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Abstract

The advent of single-cell RNA sequencing has
enabled unprecedented resolution of cell fate
decisions and regulatory mechanisms during
peri-implantation human embryogenesis, in
which accurate cell type annotation is a funda-
mental prerequisite and the first step for subse-
quent fate and mechanism inference. Large lan-
guage models (LLMs) have demonstrated out-
standing performance in various fields. How-
ever, current studies mostly rely on traditional
methods and have not explored the applica-
tion of LLMs in the field of human embryonic
cell annotation. The main reason is the lack
of instruction tuning datasets and evaluation
benchmarks. In this paper, we proposed Em-
CellLLM, the first open sourced LLMs that are
specialized for human embryonic cell type pre-
diction task based on fine-tuning Qwen3-8B
with EmCell4Instruction, the first embryonic
cell type prediction instruction dataset. To sup-
port LLM instruction tuning, we also build Em-
CellBench, the first benchmark for evaluating
human embryonic cell type prediction ability of
LLMs. We compare our models with a variety
of LLMs on EmCellBench, where our model
outperforms all other open-sourced LLMs as
well as DeepSeek.

1 Introduction

Human peri-implantation embryos (approximately
days 5-14) represent a critical developmental win-
dow in which the embryo transitions from an undif-
ferentiated state to distinct lineages while interact-
ing with the endometrium (Zhai et al., 2022; David
etal., 2023). Abnormal development during this pe-
riod is strongly associated with implantation failure,
early pregnancy loss, placental dysfunction, and
developmental origins of disease (Norwitz et al.,
2001).

Performing single-cell sequencing on the peri-
implantation stage and accurately annotating the
cells allows the resolution of lineage trajectories,

dynamic transitional states, and key regulatory net-
works at single-cell resolution, thereby reconstruct-
ing a comprehensive map of early human devel-
opment (Ostrer et al., 2006; Latham, 2023; Anger
et al., 2025). The challenges of single-cell anno-
tation in peri-implantation human embryos stem
from three main factors. (1) Human embryo sam-
ples are scarce due to ethical and practical limita-
tions, and each developmental stage contains only a
small number of cells, resulting in sparse and noisy
datasets. (Petropoulos et al., 2016; Gul and Zhang,
2025). (2) This stage is highly dynamic, with rapid
cell fate diversification and continuous, making
clear cell-type boundaries and marker-based anno-
tation difficult (Mole et al., 2021). (3) Reference at-
lases are usually constructed by integrating datasets
from multiple sources, but strong batch effects aris-
ing from different experimental protocols and se-
quencing platforms can obscure biological signals
and lead to inconsistent or inaccurate annotation
(Weatherbee et al., 2023). Accurate annotation is
therefore essential for understanding early human
development and its applications in reproductive
medicine and stem cell modeling.

Traditional embryonic cell annotation relies on
known marker genes and manual expert judgment
to identify cell types and manually assign cluster
labels which is time-consuming, hard to scale, and
limited by incomplete marker knowledge and sub-
jective interpretation (Luecken and Theis, 2019;
Cheng et al., 2023). Automated cell annotation
methods reduce manual curation by leveraging
marker-based approaches (e.g., CellMarker 2.0),
reference mapping and label transfer methods (e.g.,
Seurat, SingleR, scmap, Temporal VAE), and su-
pervised or deep learning classifiers (e.g., CellTyp-
ist, scTab, scANVI/scVI) (Hu et al., 2023; Stuart
et al., 2019; Aran et al., 2019; Kiselev et al., 2018;
Liu et al., 2025b; Dominguez Conde et al., 2022;
Fischer et al., 2024; Lopez et al., 2018; Xu et al.,
2021a). These methods assign cell identities by
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mapping query data to reference atlases or learn-
ing expression—label relationships. While effec-
tive for well-characterized cell types, their perfor-
mance depends on reference coverage and annota-
tion consistency and is sensitive to batch effects and
cross-dataset variation (Cheng et al., 2023; Zhao
et al., 2025). In human embryogenesis, where cell
states are continuous and reference atlases inte-
grated from multiple sources and incomplete, these
methods often fail to resolve rare populations, lead-
ing to misannotation or low-confidence predictions.

LLM-based automated cell annotation methods
have advanced rapidly in recent years, with the
core idea of transforming single-cell transcriptomic
data into representations that can be processed by
LLMs (Hou and Ji, 2024). For example, the C2S
approach converts single-cell gene expression pro-
files into text sequences by ranking genes in de-
scending order of expression levels, enabling large
language models to directly “read” gene expres-
sion patterns. While preserving the complexity of
single-cell data, this formulation generates biolog-
ically meaningful cell representations that can be
used for downstream cell type prediction (Levine
et al., 2024).

To address the above issues, we construct the
first instruction-tuning dataset for embryonic cell
type prediction, EmCell4Instruction, to support
LLM fine-tuning, which includes a single-cell tran-
scriptome atlas integrating eight human embryo
datasets spanning developmental stages from day
3 to day 18.5. Based on this dataset, we propose
EmCellLLM, the first open-source LLM for em-
bryonic cell type prediction, which developed by
fine-tuning Qwen3-8B on EmCell4Instruction. To
systematically evaluate model performance, we fur-
ther introduce EmCellBench, a benchmark for em-
bryonic cell type annotation. Experimental results
on EmCellBench demonstrate that EmCellLLM
achieves state-of-the-art performance among open-
source LLMs, and we will release both the dataset
and the model to the public.

