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Abstract
The performance of large language models
(LLMs) depends critically on the quality of
their instruction-tuning data. For protein LLMs,
existing instruction-tuning datasets are typi-
cally derived from structured protein annota-
tions through template-based or label-guided
generation. Although these datasets capture
important biological facts, their construction
paradigms often lead to two limitations: in-
struction homogenization and reasoning super-
ficiality. The former refers to questions con-
centrating around repetitive forms and narrow
topics; the latter to answers relying on shallow
annotation lookup rather than evidence-rich bi-
ological reasoning. To address these limita-
tions, we propose ProtSynGen, a knowledge
graph-guided open-ended data synthesis frame-
work for protein LLMs. ProtSynGen integrates
structured protein databases with unstructured
scientific literature into a protein-centric knowl-
edge graph, and uses hierarchical graph sam-
pling to guide LLMs in generating open-ended
QAs across atomic, aggregated, and complex
reasoning scenarios. Experiments show that
ProtSynGen produces instruction-tuning data
with broader topic coverage, richer reasoning
depth, and stronger quality metrics than exist-
ing protein LLM instruction datasets. Models
trained on ProtSynGen data further achieve su-
perior performance on open-ended protein QA
benchmarks, consistently outperforming base-
line methods across atomic, aggregated, and
complex reasoning scenarios.

1 Introduction

Instruction-tuning has become a standard approach
for adapting large language models (LLMs) to di-
verse instruction-following scenarios, but its ef-
fectiveness depends critically on the quality of
the underlying instruction data (OpenAI, 2023;
DeepSeek-AI et al., 2025; Yang et al., 2025). Re-
cent studies have extended instruction-tuning to the
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protein domain, aiming to develop protein LLMs
that can process protein sequences alongside cer-
tain natural language instructions (Xiao et al., 2024;
Guo et al., 2023; Luo et al., 2026; Wang et al., 2024;
Carrami and Sharifzadeh, 2024; Wang et al., 2025a;
Zhou et al., 2025). These models are trained on
instruction-tuning datasets to perform tasks such
as analyzing protein sequences, answering ques-
tions about protein functions, and reasoning about
biological interactions.

As shown in Figure 1, existing instruction-tuning
datasets for protein LLMs are mostly constructed
by two methods: template-based generation and
label-guided generation. The former relies on
manually designed question-answer templates with
protein annotations, while the latter uses anno-
tation labels to prompt LLMs to generate QA
pairs. For example, OPI (Xiao et al., 2024) and
BioMedGPT (Luo et al., 2026) use predefined tem-
plates for topics such as protein names, functional
annotations, and family classification; Pika (Car-
rami and Sharifzadeh, 2024), in contrast, follows
label-guided generation with labels like molecu-
lar mass, EC number, and subcellular localization.
While these datasets enable models to perform sev-
eral protein-related tasks, their dependence on pre-
defined templates, LLM prompts, and structured an-
notations introduces two fundamental limitations:

(1) Instruction homogenization: Because exist-
ing datasets are anchored in predefined templates or
limited label sets, their questions often concentrate
around similar forms, topics, and difficulty lev-
els. This homogenization can make models overly
adapted to narrow instruction patterns in training
datasets, limiting their ability to handle diverse
open-ended protein questions.
(2) Reasoning superficiality: Existing datasets
primarily rely on protein-to-label annotations. As
a result, their answers often reduce protein rea-
soning to short mappings from a protein to an
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Figure 1: Overview of the motivation of ProtSynGen. (a) Existing protein LLM instruction-tuning datasets rely
on template-based or label-guided generation, leading to homogeneous instructions and shallow annotation-based
reasoning. (b) ProtSynGen integrates structured protein databases with scientific literature and performs knowledge
graph-guided hierarchical sampling to synthesize diverse open-ended QAs with multi-level reasoning. (c) Models
trained on ProtSynGen data outperform baselines on open-ended protein QA benchmarks across atomic, aggregated,
and complex reasoning scenarios.

annotation label. However, open-ended protein
QA frequently requires connecting database facts
with literature evidence, functional mechanisms,
experimental context, and related biological enti-
ties. Models trained on shallow annotation-style
data may therefore struggle to produce coherent
and well-supported scientific answers.

These limitations motivate us to propose a data
synthesis framework that improves both instruction
diversity and reasoning depth. To this end, we pro-
pose ProtSynGen, a knowledge graph-guided open-
ended data synthesis framework for protein LLMs.
We integrate protein databases with scientific litera-
ture into a protein-centric knowledge graph. Based
on this graph, we use hierarchical graph sampling
to guide LLMs in synthesizing QA pairs across dif-
ferent scenarios. Specifically, as shown in Figure 2,
ProtSynGen consists of four stages: (i) knowledge
graph establishment from databases; (ii) knowledge
graph enrichment guided by scientific literature;
(iii) hierarchical graph sampling for data synthesis;
and (iv) fact checking and quality audit. Following
this pipeline, we curate ProtSynGen-SFT, a protein
instruction-tuning dataset containing 5.16 million
open-ended protein QA pairs covering 483,954 pro-
tein sequences.

Experiments show that ProtSynGen-SFT ex-
hibits substantially higher instruction uniqueness,
broader semantic coverage, and a more balanced
topic distribution than existing protein LLM in-
struction data. Moreover, models trained on
ProtSynGen-SFT data consistently outperform
baselines on open-ended protein QA benchmarks

across atomic, aggregated, and complex reasoning
scenarios.

The contributions of this paper are:

• We propose ProtSynGen, a knowledge graph-
guided open-ended data synthesis framework
for protein LLMs which integrates protein
databases with scientific literature into a
protein-centric knowledge graph.

• We curate ProtSynGen-SFT, an open-ended
protein QA dataset containing 5.16 million
QA pairs, covering atomic, aggregated, and
complex reasoning scenarios.

• Experiments show that ProtSynGen yields
higher-quality synthetic instruction data and
improves the open-ended protein QA perfor-
mance of protein LLMs.

All released datasets and implementation code
are publicly available at ProtSynGen_Data and
ProtSynGen_Code.

2 Related Work

Protein LLMs and Instruction-tuning Datasets.
Recent protein LLMs connect protein represen-
tations with language models for protein under-
standing and generation. (Xiao et al., 2024; Guo
et al., 2023; Luo et al., 2026; Wang et al., 2024;
Carrami and Sharifzadeh, 2024). Their instruc-
tion data are commonly constructed by instanti-
ating predefined templates over protein annota-
tions or prompting LLMs with task-specific labels.
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Figure 2: ProtSynGen consists of four stages: (a) knowledge graph establishment from databases, (b) knowledge
graph enrichment guided by scientific literature, (c) hierarchical graph sampling for data synthesis, and (d) fact
checking and quality audit.

While these approaches provide scalable supervi-
sion across established protein tasks, the resulting
data remain closely tied to predefined annotation
schemas and task inventories. ProtSynGen instead
focuses on synthesizing diverse open-ended ques-
tions and evidence-grounded responses from con-
nected protein knowledge.

Knowledge Graph-Guided Question Answer-
ing and Data Synthesis. Knowledge graphs
have been used to integrate heterogeneous knowl-
edge sources, provide graph-structured supervi-
sion for LLMs, and guide synthetic data genera-
tion. UniK-QA (Oguz et al., 2022) studies how
structured and unstructured knowledge sources can
be unified for open-domain question answering,
while GraphGPT (Tang et al., 2023) aligns LLMs
with graph structural knowledge through graph
instruction-tuning. GraphGen (Chen et al., 2025)
uses knowledge-graph based synthetic data genera-
tion to improve supervised fine-tuning for general-
domain LLMs. ProtSynGen builds on this broader
paradigm but focuses on open-ended protein QA. It
constructs a protein-centric knowledge graph from
protein databases and scientific literature, performs
literature-guided knowledge graph enrichment, and
applies hierarchical graph sampling to synthesize
QAs across atomic, aggregated, and complex rea-
soning scenarios, followed by fact checking and
quality audit. We provide a detailed comparison
with these approaches in Appendix A.2.

3 Methodology

3.1 Knowledge Graph Establishment from
Databases

Protein databases (e.g., SwissProt) provide manu-
ally reviewed, schema-consistent annotations for
proteins, but these annotations are often treated
as independent fields in existing data construction
pipelines. ProtSynGen instead organizes them as
a basic protein-centric knowledge graph, so that
protein facts can be linked, sampled, and audited
as structured evidence. We define the basic graph
as:

Gbasic = (V basic, Ebasic), (1)

where V basic denotes biological entity nodes, in-
cluding proteins and database annotation entities
such as GO terms, enzyme classes, organisms,
genes, and sequence features, and Ebasic denotes
typed relations between them. Each node v ∈
V basic is defined as

v = (n, t, d, src), (2)

where n is the standardized entity name, t is the
entity type defined by the database schema, d is
a textual description, and src records the source
protein accessions. Each directed edge e ∈ Ebasic

is defined as

e = (vs, vt, ρ, dr, src), (3)
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where vs and vt are the source and target nodes, ρ
is the relation type, dr is the relation description,
and src records supporting protein accessions.

