290 41.10 64.41
Claude-4.5-Opus (Joint) 82.94 65.75 60.15 - 71.78 52.05 40091 -
Llama-4 (Pipeline) 77.84 18.65 16.68 2094 65.38 1294 10.75 17.98
Llama-4 (Joint) 773 439 4.20 - 10.87 6.28 4.76 -
Qwen-max (Pipeline) 81.49 63.08 58.69 72.82 68.93 44.05 34.73 55.66
Qwen-max (Joint) 68.40 50.35 47.04 - 5420 3245 25.50 -
LoRA LLM
Llama-3-8B (Pipeline) 86.13 75.11 67.98 80.84 74.09 61.56 4833 72.79
Llama-3-8B (Joint) 84.69 74.22 66.00 - 73.01 60.89 45.39 -
Qwen-3-8B (Pipeline) 84.18 69.26 62.06 76.00 72.71 59.37 45.10 68.03
Qwen-3-8B (Joint) 82.47 69.26 61.68 - 71.47 57.28 4253 -

Table A7: Test recall scores of different baselines on our proposed dataset. ' Denotes the use of scibert (Beltagy
et al., 2019) as the encoder; 2 denotes biobert (Lee et al., 2020).

for an action. (e.g., Dehydrate after an action or process. (e.qg.,
use_method incubating) 50% next_step 70%)

— use_device: Specifies the device or - to: Container or position to which an
tool used for an action. (e.g., air object or solution is transferred. (
dry use_device fume hood) e.g., stick to aluminum stub)

- use_reagent: Specifies the reagent or — or: Represents alternative options. (e
chemical used in an action. (e.g., .g., TAG or Karnovsky)

Fix use_reagent TAG) - have_parameter: Specifies an action's

- have_property: Describes a property of or process's parameter. (e.g., Fix

an object. (e.g., aqueous osmium have_parameter room temperature)
tetroxide have_property 1% (wt/vol)) — repetitions: Indicates the number of

- apply_material: Specifies a material times an action is repeated. (e.g.,
applied during an action. (e.g., Blend repetitions 1)
stick apply_material sticky — use_software: Specifies software used.
sellotape tabs) (e.g., Acquire use_software

- is_goal_of: Describes that a goal is SmartSEM software)
the purpose of an action. (e.g., — from: Indicates the source of
make is_goal_of Use) something. (e.g., specimens from

— for_each: Specifies that an action original culture plate)
applies to each specific object. (e. — in_condition_of: Specifies the
g., Place for_each sample) condition under which an action

- next_step: Indicates the next step occurs. (e.g., Acquire
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in_condition_of 3-5 KV)

- not: Denotes negation or exclusion. (e
.g., Mix not cartridge)

- during: Indicates that an event
happens within the time frame of
another. (e.g., Balance during
choosing)

- equal: Expresses equivalence between
two values or objects. (e.g., one
equal syringes)

- based_on: Indicates dependence or
derivation from something. (e.g.,
Calculate based_on total number of
constructs desired)

The following rules define the
annotation standards for Named-
Entity Recognition (NER) and
Relation Extraction (RE) in this
dataset. Annotators should strictly
adhere to these guidelines to ensure

consistency and reproducibility.

General Principles

1. All annotations should preserve the
original surface form as it appears
in the text, without normalization
or correction.

2. When uncertainty exists, prioritize
precision over recall and omit
questionable annotations rather than

guessing.

Named-Entity Recognition (NER)
3. For NER, annotate all entity mentions
and output only entity category
pairs, one per line, in the
following format:

entity: category

4. The entity span must be minimal and
precise. Do not include determiners
or function words such as "the", "a
", or "this" within the entity span.

5. When both a full name and its
abbreviation appear in the text,
annotate each occurrence separately
as independent entities.

6. Annotate every occurrence of an
entity in the text, even if the same
entity appears multiple times.

7. If an entity mention is ambiguous,
assign the category that is most
directly supported by the local

context.

8. Overlapping or nested entity spans
are permitted when they correspond
to valid and distinct entity

mentions.

Relation Extraction (RE)

9. For RE, annotate only explicitly
stated or clearly implied
relationships and output only
relation triplets, one per line, in
the following format:

head: head_entity tail: tail_entity
relation: relationship

10. Both the head and tail entities must
be annotated entity mentions
present in the text.

11. Do not infer, assume, or hallucinate

relations that are not directly
supported by the text.

12. If multiple relations are expressed
between the same entity pair,
annotate each relation separately.

13. If the same relation involves an
entity that appears in multiple
positions in the text (e.g., via
pronouns, or alternative mentions),
annotate the relation only for the
most salient or primary occurrence
of that entity.

A.5 Detailed IE Benchmark Results

Precision in the IE benchmark is listed in Tab. A6.
Recall in the IE benchmark is listed in Tab. A7.

B QA System Evaluation
B.1 QA Dataset

We extracted 3275 sub-protocols from the com-
plete collection of textual protocols (excluding
those already structured as part of the IE dataset)
and automatically constructed the corresponding
QA pairs; the construction process is detailed in
the Appx. B.2. The dataset is divided into training,
validation, and test sets with sizes of 1983, 159,
and 1133, respectively. The training set is used for
model training, the validation set is utilized for
model hyper-parameter selection (the number of
few-shot examples), and the test set is employed
to evaluate the performance of the model.

To further analyze model performance under
challenging conditions, we construct two subsets
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from the test set. The first subset consists of 230
HID questions, which are the questions in the test
set with the top 230 highest relation counts. For
these questions, the corresponding sentences from
which they were generated contain an average of
10.40 relations, substantially higher than the over-
all average of 4.62 reported in Tab. 1. The sec-
ond subset comprises 123 Multi-Step Reasoning
(MSR) questions (the average number of reason-
ing hops is 2.22), which includes all questions in
the test set requiring more than one reasoning step.

B.2 QA Dataset Construction

The BioPIE QA dataset was constructed automat-
ically to validate the utility of the IE dataset in
supporting complex reasoning tasks while main-
taining evaluation fairness. The process followed
three rigorous steps:

Step 1 KG-based Question Generation: We
utilized the annotated KGs as logical skeletons.
An LLM was used to generate natural language
questions by identifying key entities and their tar-
get answers within the triplet structures.

Step 2 Reasoning Path Refinement: To ensure
logical integrity, we screened the reasoning paths.
If entities from the reasoning path appeared di-
rectly in the initial question, we adjusted the path
or question to guarantee the correctness of the an-
swer and the reasoning process.

Step 3 Human Verification: To ensure the
quality, practical relevance, and independence of
the validation, we implemented a comprehensive
phase of human verification. Every single auto-
generated question underwent manual screening
by human annotators with expertise in biomedical
fields. We filtered out any ambiguous, unreason-
able, or erroneous content to ensure that the bench-
mark strictly aligns with the genuine needs, logic,
and expectations of real-world biomedical special-
ists.

B.3 QA Showcases

To better illustrate the full complexity and reason-
ing depth supported by our approach, we provide
the following representative examples drawn from
our QA dataset.

Example 1: Multi-step context reasoning

Q: When performing the Longitudinal two-—
photon calcium imaging experiment,
after transferring the mouse to an

animal cage, what condition should

the mouse recover from during the
subsequent steps?
A: anesthesia

This example requires the model to track the ex-
perimental subject’s state across sequential proce-
dural steps and infer the relevant recovery con-
dition through cross-sentence coreference resolu-
tion, rather than extracting a locally available an-
SWer.

Example 2: Parameter-dependent inference

Q: When performing the COVseq experiment
, 1f we use a PCR thermocycler with
the 1lid set at 80 °C, at what
temperature should the incubation be

performed?

A: 50 °C

This QA pair reflects a conditional dependency
between device configuration and a downstream
protocol parameter. The model must distinguish
between two co-occurring temperature values and
correctly identify which is determined by the
given device setting.

Example 3: Operation-specific reasoning

Q: When performing the Fast in vitro
protocol for visualization and
quantitative high-throughput
analysis of sprouting angiogenesis
experiment, given that we are
imaging beads in large numbers, what

unit or entity should the scanning
time of about 3 minutes be applied
to?

A: bead

Answering correctly requires jointly grounding
the imaging target, the quantitative scale ("large
numbers"), and the time specification — making it
a multi-element integration task rather than a sim-
ple fact lookup.

Example 4: Protocol optimization logic

Q: When performing the Panel
Optimization for High-Dimensional
if the

overall pattern is incorrect and we

Immunophenotyping experiment,

need to adjust other laser lines,
what should be reduced as part of
this adjustment process?

A: respective detector arrays

This example involves procedural branching logic:
the question presupposes a failure condition ("in-
correct pattern") and asks the model to reason

41255



Main Task: Bioprinting of Cartilage and Skin Tissue Analogs Utilizing a Novel Passive Mixing Unit Technique for Bioink Precellularization

L Sub Task: Acquire the skin cell concentration.