To construct Gbasic, we formalize the protein
database D as a collection of entries indexed by
protein accessions,

D = {(u,R(u)) | u ∈ U},
RS(u) = {r ∈ R(u) | type(r) ∈ S}.

(4)

where u denotes a protein accession,R(u) denotes
its original annotation attributes, and S is the set
of attribute types used for graph construction. For
each accession u, ProtSynGen maps the protein to
a protein node vu and maps each valid annotation
r ∈ RS(u) to an attribute node vr. It then con-
structs two types of edges: protein-attribute edges
e
(p)
u,r = (vu, vr, ρu,r, du,r, u), which connect the

protein node to each annotation node, and attribute-
attribute edges e

(a)
ri,rj = (vri , vrj , ρri,rj , dri,rj , u),

which connect semantically dependent annotations
within the same protein entry. This design pre-
serves both direct protein facts and local relations
among annotations. Specifically, by iterating over
all accessions in SwissProt releases up to 2024-
04 and applying entity disambiguation, cross-entry
linking, and semantically consistent merging, Prot-
SynGen yields Gbasic, which serves as the factual
backbone for later knowledge graph enrichment
with literature and data synthesis.

3.2 Knowledge Graph Enrichment Guided by
Scientific Literature

Although Gbasic provides high-precision database
evidence, it is bounded by schema-defined annota-
tions. Scientific literature complements this struc-
tured evidence with mechanistic findings, exper-
imental context, and biological relations that are
often absent from database fields. ProtSynGen
therefore enriches the graph with literature-derived
entities and relations, providing additional evidence
that can support broader topic coverage and deeper
biological reasoning, especially for complex rea-
soning scenarios.

For each accession u, let Cu = {cku}mu
k=1 denote

its literature context, including UniProt expert com-
ments and associated PubMed abstracts. We define
Gbasic

u = (V basic
u , Ebasic

u ) ⊆ Gbasic as the connected
protein-centered subgraph containing vu and all
entities and relations associated with u. During
enrichment, ProtSynGen uses Gbasic

u as structured
grounding context and restricts generated entities

to a predefined type set T . This ensures newly in-
troduced entities and relations remain connected
to the existing protein-centered graph while stay-
ing consistent with the graph schema and avoiding
duplication with already recorded entities. The
enrichment pipeline then proceeds in three stages:
entity discovery, relation discovery, and filtering
and insertion:
New entity discovery: Given V basic

u , Cu, and the
entity discovery prompt Ie, an LLM L proposes
literature-supported entities V new

u that are absent
from the current subgraph but conform to T :

V new
u ← L(V basic

u , Cu | Ie, T ). (5)

New relation discovery: The relation discov-
ery prompt Ir then asks L to generate literature-
supported relations. To avoid over-centralizing
newly added relations around the protein node,
ProtSynGen separates intrinsic relations among
newly discovered entities from extrinsic relations
between new and existing entities:

Ein
u ← L(V new

u , Cu | Ir),
Eex

u ← L(V new
u , V basic

u , Cu | Ir).
(6)

Filtering and insertion: The candidate entities
V new
u and relations Enew

u = Ein
u ∪Eex

u are filtered
by type validity and connectivity to Gbasic

u . The
remaining entities and relations are normalized and
inserted using the same node-edge schema defined
in Section 3.1.

After processing all accessions, we obtain the
enriched protein-centric knowledge graph Gfull =
(V full, Efull), which expands the evidence space
in both breadth and depth for subsequent graph
sampling.

3.3 Hierarchical Graph Sampling for Data
Synthesis

The enriched graph Gfull provides a broad evidence
space for protein-centric QA synthesis. To convert
this graph into controllable generation contexts,
ProtSynGen samples protein-centered subgraphs
rather than using the full graph indiscriminately.
For each accession u, let Gfull

u ⊆ Gfull denote the
connected enriched protein-centered subgraph asso-
ciated with u. The breadth of a sampled subgraph
affects the range of biological topics involved in a
question, while the depth affects the reasoning com-
plexity required for the answer. We define three
sampling scenarios with progressively increasing
reasoning complexity:
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Atomic: This scenario targets a single one-hop
edge adjacent to the protein node vu, supporting a
QA pair about one discrete protein fact.
Aggregated: This scenario targets a connected
subgraph containing vu, supporting a QA pair that
requires integrating multiple annotations or rela-
tions.
Complex reasoning: This scenario targets
application-oriented QAs that require integrating
multiple biological entities, relations, and contex-
tual evidence within a protein-centered subgraph.

Formally, for each accession u, ProtSynGen sam-
ples multiple subgraphs from the enriched protein-
centered subgraph Gfull

u according to a chosen sce-
nario r. We denote the j-th sampled subgraph un-
der scenario r as gju, drawn by a scenario-specific
sampler Sr:

gju ∼ Sr(Gfull
u ),

r ∈ {atomic, aggregated, complex}.
(7)

For atomic and aggregated scenarios, ProtSyn-
Gen generates a question and answer conditioned
on the sampled subgraph gju:

Qj
u ← Lq(gju | Iq), Aj

u ← La(gju, Qj
u | Ia).

(8)
For complex reasoning, ProtSynGen first gener-

ates a graph-conditioned question from Gfull
u , and

then uses a Path Finder LLM to derive an explicit
reasoning path P j

u from Gfull
u for answering the

question. The answer is then generated from this
path:

Qj
u ← Lq(Gfull

u | Iq),
P j
u ← Lp(Gfull

u , Qj
u | Ip),

Aj
u ← La(P j

u , Q
j
u | Ia).

(9)

Prompts are tailored to each reasoning scenario.
Atomic and aggregated samples are generated in a
fixed ratio, and visited edges are tracked to reduce
redundant evidence reuse. Complex reasoning is
enabled only when the diameter of Gfull

u exceeds a
predefined threshold. After hierarchical sampling
and QA generation, the resulting synthetic dataset
is:

Dsynth =
⋃

u∈U

{(
u,Qj

u, A
j
u, r

j
u

)}
j∈[Mu]

. (10)

3.4 Fact Checking and Quality Audit
The synthetic dataset Dsynth may still contain un-
supported or inconsistent statements in QAs. For
each candidate x = (u,Qj

u, A
j
u, r

j
u), ProtSynGen

assembles two types of evidence: original contexts
including database annotationsR(u) and literature
context Cu, and intermediate structured evidence
including the sampled subgraph gju or reasoning
path P j

u . An LLM-based reviewer audits x for fac-
tivity with respect to the original context, validity
of the answer to the question, and self-consistency
between the QA pair and the intermediate struc-
tured evidence. Candidates failing any criterion are
removed:

Dfinal = {x ∈ Dsynth : Audit(x) = 1}. (11)

The final filtered dataset Dfinal is released as
ProtSynGen-SFT, which contains 5.16 million
open-ended protein QA pairs.

We validate the effectiveness of this stage
through manual verification on 15 randomly sam-
pled proteins, auditing all 979 edges in their knowl-
edge subgraphs and 100 generated QA pairs against
source SwissProt entries and cited PubMed ab-
stracts. Expert verification in this sampling subset
shows that 85.7% of sampled edges are valid. Fur-
thermore, the fact checking and quality audit stage
improves the expert-validated QA precision from
67% to 83.8% by operating with 100% reject pre-
cision in the 20 rejected QA pairs, meaning every
filtered item is confirmed problematic by expert
review. These results support the reliability of the
generation pipeline and suggest that the audit stage
effectively removes residual errors in our sampled
audit set. Detailed implementation of ProtSynGen
is provided in Appendix A.3, and manual valida-
tion results are reported in Appendix A.4.

4 Analysis of Synthesized Instruction
Data

4.1 Overview Statistics
We evaluate ProtSynGen-SFT from three perspec-
tives: instruction diversity, reasoning depth, and
data quality. As a corpus-level overview, Ta-
ble 1 summarizes dataset scale, construction for-
mat, distinct-instruction ratio, and average response
length; a fuller statistical table is provided in Ap-
pendix A.1.

Compared with template-based and label-guided
baselines, ProtSynGen-SFT combines substan-
tially higher instruction uniqueness with longer
responses, motivating the more targeted analyses
below.
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Dataset #Samples Distinct Inst. (%) Avg Resp. Len Format

SwissProt-V3 430K – 75.80 template-based
ProteinKG25 422K – 141.45 template-based
Mol-Instruction 299K 0.020 59.32 template-based
OPI 1.78M 0.009 31.87 template-based
UniProtQA 1.51M 0.000 25.85 template-based
PDBQA 3.36M 0.001 3.90 template-based
Pika-DS 1.71M 5.671 17.81 label-guided
ProtSynGen-SFT 5.16M 80.229 179.11 KG-guided

Table 1: Overview statistics of protein LLM datasets.
Distinct Inst. denotes the percentage of distinct instruc-
tions in the dataset, and Avg Resp. Len denotes av-
erage response length computed using the SapBERT-
PubMedBERT tokenizer (Liu et al., 2021). “–” indi-
cates that the dataset does not contain explicit natural-
language instructions. SwissProt-V3, ProteinKG25,
and PDBQA are released with ProteinChat (Guo et al.,
2023).

Pika-DSA BPika / ProtSynGen topics
Classification & feat...
Translation & metabolism
Metabolic enzymes
Structure & localization
Enzyme roles

Ribosome & translation
Function & localization
Host-pathogen
Protein interactions
Other topics

Baseline datasets
PDBQA
OPI
UniProtQA
Mol-Instructions

ProtSynGen-SFTC Template-guided BaselinesD

Figure 3: UMAP visualization of instruction em-
beddings across datasets. Instructions are encoded
by SapBERT-PubMedBERT; template-based datasets
use all available instructions, while Pika-DS and
ProtSynGen-SFT are sampled with 10K instructions.

4.2 Instruction Diversity and Topic Coverage
We first examine the semantic coverage of instruc-
tions using SapBERT-PubMedBERT embeddings
and UMAP. As shown in Figure 3, template-based
datasets occupy a few narrow and isolated regions
because they repeatedly reuse a small set of ques-
tion templates. Pika-DS expands this space relative
to template-based baselines, but its instructions re-
main concentrated around several dominant themes.
In contrast, ProtSynGen-SFT spans a broader and
more continuous semantic space, consistent with
the high distinct-instruction ratio in Table 1.

We then quantify topic concentration through 50-
topic clustering of 10K instruction samples from
Pika-DS and ProtSynGen-SFT. As shown in Fig-
ure 4, the top five topics account for nearly 90%
of Pika-DS, whereas they account for only about
32% of ProtSynGen-SFT. ProtSynGen-SFT covers
the major Pika-DS topics while also introducing
additional biological themes. The full 50-topic
comparison and implementation details are pro-

Pika-DS

top-5: 89.0%

A

Classification & feat...
Translation & metabolism
Metabolic enzymes
Structure & localization
Enzyme roles

Metal/cofactor binding
Ribosome & translation
Host-pathogen
Other topics

ProtSynGen-SFT

top-5: 32.3%

B

Structure & localization
Function & localization
Classification & feat...
Ribosome & translation
Protein interactions

Host-pathogen
Hypoxia functions
Multifunctional Roles...
Other topics

Figure 4: Topic composition of 10K sampled instruc-
tions from Pika-DS and ProtSynGen-SFT. Topic labels
are assigned after clustering instruction embeddings into
50 clusters.
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Figure 5: Response length and proxy reasoning-depth in-
dicators across protein LLM instruction-tuning datasets.
Panel (a) on the left compares response token length dis-
tributions, while Panel (b) reports normalized densities
of reasoning terms and biological mechanism terms as
estimates of factual reasoning.

vided in Appendix A.6. Together, these qualitative
and quantitative views indicate that ProtSynGen
reduces repetitive instruction patterns and broadens
topic coverage beyond label-guided generation.

4.3 Response Length and Reasoning Depth
We next examine whether the broader semantic cov-
erage of ProtSynGen-SFT is accompanied by richer
response content rather than short annotation-style
supervision. Following prior text-analysis work
that uses discourse and lexical indicators to charac-
terize explanatory structure in text (Graesser et al.,
2004; Pennebaker et al., 2015), Figure 5 compares
response length distributions and two lexical proxy
indicators: reasoning terms, which approximate
explicit causal, evidential, and inferential links be-
tween statements, and biological mechanism terms,
which approximate protein-related mechanism con-
tent. These indicators are coarse diagnostics rather
than direct measures of factual biological reason-
ing; full term lists, computation details, and caveats
are provided in Appendix A.7.

As shown in Figure 5, many existing
datasets concentrate on short responses, whereas
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ProtSynGen-SFT contains a broader distribu-
tion with substantially more long-form answers.
In this two-dimensional lexical-indicator space,
ProtSynGen-SFT is positioned higher on the
reasoning-term axis while retaining biological
mechanism terms, suggesting that knowledge
graph-guided synthesis more often produces re-
sponses with explicit explanatory structure instead
of only returning short annotation labels.

4.4 Data-Quality Evaluation

Dataset MTLD ↑ Nat. ↑ Coh. ↑ Und. ↑ Reward ↑
Mol-Instruction 58.07 74.72 99.86 74.71 55.39
OPI 21.94 60.11 67.62 58.88 37.08
UniProtQA 15.67 46.64 92.75 46.05 24.67
PDBQA 1.03 33.96 22.90 31.10 17.26
Pika-DS 9.21 79.30 83.69 77.49 26.97
ProtSynGen-SFT 111.84 84.78 99.90 87.34 69.21

Table 2: Data-quality evaluation across datasets. Nat.,
Coh., and Und. denote UniEval naturalness, coherence,
and understandability. Reward denotes Reward_Ind, a
reward model that evaluates the quality of instruction-
tuning data. All metrics except MTLD are reported on
a 0–100 scale.

Finally, we test whether the gains in diversity
and response depth come at the cost of data qual-
ity. Table 2 reports evaluations using MTLD (Mc-
Carthy and Jarvis, 2010), UniEval (Zhong et al.,
2022), and Reward_Ind (Shi et al., 2024), with
metric definitions and implementation details pro-
vided in Appendix A.8. ProtSynGen-SFT achieves
the best scores on all reported metrics, suggest-
ing that its broader coverage and longer responses
do not simply reflect noisy verbosity, but are ac-
companied by stronger coherence, naturalness, and
overall instruction-data quality.

5 Downstream Effectiveness of
ProtSynGen

In this section, we assess whether diverse instruc-
tions and reasoning-oriented responses generated
by ProtSynGen could improve open-ended protein
QA performance. We evaluate models on two com-
plementary benchmarks: LiveProtQA, a tempo-
ral benchmark over held-out SwissProt releases,
and ExpertProtQA, an externally sourced human-
scored benchmark. We compare ProtSynGen-SFT
against publicly released protein and scientific
LLMs as well as controlled retraining baselines,
and ablate key pipeline components to verify their
contributions.

5.1 Experimental Setup
Training and Baselines. Comparing directly
against published protein LLMs is insufficient to
attribute gains to training data, as these models dif-
fer in base architecture, model scale, and training
recipe. To enable a fair comparison, we report base-
line models’ performance from their publicly re-
leased checkpoints (ProtT3, Mol-Instruction, OPI-
Galactica, BioMedGPT) and also fine-tune the
same Qwen2.5-7B-Instruct backbone with their
datasets under identical training configurations.
Specifically, our controlled experiments use a mul-
timodal encoder-projector-LLM architecture rather
than a text-only Qwen model receiving raw pro-
tein sequences. Protein sequences are encoded by
ESM-2 and mapped into the Qwen2.5-7B-Instruct
embedding space through an MLP projector. Fur-
thermore, existing SFT datasets vary considerably
in scale across QA and protein sequences; we there-
fore use ProtSynGen-SFT-106K (a 106K-QA sub-
set covering 10K proteins), which is the smallest
among all compared datasets in both token count
and sequence count (Appendix A.10), reducing the
possibility that observed gains are driven by train-
ing scale. We also report the base Qwen2.5-7B-
Instruct without protein-domain SFT as a baseline.
Full architectural and training settings are in Ap-
pendix A.9.

Evaluation Benchmarks and Metrics. LivePro-
tQA is a temporal out-of-distribution benchmark
constructed from four SwissProt releases held out
after the ProtSynGen-SFT training cutoff, spanning
SwissProt 2024_06 to 2025_03. After sequence-
level homology filtering against ProtSynGen-SFT-
106K, the benchmark covers only unseen proteins
across atomic, aggregated, and complex reason-
ing scenarios. Model outputs are scored point-
wise on a 1–5 scale by three LLM judges (GPT-4o,
DeepSeek-R1, and Qwen3-235B) based on help-
fulness and factivity relative to the protein entry
and supporting literature; we report the mean judge
score normalized to 0–100 and macro-averaged
over the three scenarios. ExpertProtQA provides
a complementary external evaluation using 118
open-ended questions adapted from public protein
datasets and scored by domain experts. While Live-
ProtQA emphasizes temporal generalization and
controlled reasoning scenarios, ExpertProtQA tests
robustness to externally sourced question styles
under expert evaluation. We use expert scores as
the primary metric and additionally report LLM-
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Model Source Model/Dataset LiveProtQA Score ↑
Atomic Aggregated Complex Avg.