B BioPIE

| @ 0.5% Trypsin/EDTA solution |
T

@ Trypan blue @ Hemocytometer
t t

‘What should be used to dissociate
adherent skin cells?

What dye should be used
for live cells?

What should be used to
count cells?

Planner | Observate —

HiFE —_—

Figure Al: BioPIE enables knowledge integration in the lab automation. BioPIE can be used to extract large
volume of biomedical protocols into structured knowledge, which can then be used by knowledge systems.

Method 2Hop 3Hop 4Hop MSR
LLM only 18.00 5.26 0.00 15.45
LLM LoRA 12.00  0.00 0.00 9.76
BM25 56.00 36.84 25.00 52.03
LaBSE 59.00 31.58 25.00 53.66
Emb-3-large 63.00 2632 25.00 56.10
Emb-v4 63.00 21.05 0.00 54.47
GRAG 9.00 0.00 0.00 7.32
GRAG LoRA 18.00 10.53 0.00 16.26
ToG 72.00 63.16 50.00 69.92
Ours w/o Sentence  67.00 57.89 50.00 65.04
Ours w/o Graph 67.00 57.89 50.00 60.16
Ours w/o Planner 62.00 52.63 50.00 62.60
Ours w SciERC 62.00 52.63 25.00 59.35
Ours w ChemProt  68.00 52.63 25.00 64.23
Ours 76.00 73.68 50.00 74.80

Table A8: Performance comparison across different
reasoning depths on the MSR dataset.

about the corrective action within a multi-laser op-
timization workflow, requiring understanding of
protocol-level decision structure.

B.4 Detailed QA Evaluation Results

Experiments are conducted on Llama-3-8B. For
the IE component of our method, we employ the
best-performing supervised and LLM-based ex-
traction approaches under the strict OOD evalu-
ation setting. Specifically, we use HGERE (Yan
et al., 2023) as the supervised IE method and
Llama-3-8B (Pipeline) as the LLM IE method.

We have included the performance of the
LLM relative to increasing reasoning depth (see
Tab. A8, KGs come from supervised IE), which
demonstrates a downward trend in accuracy with
increasing reasoning complexity.

Tab. A9 reports the overall performance com-
parison across different QA systems. Our method

Action: Add Trypsin to culture flask.— Action: Add cell and Trypan to cube.— Action: Move cell to hemocytometer.——>

Slide ==y

Hemocytometer

Supervised IE  LLM IE

LLM only 14.74
LLM LoRA 12.44
BM25 63.72
LaBSE 55.60
Emb-3-large 61.52
Emb-v4 59.14
GRAG 8.83 21.54
GRAG LoRA 22.77 26.83
ToG 69.90 65.31
Ours w/o Sentence 59.84 58.25
Ours w/o Graph 55.69 55.60
Ours w/o Planner 72.29 71.76
Ours w SciERC 62.40 63.55
Ours w ChemProt 64.70 62.93
Ours 72.99 71.76

Table A9: Performance comparison across different
QA systems. Bold numbers indicate the best perfor-
mance among all models.

maintains strong performance under both super-
vised and LLM-based IE settings. Although super-
vised extraction generally performs slightly better,
the performance gap remains small, indicating that
the proposed framework is robust to different IE
strategies.

Although GRAG leverages structured KGs,
its performance remains substantially lower than
that of text-based Retrieval-Augmented Genera-
tion (RAG) methods. This can be attributed to the
use of average pooling for aggregating node rep-
resentations, which may limit the model’s abil-
ity to capture fine-grained and localized subgraph
semantics. Consequently, the retrieved subgraphs
often provide insufficient descriptive information,
leading to consistently lower retrieval hit rates (see
Fig. 5(B)). In contrast, biomedical experimental
QA typically involves a large number of domain-
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specific terms, in which text-based retrievers natu-
rally achieve a higher recall and more reliable ev-
idence retrieval.

B.5 Application Showcase

In this subsection, we demonstrate a practical ap-
plication of BioPIE in the field of lab automa-
tion. As illustrated in Fig. Al, BioPIE serves as
a knowledge integration engine that bridges the
gap between high-level biomedical protocols and
robotic execution. By extracting structured knowl-
edge from vast volumes of scientific literature,
the system can provide precise answers to critical
procedural questions—such as identifying the cor-
rect reagents for cell dissociation or the appropri-
ate dyes for viability assays. Such structured un-
derstanding enables an automated planner to or-
chestrate a sequence of precise laboratory actions,
ranging from trypsinization to cell counting using
a hemocytometer, thereby facilitating the complex
bioprinting of cartilage and skin tissue analogs
with minimal human intervention.
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