Publicly released protein/scientific LLM checkpoints

Public Release

InstructProtein 0.41 0.08 0.17 0.22
ProtT3 3.75 0.52 0.43 1.57
OPI-Galactica 12.49 8.56 8.75 9.94
Mol-Instruction 14.21 9.15 16.01 13.12
BioMedGPT 18.27 16.05 20.21 18.18
Intern-S1 29.92 32.26 40.26 34.15

Retrained with the same architecture and different datasets

Retrain

Qwen2.5-7B-Instruct 20.92 26.76 37.29 28.32
PDBQA 6.09 2.98 1.32 3.46
OPI 23.65 18.34 20.79 20.93
UniProtQA 24.29 21.01 25.91 23.73
Pika-DS 31.29 25.06 36.39 30.91
Mol-Instruction 33.45 32.37 39.52 35.12
ProtSynGen-SFT-106K 38.29 42.88 56.85 46.01

Table 3: Main results on LiveProtQA. Scores are normalized to 0–100. Avg. is the macro average over atomic,
aggregated, and complex reasoning scenarios. The retraining block uses the same Qwen2.5-7B-Instruct backbone
and changes only the SFT data.

judge scores as a secondary reference. For both
benchmarks, we remove proteins with at least 80%
sequence identity to the training set ProtSynGen-
SFT-106K to reduce potential sequence-level leak-
age. More details are in Appendix A.13 and A.14.

5.2 Results on LiveProtQA
Table 3 reports results under two comparison pro-
tocols: publicly released checkpoints and retrain-
ing with a shared Qwen2.5-7B-Instruct backbone.
ProtSynGen-SFT-106K achieves the highest aver-
age score in both settings. In the retraining block,
where all models share the same backbone and
training configuration, our model reaches an aver-
age score of 46.01, improving over the strongest re-
training baseline (Mol-Instruction, 35.12) by 10.89
points.

The advantage also increases with reasoning
complexity: our model improves over the respec-
tive runner-up by 4.84 on atomic, 10.51 on aggre-
gated, and 16.59 on complex reasoning. This pat-
tern is consistent with ProtSynGen’s hierarchical
graph sampling design, which exposes the model to
QA pairs grounded in protein-centered subgraphs
with progressively increasing reasoning complex-
ity.

Beyond matched-backbone retraining, the Prot-
SynGen model also outperforms all publicly re-
leased protein and scientific LLMs in Table 3, in-
cluding Intern-S1 (34.15), a 235B-parameter MoE
model with a 6B encoder. These results suggest that
ProtSynGen-SFT provides effective instruction-

Model/Dataset Expert Judge ↑ LLM Judge ↑
UniProtQA 23.73 31.07
Pika-DS 24.15 29.38
Mol-Instruction 26.06 33.76
Intern-S1 30.72 34.82
ProtSynGen-SFT-106K 48.09 49.36

Table 4: ExpertProtQA results. Scores are normalized
to 0–100. Expert Judge is the primary metric; LLM
Judge scores are averaged across three judges.

tuning data for open-ended protein QA, with gains
visible both under controlled retraining and against
strong released models.

5.3 Expert-Scored Evaluation on
ExpertProtQA

ExpertProtQA tests whether the improvements
hold under expert evaluation on externally sourced
open-ended protein QA. As shown in Table 4,
ProtSynGen-SFT-106K achieves an Expert Judge
score of 48.09, substantially exceeding Intern-S1
(30.72), Mol-Instruction (26.06), Pika-DS (24.15),
and UniProtQA (23.73). The LLM Judge scores
preserve the same model ranking (ProtSynGen-
SFT-106K at 49.36), and the two evaluation proto-
cols show high agreement overall (within-1 agree-
ment 95.9%, pairwise direction agreement 89.4%;
full analysis in Appendix A.15). These findings
suggest that the improvements from ProtSynGen-
SFT generalize to externally sourced open-ended
protein QA under expert evaluation.
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5.4 Ablation Study
Finally, we ablate two components of ProtSynGen:
literature-based KG enrichment and quality audit-
ing. Each ablated dataset is generated from the
same 10K protein subset and used to fine-tune the
same backbone under identical settings. As shown
in Table 5, removing either component leads to
consistent score drops on LiveProtQA (p < 0.001,
paired Wilcoxon; n = 1,800), with bootstrap
95% confidence intervals excluding zero. Similar
drops are observed on ExpertProtQA (p < 0.05;
n = 118; see Appendix A.16 for details). These
results confirm that both KG enrichment and qual-
ity auditing contribute positively to the final model
performance.

Variant LiveProtQA Score ↑
Atomic Agg. Complex Avg.

Full 38.29 42.88 56.85 46.01
w/o KG Enrichment 37.08 41.65 54.21 44.31
w/o Quality Audit 37.15 42.00 54.04 44.40

Table 5: Ablation results on LiveProtQA. Scores are
normalized to 0–100; Avg. averages the three reasoning
scenarios.

6 Conclusion

In this paper, we present ProtSynGen, a knowledge
graph-guided open-ended data synthesis frame-
work for protein LLMs. The key insight is
that open-ended protein QA requires evidence
grounded in connected biological knowledge rather
than isolated annotation labels. By integrating
protein databases with scientific literature into a
protein-centric knowledge graph and applying hier-
archical graph sampling, ProtSynGen synthesizes
QA pairs across atomic, aggregated, and complex
reasoning scenarios with diverse instruction forms
and evidence-based responses.

Experiments show that ProtSynGen-SFT
achieves substantially higher instruction unique-
ness, broader semantic coverage, and stronger
quality metrics than existing protein LLM instruc-
tion datasets. Models trained on ProtSynGen data
consistently outperform baselines on open-ended
protein QA benchmarks, confirming that the
quality of synthetic instruction data directly
impacts downstream task performance.

Limitations

This work focuses on open-ended protein ques-
tion answering and instruction-tuning, where data

synthesis and parts of the evaluation protocol in-
volve LLM-based procedures, including the LLM-
judge setup described in Appendix A.14 and Ap-
pendix A.15. Such protocols may introduce subtle
errors that are inherently difficult to fully detect
through automated means. We have conducted
manual expert verification to validate the quality of
our pipeline (Appendix A.4), and we look forward
to future efforts that enable more extensive human
evaluation to further strengthen the reliability of
synthetic instruction data and benchmark scoring.

Ethics Statement

ProtSynGen is intended for scientific data synthe-
sis, instruction-tuning, and evaluation in the protein
domain. Although the pipeline grounds QA gen-
eration in curated protein databases and support-
ing literature, the generated QA pairs and model
outputs may still contain incomplete, outdated, or
incorrectly inferred biological claims. Therefore,
ProtSynGen outputs should not be treated as vali-
dated biomedical advice, clinical evidence, or ex-
perimental conclusions without expert review.

To reduce factual and safety risks, ProtSynGen
includes evidence-grounded generation, quality au-
diting, homology filtering for evaluation, and man-
ual expert verification on sampled KG edges and
QA pairs. These safeguards improve reliability
but do not eliminate residual errors, especially for
subtle mechanism attribution or biological extrap-
olation. We encourage users to use the released
data and models for research purposes only and
to perform task-specific validation before apply-
ing them to downstream biological discovery or
decision-making.

The resources used in this work are derived from
public protein databases and scientific literature.
We do not use private patient records or personally
identifiable biomedical data.
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A Appendix

A.1 Full Dataset Statistics
Table 6 reports detailed corpus statistics for the
protein LLM instruction-tuning datasets compared
in Section 3.1.

A.2 Related Work Discussions
A.2.1 Overview
Protein LLMs instruction-tuning. Recent work
has increasingly connected protein representa-
tions with the instruction-following ability of
LLMs. Protein LLMs such as ProtT3 (Liu et al.,
2024), BioMedGPT (Luo et al., 2026), Instruct-
Protein (Wang et al., 2024), ProLLaMA (Lv et al.,
2024), SEPIT (Wu et al., 2024), ProCyon (Queen
et al., 2024), and Prot2Chat (Wang et al., 2025b)
encode protein sequences, structures, or multi-
modal protein features and align them with natural-
language LLM interfaces for protein-centric pre-
diction, annotation, question answering, and gen-
eration. These systems demonstrate the value of
instruction-following interfaces for protein under-
standing. However, most of them focus on model
architecture, modality alignment, or task-specific
instruction-tuning, while the construction of di-
verse and evidence-grounded open-ended instruc-
tion data remains less explored. ProtSynGen is
complementary to these protein LLMs: rather than
proposing a new protein encoder or multimodal ar-
chitecture, we investigate how to synthesize higher-
quality instruction-tuning data across diverse open-
ended scenarios.

Instruction data for protein LLMs. Most
existing protein LLM instruction datasets are de-
rived from resources such as datasets for pro-
tein representation tasks or certain fields in
PDB or SwissProt database, converting these
protein annotations into protein–question–answer
triples. Template-based datasets such as UniPro-
tQA, OPI (Xiao et al., 2024), Mol-Instruction (Fang
et al., 2024), and datasets released with Protein-
Chat (Guo et al., 2023), including SwissProt-V3,
ProteinKG25, and PDBQA, instantiate predefined
questions over annotation fields, while label-guided
generation methods such as Pika-DS (Carrami and
Sharifzadeh, 2024) use LLM prompting over struc-
tured labels to produce more varied QA pairs. Re-
cent protein LLM efforts further expand the scale,
modality coverage, or task scope of protein in-
struction data. Nevertheless, these datasets are
still often tied to predefined task inventories, anno-

tation schemas, or modality-specific supervision.
As a result, they may contain repetitive instruc-
tion forms or short annotation-style answers. Prot-
SynGen differs by constructing a protein-centric
knowledge graph that links structured annotations
with literature-derived evidence, then sampling this
graph to generate open-ended QAs at different rea-
soning depths.

Knowledge Graph-guided data synthesis. Our
work is also related to methods that use knowl-
edge graphs to improve question answering or
instruction-tuning. UniK-QA (Oguz et al., 2022)
studies how structured and unstructured knowl-
edge sources can be unified for open-domain QA,
motivating the integration of database facts and
textual evidence. GraphGPT (Tang et al., 2023)
aligns LLMs with graph structural knowledge
through graph instruction-tuning, showing that
graph-structured inputs can provide useful super-
vision for LLMs. GraphGen (Chen et al., 2025)
is closely related to our work, as it also uses
knowledge-graph based synthetic data generation
to improve supervised fine-tuning in general LLMs.
ProtSynGen differs by focusing on open-ended pro-
tein QA, where supervision must be grounded in
protein-specific evidence rather than general knowl-
edge. To this end, we design and construct a
protein-centric knowledge graph from databases
and scientific literature, and use hierarchical graph
sampling to synthesize QAs across atomic, aggre-
gated, and complex reasoning scenarios. Our eval-
uation also targets protein-specific data issues, in-
cluding instruction homogenization, reasoning su-
perficiality, temporal protein QA generalization,
and expert-scored external questions.

A.3 ProtSynGen Pipeline Implementation
Details

Resources and model setup. ProtSynGen uses
SwissProt entries as structured protein evidence,
supplements them with additional data from
BRENDA and Gene Ontology databases, and fur-
ther enriches them with UniProt expert comments
and PubMed abstracts linked from SwissProt ref-
erences. For the final production pipeline, we use
GLM-4-Air for graph enrichment and QA synthe-
sis, and DeepSeek-v3 for quality audit. We set
a low temperature (0.1) for extraction/enrichment
and audit, and a higher temperature (0.7) for QA
generation. The low-temperature setting is in-
tended to improve stability and factual precision in
graph construction and auditing, while the higher
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Dataset #Samples Template Unique Count Average Length

Instruction Response Sequence Inst. Ratio (%) Inst. Tokens Resp. Tokens Sequence

SwissProt-V3 430595 ✓ – 98019 430595 – – 75.80 335.88
ProteinKG25 422315 ✓ – 314540 422315 – – 141.45 337.69
Mol-Instruction 299029 ✓ 60 97004 298925 0.020 24.24 59.32 397.81
OPI 1776636 ✓ 161 305921 485133 0.009 19.01 31.87 372.68
UniProtQA 1513126 ✓ 4 247825 391836 0.000 11.30 25.85 370.27
PDBQA 3359693 ✓ 30 82356 51298 0.001 12.46 3.90 291.45
Pika-DS 1714885 ✗ 97255 782907 251532 5.671 10.21 17.81 412.50
ProtSynGen-SFT 5162352 ✗ 4141715 5024733 483954 80.229 29.71 179.11 371.60

ProtSynGen-SFT by reasoning scenario

Atomic 3901433 ✗ 2881647 3763815 481739 73.861 23.58 85.05 372.43
Aggregated 1242882 ✗ 1242034 1242881 441716 99.932 48.78 467.63 368.90
Complex 18037 ✗ 18037 18037 17650 100.000 40.56 642.79 378.91

Table 6: Detailed statistics of protein LLM instruction-tuning datasets. Inst. Ratio denotes the percentage of
distinct instructions. Token lengths are computed with SapBERT-PubMedBERT, following Table 1. SwissProt-V3,
ProteinKG25, and PDBQA are from ProteinChat (Guo et al., 2023).

temperature encourages more diverse open-ended
responses.

Base KG schema and enrichment constraints.
The base protein-centric graph is initialized from
seven core field types: protein, gene ontology,
ec_numbers, keywords, organism, host_organism,
and gene_name. Literature enrichment is con-
strained by (i) the current protein-centered graph
and (ii) a fixed biological entity-type inventory,
so new entities and relations remain connected to
protein evidence rather than drifting into uncon-
strained free-text generation. The entity inventory
includes core biomolecular entities (e.g., Protein,
Gene, Protein Complex, Molecule, Nucleic Acid),
functional entities (e.g., Biological Process, Molec-
ular Function, Cellular Component, Pathway, EC
Numbers, Subcellular Localization), context enti-
ties (e.g., Organism, Host organism, Tissue/Organ,
Cell Type), and phenotype/regulation entities (e.g.,
Disease/Phenotype, Regulator, Interaction Partner).
Relation candidates are further tagged as direct
document support or reasoning-based inference.

Entity normalization and disambiguation. We
further apply a lightweight entity normalization
module during graph insertion and merge. Candi-
date entity names are embedded with SapBERT
and matched by cosine similarity under a high
threshold, with small LLM-based (GLM4-Flash)
fuzzy matching used only for unresolved ambigu-
ous cases. This stage reduces duplicate aliases and
near-duplicate entities before graph expansion and
downstream sampling.

Literature scale and graph-conditioned sam-
pling. In our SFT literature pool, the collected
abstract chunks contain 266,308 unique PMIDs.

For the 10K-protein training subset, 8,270 proteins
have at least one available PubMed abstract, with
2.07 available abstracts per protein on average. Dur-
ing sampling, atomic and aggregated candidates are
proposed with weights 0.75/0.25, with at most 15
non-complex sampled batches per protein. Com-
plex reasoning generation is enabled only when
the diameter of the local protein-centered graph
exceeds a predefined threshold, making reasoning-
level assignment graph-conditioned rather than
prompt-only.

Quality audit behavior. The audit stage is imple-
mented as a conservative binary filter. A QA pair
is rejected if it fails any of the following checks:
protein-centricity/anonymization, answer validity,
factual support from raw evidence, or consistency
with sampled graph evidence. This audit is used
for filtering, not as a substitute for expert biological
validation; manual expert verification is reported
in Appendix A.4. Representative prompt assets
across extraction, enrichment, sampling, and audit
are provided in Appendix B.

Data and source code release. The ProtSynGen-
SFT and ProtSynGen-SFT-106K datasets, together
with the LiveProtQA and ExpertProtQA bench-
marks, are available at https://huggingface.
co/datasets/YifanXu24/ProtSynGen. The
source code, including knowledge graph construc-
tion and enrichment, hierarchical sampling, quality
auditing, prompt templates, and few-shot cases,
is available at https://github.com/Fanchuana/
ProtSynGen/tree/main. The released code sup-
ports reconstruction of the protein-centric knowl-
edge graph from public source databases.
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Figure 6: Manual expert audit of synthesized KG edges
and QA pairs. (a) Per-protein edge audit results sorted
by precision; the dashed line marks the mean accepted
count. (b) Confusion matrix of LLM quality audit deci-
sions vs. expert verification on 100 QA pairs.

A.4 Intrinsic Quality Validation of KG and
QA Generation

To assess the factual reliability of the ProtSynGen
pipeline independently of downstream task perfor-
mance, we conduct expert-level verification on a
random sample of 15 proteins from the enriched
knowledge graph. The audit covers two levels:
(1) all 979 edges present in these proteins’ knowl-
edge subgraphs, and (2) 100 QA pairs generated
from these proteins and processed through the qual-
ity audit stage (Section 2.4).

Audit Setup. The 15 proteins are drawn to
cover diverse organisms (bacteria, archaea, viruses,
mammals) and functional classes (enzymes, tox-
ins, structural proteins, oxidoreductases). Their
UniProt accessions are: O34819, O69192,
A0A0C5XL88, A0JR91, A4XMZ4, A6LJQ5,
C4LGT5, P32512, P54893, Q2KVR0, Q612F5,
Q75UG4, Q7T6Y0, Q9CQF9, Q9I8F8. Each edge
and QA pair is evaluated against the source Swis-
sProt entry and all cited PubMed abstracts on three
criteria: Factivity (is the claim supported by source
evidence?), Validity (does the answer correctly
address the protein-centric question?), and Self-
Consistency (is the QA consistent with the sam-
pled subgraph or reasoning path?).

Edge-Level Factual Precision. Of the 979 edges
audited, 839 (85.7%) are confirmed factually cor-
rect by expert review (Figure 6a). Specifically, the
140 rejected edges fall into three failure modes:

• Concept inflation (89/140): The LLM gen-
erates hierarchies of related concepts from a
functional keyword without grounding in the
specific protein’s evidence. For example, a

baculovirus transcription factor named “Major
Immediate Early Protein” triggers fabricated
edges about viral replication machinery.

• Function class confusion (34/140): The
LLM attributes functions typical of a well-
known protein class to a different member.
For example, a bacterial toxin–antitoxin com-
ponent named “ADP-ribosylation toxin” is
treated as a classical pathogenic virulence
factor targeting host cells, when it actually
only targets its own cell’s ribose-phosphate
pyrophosphokinase.

• Wrong attribution (17/140): Incorrect EC
numbers, reversed reaction directions, or fab-
ricated post-translational modifications as-
signed without evidence.

Notably, 92.1% of errors (129/140) originate
from just 3 of the 15 proteins—all cases where
the protein name is lexically similar to a better-
known functional class. The remaining 12 proteins
achieve 98.2% edge-level precision, indicating that
enrichment errors are not uniformly distributed but
cluster around specific naming ambiguities.

QA-Level Audit Validation. Figure 6(b) reports
the confusion matrix between the pipeline’s LLM
quality audit decisions and expert verification on
100 QA pairs.

The audit exhibits two desirable properties in
this sampled audit set. First, zero false rejections:
all 20 items filtered by the audit are confirmed prob-
lematic, indicating that the audit is conservative in
the examined cases. Second, a post-audit accep-
tance precision of 83.8% (67/80), confirming that
the large majority of retained QA pairs are factually
grounded. The overall accuracy is 87%.

Case Analysis. We present representative cases
to illustrate the audit’s behavior and the nature of
residual errors.

Case 1: Correct rejection (True Positive). QA-
024 asks “What role does pectin lyase play in
the integration of prophage genetic material into
the host’s genome?” The generated answer fabri-
cates a connection between pectin degradation and
prophage integration. The audit correctly identi-
fies this as unsupported by any cited evidence and
rejects it.

Case 2: Subtle error accepted by audit (False
Negative). QA-014 asks “How does this protein
affect the host’s memory response to pathogens?”
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for ParT (A0A0C5XL88), a Type II toxin–antitoxin
system component from Sphingobium sp. The an-
swer describes host immune memory disruption—a
function characteristic of classical pathogenic ADP-
ribosylation toxins (e.g., pertussis toxin) but not of
intracellular TA system toxins that only target their
own cell’s RPPK. The audit accepts this because
the answer uses correct protein terminology and
produces biologically fluent text, but the underly-
ing mechanism is misattributed from a different
protein class.

Case 3: Edge-level concept inflation. For
P32512 (a baculovirus transcription factor), the
enrichment LLM generates edges such as “viral
replication adaptation → viral replication evolu-
tion.” Neither concept appears in the SwissProt
entry or cited PubMed abstracts. The LLM inferred
these from the protein’s classification as an “im-
mediate early protein,” over-generalizing to viral
replication concepts without specific evidence.

Summary. The quality audit implements a con-
servative filtering strategy that prioritizes preserv-
ing valid training data (zero false rejections) while
removing clearly problematic items. The residual
errors that pass the audit are predominantly subtle
mechanism misattributions that require deep do-
main expertise to detect. These errors are concen-
trated in a small number of proteins with ambigu-
ous naming, and their impact on downstream SFT
is likely mitigated by dilution across the 5.16M
QA pairs. Future work may incorporate domain-
specific verification modules (e.g., biological agent
validation) to further reduce these residual errors.

A.5 Case Study
Figure 7 shows an aggregated case that asks how a
protein contributes to the producing organism’s de-
fense strategy. Among the compared models, only
the model trained on ProtSynGen-SFT accurately
identifies the protein as neurotoxin and explains its
neurotoxin-mediated predator-deterrence function,
supported by SwissProt annotation and PubMed
evidence.

A.6 Instruction Diversity and Topic Labeling
For the UMAP analysis in Figure 3, we use all
explicit instructions from template-based datasets
because their instruction pools are small. For
Pika-DS and ProtSynGen-SFT, we use matched
10K instruction samples. Instructions are encoded
with SapBERT-PubMedBERT and reduced to two

Figure 7: An aggregated sample case. Only
ProtSynGen-SFT accurately identifies the protein’s
neurotoxin-mediated predator-deterrence function using
SwissProt annotation and PubMed evidence.

dimensions with UMAP using cosine distance,
nneighbors = 30, min_dist = 0.08, and random
seed 42.

For the topic-composition analysis in Figure 4,
we cluster the matched 10K instruction samples
from Pika-DS and ProtSynGen-SFT into 50 seman-
tic topics and assign a short topic label to each
cluster with an LLM based on 10 representative
instructions from each cluster. Figure 8 reports
the full topic-proportion matrix. Each cell denotes
the percentage of instructions assigned to a topic
within the corresponding 10K sample. Blank cells
indicate that no sampled instruction is assigned to
that topic, while ≤ 0.1% indicates a nonzero but
very small topic share.

A.7 Term-Based Reasoning Depth Indicators
Figure 5 uses lightweight lexical indicators to es-
timate response-level reasoning depth. This anal-
ysis is motivated by prior text-analysis work such
as Coh-Metrix and LIWC, which use discourse,
causal, cognitive, and lexical categories to char-
acterize cohesion, explanatory relations, and cog-
nitive content in text (Graesser et al., 2004; Pen-
nebaker et al., 2015). We adapt this idea to protein
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QA data by counting two types of terms in model
responses: reasoning terms and biological mech-
anism terms. These indicators are used as proxy
diagnostics rather than as direct measures of factiv-
ity.

For each dataset, we sample up to 10K responses
using a fixed random seed. For ProtSynGen-SFT,
we sample 10K responses from each reasoning sce-
nario: atomic, aggregated, and complex reasoning.
Let ai be the answer text of instance i, and let Ni

be its token count computed with a regex tokenizer.
For a term setM, we compute a normalized den-
sity:

DensityM =

∑
i countM(ai)∑

iNi
× 100. (12)

We report densities per 100 response tokens and
estimate confidence intervals using bootstrap re-
sampling over sampled responses.

Reasoning terms include causal, contrastive, ev-
idential, inferential, and conditional expressions,
such as because, due to, therefore, as a result,
whereas, however, suggests, indicates, implies,
based on, consistent with, likely, may, and could.
These terms approximate whether a response ex-
plicitly links statements through reasoning rela-
tions.

Biological mechanism terms include biology-
specific action and relation expressions, such as
binding, interaction, regulation, activation, inhi-
bition, mediation, catalysis, transport, localiza-
tion, phosphorylation, pathway, signal transduc-
tion, substrate, cofactor, active site, complex for-
mation, stabilization, and degradation. This axis
is included as a linguistic estimate: it helps dis-
tinguish generic reasoning language from explana-
tions that remain grounded in protein-related bio-
logical mechanisms.

Because these indicators are lexical proxies, they
should not be interpreted as complete measures of
biological reasoning. In particular, a high density
of biological mechanism terms can arise from short
annotation-style answers that repeatedly use action-
oriented labels. We therefore interpret the two axes
jointly: reasoning terms indicate explicit explana-
tory links, while biological mechanism terms indi-
cate whether those links are accompanied by pro-
tein mechanism-related content.

A.8 Data-Quality Metrics
Table 2 reports three complementary metrics used
to assess whether gains in diversity and response

depth come at the cost of data quality.
MTLD (McCarthy and Jarvis, 2010) measures

lexical diversity while being relatively stable to text
length compared with simple type-token ratios. We
use it as a corpus-level indicator of whether the gen-
erated responses exhibit varied surface realization
rather than repetitive lexical reuse.

UniEval (Zhong et al., 2022) provides model-
based quality scores for naturalness, coherence,
and understandability. In this section, these
scores are used as lightweight proxies for whether
broader and longer responses remain readable and
instruction-following.

Reward_Ind (Shi et al., 2024) is a reward-model
score designed for instruction-tuning data quality
evaluation. We use it as an additional preference-
style signal complementary to lexical diversity and
surface text quality.

These metrics complement the diversity and
reasoning-depth analyses by testing whether
broader semantic coverage and longer responses
are accompanied by acceptable linguistic quality.

A.9 Model Architecture and Training
Hyperparameters

Model Architecture. Our protein LLM follows
a modular multimodal design consisting of three
components: (1) a protein sequence encoder based
on ESM-2 (650M parameters, 33-layer) (Lin et al.,
2023), which produces per-residue representations
that are mean-pooled into a fixed-dimensional se-
quence embedding (1280-d); (2) an MLP projector
that maps the protein embedding into the LLM’s
text embedding space (5120-d); and (3) Qwen2.5-
7B-Instruct (Yang et al., 2025) as the language
backbone. The protein embedding is inserted as a
special <seq> token in the input sequence, replac-
ing the token embedding at that position.

Training Pipeline. Training proceeds in two
stages. Stage 1 (Modality Alignment): The MLP
projector is trained to align protein sequence repre-
sentations with the LLM’s text space, using protein
caption data from OPI (Xiao et al., 2024). Dur-
ing this stage, only the MLP projector is trainable;
the ESM-2 encoder and LLM backbone are frozen.
All models in the retraining comparison share this
identical alignment stage. Stage 2 (instruction-
tuning): Starting from the shared alignment check-
point, each dataset is used to fine-tune both the
MLP projector and the full LLM backbone. The
ESM-2 encoder remains frozen throughout. Table 7
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summarizes the Stage 2 hyperparameters.

Hyperparameter Value

Base model Qwen2.5-7B-Instruct
Protein encoder ESM-2 (650M, frozen)
Trainable parameters MLP projector + LLM backbone
Optimizer AdamW
Learning rate 1e-5
LR scheduler Cosine
Warmup ratio 0.01
Weight decay 0.0
Epochs 1
Per-device batch size 12
Number of GPUs 6 × H200
Max sequence length 1024
Precision bf16 (DeepSpeed ZeRO-2)

Table 7: Stage 2 instruction-tuning hyperparameters.

A.10 Training Corpus Size
To compare retraining corpora by token budget,
we tokenize each SFT dataset with the Qwen2.5-
7B-Instruct tokenizer used by the language back-
bone. Table 8 shows that ProtSynGen-SFT-106K
is the smallest retraining corpus in both number of
records and total token count.

Dataset #Records #Tokens

OPI 1,768,252 460,867,066
PDBQA 3,359,693 588,831,756
UniProtQA 1,513,126 368,875,356
Pika-DS 1,714,885 438,194,762
Mol-Instruction 299,029 92,268,979
ProtSynGen-SFT-106K 106,818 45,436,641

Table 8: Training corpus size under the Qwen2.5-7B-
Instruct tokenizer.

A.11 Supplementary Reference-Based
Metrics on LiveProtQA

In addition to judge-based evaluation, we report
conventional reference-based text generation met-
rics on LiveProtQA as supplementary lexical-
semantic signals. Following the same model group-
ing used in Table 3, we report BLEU, ROUGE-2,
ROUGE-L, BERTScore (BioMedBERT and Pub-
MedBERT), and METEOR on a 0–100 scale. How-
ever, the language styles and open-ended scenarios
significantly influence these reference-based met-
rics, so they are not treated as primary factuality
criteria.

A.12 Model Performance on Protein Function
Description Task

To further examine whether the benefits of Prot-
SynGen transfer to protein function prediction, we

evaluate model performance on OPI (Xiao et al.,
2024) CASPSimilarSeq test set. We compare
ProtSynGen-SFT-106K with a model retrained on
the OPI training set using the same multimodal
backbone and retraining protocol as Table 3. Gen-
erated descriptions are scored by three indepen-
dent LLM judges and normalized to a 0–100 scale.
ProtSynGen-SFT-106K obtains a mean score of
76.09, compared with 57.76 for the OPI-trained
model, an improvement of 18.33 points. The im-
provement is consistent across all three judges and
across individual test examples (paired bootstrap
95% CI: [+13.72, +22.82]; 88 wins, 7 ties, and 35
losses out of 130 examples).

A.13 Benchmark Construction and Homology
Filtering

LiveProtQA. LiveProtQA is constructed from
four held-out SwissProt snapshots: 27-NOV-2024
(SwissProt 2024_06), 05-FEB-2025 (SwissProt
2025_01), 09-APR-2025 (SwissProt 2025_02),
and 18-JUN-2025 (SwissProt 2025_03). Using
these held-out snapshots as source evidence, we
build the benchmark to cover atomic, aggregated,
and complex reasoning scenarios, followed by de-
duplication, light balancing, and sequence-level
homology filtering. The final benchmark contains
1,800 questions covering 935 protein sequences,
including 760 atomic, 939 aggregated, and 101
complex-reasoning items.

ExpertProtQA. To provide an externally
sourced evaluation, we curate ExpertProtQA from
existing protein-biology benchmarks that can be
adapted into open-ended protein QA. Most prior
benchmarks in this area emphasize classification,
tagging, captioning, or multiple-choice evaluation
rather than free-form answers grounded in a
target protein sequence. We therefore select
and normalize suitable items from Pika-DS,
OpusPLLM (Lv et al., 2026), and QAProt, yielding
118 open-ended questions covering 99 proteins.
ExpertProtQA is evaluated by two invited domain
experts and by LLM judges.

Temporal cutoff filtering. ProtSynGen-SFT is
constructed from SwissProt entries available
through the 2024_04 release, whereas LiveProtQA
uses later SwissProt snapshots released on 27-NOV-
2024, 05-FEB-2025, 09-APR-2025, and 18-JUN-
2025. This establishes a temporal separation be-
tween the SwissProt sources used for training-data
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Model Source Model/Dataset BLEU ↑ ROUGE ↑ BERTScore ↑ METEOR ↑
R-2 R-L BioMed PubMed

Publicly released checkpoints

Public Release

InstructProtein 0.00 0.04 0.97 88.49 38.51 0.74
OPI-Galactica 0.00 0.79 3.62 88.39 49.06 2.02
BioMedGPT 0.00 3.08 7.62 90.51 56.60 4.12
Intern-S1 1.30 10.57 16.94 92.53 74.30 13.30

Retrained with the same architecture and different datasets

Retrain

Qwen2.5-7B-Instruct 7.32 11.82 16.90 92.37 76.55 7.18
PDBQA 0.00 0.01 0.30 86.65 38.52 0.10
OPI 0.08 2.92 9.22 90.43 63.06 6.43
UniProtQA 0.30 4.29 10.94 90.70 66.00 7.85
Mol-Instruction 0.37 6.60 13.48 91.69 71.05 9.79
Pika-DS 0.01 11.52 16.45 93.20 76.23 9.73
ProtSynGen-SFT-106K 20.93 24.30 30.70 94.47 84.33 41.54

Table 9: Reference-based text generation metrics on LiveProtQA. All metrics are reported on a 0–100 scale.
BioMed and PubMed denote BERTScore F1 computed with BioMedBERT and PubMedBERT/SapBERT encoders,
respectively. These metrics are supplementary lexical/semantic matching signals rather than primary factuality
judgments.

construction and benchmark construction for Live-
ProtQA.

Literature-level overlap filtering. To reduce di-
rect text-level overlap, we identify PubMed ab-
stracts linked to LiveProtQA test proteins and re-
move the 365 overlapping PMIDs from the litera-
ture pool used for ProtSynGen-SFT construction.
Thus, the abstracts used as evidence for LivePro-
tQA test proteins are not directly reused in the
training literature pool.

Sequence-level homology filtering. For both
LiveProtQA and ExpertProtQA, we first export
unique benchmark protein sequences as MMseqs2
queries and unique ProtSynGen-SFT-106K training
sequences as the target database, then run MM-
seqs2 easy-search to compute the best training-
set hit for each benchmark sequence. A bench-
mark item is removed if its protein sequence has at
least 80% identity to any training sequence; other-
wise, the item is retained. Together, the temporal
cutoff, PMID-level exclusion, and 80% sequence-
identity filter control the principal question-source
and sequence-level overlap between training and
evaluation.

A.14 Evaluation Details
Pointwise scoring protocol. Each response is
judged independently on a 1–5 scale. The rubric
emphasizes two criteria: helpfulness, i.e., whether
the response addresses the question and provides
useful biological information, and factivity, i.e.,

whether the response remains consistent with the
supported protein evidence. Limited reasonable
biological inferences are allowed as long as they
remain scientifically plausible.

LLM-judge setup. Both LiveProtQA and Ex-
pertProtQA are scored by three independent LLM
judges (GPT-4o, DeepSeek-R1, Qwen3-235B).
Each judge follows the same pointwise rubric and
assigns a 1–5 score; we report the mean of the three
judges and linearly normalize it to 0–100. This de-
sign follows the broader LLM-as-a-judge literature,
which shows that strong judges can approximate
human preferences in open-ended evaluation while
also exhibiting prompt sensitivity, position bias,
verbosity bias, and other failure modes that should
be checked explicitly (Zheng et al., 2023; Liu et al.,
2023; Chiang and Lee, 2023; Stureborg et al., 2024;
Verga et al., 2024; Tan et al., 2024; Gu et al., 2025).

Human evaluation on ExpertProtQA. Expert-
ProtQA is also scored pointwise by domain experts.
To this end, we invited two biological researchers
to independently score all question-answer pairs
using the 1–5 rubric described above, with model
outputs randomized to prevent ordering bias. They
were instructed to focus on helpfulness and factiv-
ity with respect to the protein evidence, following
the same general evaluation principles as the LLM
judges. The annotation was completed within two
days, and the experts were compensated for their
work. Expert scores serve as the primary metric,
with LLM-judge scores reported as a secondary
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reference.

A.15 LLM-as-a-Judge Reliability Analysis
Because our main benchmarks rely partly on LLM-
based scoring, we further audit the judge proto-
col itself. Prior work has shown that LLM judges
can align well with human preferences on open-
ended tasks, but they may also be affected by
verbosity, position, anchoring, and prompt-format
choices (Zheng et al., 2023; Liu et al., 2023; Chi-
ang and Lee, 2023; Stureborg et al., 2024; Verga
et al., 2024; Tan et al., 2024; Gu et al., 2025).
We therefore use multiple complementary checks
rather than relying on a single judge outcome.

On ExpertProtQA, we anchor the LLM-judge
scores to human ratings and report agreement diag-
nostics in Figure 9. Across ExpertProtQA, LLM-
judge scores preserve the same model ranking as
expert scores and show strong agreement with ex-
pert evaluation (within-1 agreement 95.9%; pair-
wise direction agreement 89.4%). Let hq,s de-
note the expert score for system s on question q,
and let ŷq,s denote the mean score of the three
LLM judges. Exact agreement is the proportion of
(q, s) pairs for which round(ŷq,s) = hq,s, while
within-1 agreement is the proportion for which
|round(ŷq,s)−hq,s| ≤ 1. Pairwise direction agree-
ment is computed over all question-specific system
pairs (si, sj) with hq,si ̸= hq,sj , and measures the
proportion for which ŷq,si − ŷq,sj has the same
sign as hq,si − hq,sj . These results suggest that
the judge protocol is sufficiently aligned with the
human reference to serve as a secondary metric.

On LiveProtQA, we score each answer with
three judges and report the mean score as the pri-
mary aggregate. Figure 10 shows that model rank-
ings remain stable across judges, while the mean
and median aggregates remain closely correlated
with the individual judges. This supports the use of
the mean judge score as a stable evaluation signal
rather than relying on any single judge’s prefer-
ence.
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Figure 9: ExpertProtQA judge reliability anchored to
human ratings. The LLM judges preserve the human
ranking and achieve high agreement with expert scores.

Figure 11 examines whether judge scores are
driven by superficial response features. We find
that judge sensitivity to answer length and ques-
tion length is limited after aggregation, while score
patterns across reasoning types and topics remain
interpretable rather than erratic. This analysis is
not meant to claim complete judge invariance, but
to show that the reported main conclusions are not
explained by a single obvious surface bias.
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Figure 10: LiveProtQA scores are stable across judges.
We report the mean judge score as the primary aggregate
and use the median as a robustness reference.

A.16 Ablation Significance Tests
Statistical tests. For LiveProtQA ablations, we
compare per-item paired scores against the
full ProtSynGen setting using two-sided paired
Wilcoxon signed-rank tests (n = 1,800). For Ex-
pertProtQA, we apply the same protocol on expert
scores (n = 118). We also report bootstrap 95%
confidence intervals on mean score differences us-
ing paired resampling.
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Results summary. Removing KG enrichment or
quality audit yields consistent negative deltas on
both benchmarks. On LiveProtQA, both ablations
are significant at p < 0.001 (paired Wilcoxon),
with bootstrap 95% confidence intervals exclud-
ing zero. On ExpertProtQA, both ablations reduce
expert scores by 5.08 points and are significant at
p < 0.05, again with confidence intervals exclud-
ing zero. Table 10 reports the full ExpertProtQA
ablation results.

Variant Expert Score ↑
Full 48.09
w/o KG Enrichment 43.01
w/o Quality Audit 43.01

Table 10: Ablation results on ExpertProtQA. Scores are
normalized to 0–100.

Win–loss–tie pattern. Item-level comparison
shows that the full model wins more often than each
ablated variant on all three LiveProtQA scenarios
(atomic, aggregated, complex), with the largest win
margin on complex reasoning.
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Judge Sensitivity to Length and Question Characteristics

Figure 11: Judge sensitivity to answer length, question
length, reasoning type, and topic. Mean aggregation
reduces the apparent surface-feature dependence relative
to any single judge.
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Figure 12: Ablation consistency on LiveProtQA. The
same conclusion holds across judges, reasoning scenar-
ios, and aggregate statistics, indicating that the ablation
result is not driven by a single judge.
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Pika-DS ProtSynGen-SFT

Classification & features
Translation & metabolism

Metabolic enzymes
Structure & localization
Function & localization
Ribosome & translation

Protein interactions
Host-pathogen

Enzyme roles
Hypoxia functions

29% 6.2%

24% 2.9%

19% 1.7%

11% 8.3%

0.2% 7.1%

1.9% 5.6%

0.4% 5.2%

1.8% 5.1%

5.0% 2.6%

0.3% 4.7%

1

Pika-DS ProtSynGen-SFT

Multifunctional Roles of Proteins in...
Bacterial pathogenesis
Mitochondrial energy

Metal/cofactor binding
Nucleotide metabolism

Photosynthesis and Chloroplast Biology
Microbial Metabolism Genetic Regulation and...

Bacterial Proteins Roles in Metabolic...
Protein Functions and Interactions in...
DNA Replication Repair and Genomic...

0.2% 3.7%
≤0.1% 3.4%

0.1% 3.0%

2.6% 2.2%

0.6% 2.3%

0.1% 2.3%
≤0.1% 2.2%

0.4% 2.1%
≤0.1% 2.1%

0.3% 1.7%

2

Pika-DS ProtSynGen-SFT

Subcellular localization
Role of Proteins in Membrane...

Stress Responses Pathogen Defense and...
Structure Function and Classification of...
Bacterial Cell Wall Synthesis Structure...

Lipid Metabolism Fatty Acid Biosynthesis...
Carbohydrate and Energy Metabolic Pathways

tRNA Processing Amino Acid loading...
Viral pathogenesis and Host interaction

Redox Reactions Heme Biosynthesis and...

1.2% 1.7%

0.3% 1.5%
≤0.1% 1.4%
≤0.1% 1.4%
≤0.1% 1.3%
≤0.1% 1.3%
≤0.1% 1.2%

1.2%
≤0.1% 1.1%
≤0.1% 1.1%

3

Pika-DS ProtSynGen-SFT

Transcriptional Regulation and Gene Expression...
Cell Cycle Regulation Division and...

Methylation Processes Epigenetic Regulation and...
Protein Classification Properties and Functional...

Enzymatic Roles in Amino Acid...
Nitrogen Metabolism and Urea Cycle...

Protein homeostasis Folding Quality Control...
Isoprenoid Cofactor and Vitamin Biosynthetic...

Neuroactive Proteins and Toxins in...
Fungal Biology Pathogenesis and Host...

≤0.1% 1.1%
≤0.1% 1.0%
≤0.1% 0.9%

0.9%
≤0.1% 0.8%
≤0.1% 0.8%
≤0.1% 0.8%
≤0.1% 0.8%
≤0.1% 0.7%

0.6%

4

Pika-DS ProtSynGen-SFT

Zinc-Binding Proteins and Metal-Regulated Biological...
Nucleotide Biosynthesis Metabolism and Pyrimidine/Purine...

Protein Modifications Interactions and Alternative...
Cellular Signaling Pathways and Regulatory...

Glycosylation Glycoprotein Synthesis and Carbohydrate...
Reproductive biology and Gametogenesis

Protein Roles in Arthropod Biology...
Cellular Adhesion and Signaling

Role of Proteins in Muscle...
Enzymatic Roles in Metabolic Pathways...

≤0.1% 0.6%

0.6%

0.6%
≤0.1% 0.5%
≤0.1% 0.5%

0.4%

0.3%

0.3%

0.3%
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Topic Proportions in Matched 10K Labeled Instruction Samples

Cell values denote the percentage of instructions assigned to each topic within the corresponding 10K sample.

Figure 8: Full 50-topic proportions for matched 10K instruction samples from Pika-DS and ProtSynGen-SFT. Cell
values denote topic shares within each dataset sample.
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B Prompt Library

This appendix visualizes the main prompt templates used in the implemented ProtSynGen pipeline. Long
few-shot demonstrations are replaced by Case placeholders for readability.
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