Our main contributions are as follows:

(1) We construct EmCell4Instruction, the first
embryonic cell type prediction instruction-tuning
dataset.

(2) We develop EmCellLLM, the first open-
sourced LL.Ms that are specialized for the embry-
onic cell type prediction task.

(3) We build EmCellBench, the first benchmark
to evaluate the embryonic cell type prediction abil-
ity of LLMs. The results on EmCellBench demon-

strate that our model overtakes other open-sourced
LLMs.

2 Related work

2.1 Cell Type Annotation

There are few studies semi-automatic or automatic
annotate human embryonic cells. Most of them
are based on traditional label transfer methods or
deep learning methods. Xu et al. (2021b) use
Seurat-based integration combined with marker
gene curation and reference-guided label transfer
for semi-automatic annotation. Zhao et al. (2025)
use Seurat-based integration and label transfer to
project query datasets onto a reference human em-
bryo atlas for cell type annotation. Temporal VAE
annotates cell types by mapping new cells into an
atlas-informed latent space and transferring labels
from nearest neighbors (Liu et al., 2025b). (Proks
et al., 2025) use deep learning models to integrate
single-cell RNA-seq data from mouse and human
pre-implantation embryos for cross-species cell
type annotation and developmental state predic-
tion. However, there is currently no open-sourced
LLM specifically designed for the annotation of
human embryonic cells.

2.2 Open Sourced Large Language Models

Significant research efforts have focused on devel-
oping open-source LL.Ms as alternatives to closed-
source models such as GPT series, with the aim
of enabling more accessible research on improving
and applying LLMs. Well-known series of open-
sourced, general-purpose language models include
LLama series (Dubey et al., 2024), DeepSeek se-
ries (Liu et al., 2025a), Qwen series (Yang et al.,
2025). There are also many open-sourced LLMs
for specific domains, including FMDLlama (Liu
et al., 2025d) for financial misinformation detec-
tion, human cell C2S LLMs (Levine et al., 2024)
for somatic cell analysis, EXTES-LLaMA (Zheng
et al., 2023) for emotional support chatbots, MeL-
LaMA for Medical Applications (Xie et al., 2024),
and ConspEmoLLM (Liu et al., 2024, 2025¢) for
conspiracy detection. In this work, we extend the
inventory of domain-specific LLMs, by developing
the first open-sourced LLM for embryonic cell type
annotation.
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Figure 1: UMAP of Human Peri-Implantation Embryonic Cells

3 Methods

3.1 Task formalization

We approach cell type detection as a generative
task, applying a generative model as a founda-
tion. This generative model is an autoregressive
language model Py(y|x), parameterized using pre-
trained weights ¢. Each task (%) is represented as a
set of context-target pairs: Dy = (qf,7);_1 9 n,»
where the context ¢ is a token sequence contain-
ing the task description, cell sentence, and query,
and r is a further token sequence containing the
answer to the query. The model is optimized based
on the training dataset, with the aim of maximizing
the objective of conditional language modeling to
improve prediction and generation performance.

3.2 Construction of instruction tuning dataset

Train Test
19652 4913

Data
Embryonic cells

Table 1: Dataset statistics. Detailed statistics of each
cell type can be found at Table 3.

3.2.1 Raw data

We build our instruction tuning dataset based on a
single-cell human embryonic cells transcriptome
atlas which integrates 8 human embryo datasets
and spanning from embryonic development day
3 to day 18.5 (Liu et al., 2025b). Among them,
data from Xiao et al. (2024), Cui et al. (2025) and
Tyser et al. (2021) all come from one in vivo human
embryo, data from Petropoulos et al. (2016) and
Mole et al. (2021) come from 88 and 16 ex vivo
embryos, and data from Xiang et al. (2020), Zhou
et al. (2019) and Liu et al. (2022) come from 42,
65 and 25 in vitro embryos, individually. Figure 1
presents the UMAP of the datasets.

3.2.2 Construction of the EmCell instruction
tuning dataset (EmCell4Instruction) and
EmCell benchmark (EmCellBench)

We use the raw dataset without batch correction
as the basis for building the instruction dataset.
We split the original data into train and test sets.
The dataset statistics are presented in Table 1. We
construct instruction-tuning data based on the tem-
plates in Table 4. One of the 15 instruction tem-
plates is randomly selected for each item to en-
hance diversity. [num_genes] represents the top K
highly expressed genes used for cell type classifica-
tion. In this paper, we set K to 200. [cell_sentence]
is obtained by converting cell expression profiles
into natural language sentences in C2S (Levine
et al., 2024), which transforms single-cell gene ex-
pression data into rank-ordered gene sequences by
expression level, enabling LLMs to effectively pro-
cess transcriptomic information while leveraging
standard transformer libraries. LLMs directly out-
put the predicted cell type as their response. Figure
2 presents examples used to fine-tune the LLM.

After constructing the instruction data. We col-
lect the train data as instruction-tuning data (Em-
Cell4Instruction) and test data as the embryonic
cells type prediction benchmark (EmCellBench),
which are used to fine-tune the LLMs and evaluate
the ability of LLMs in the embryonic cells type
prediction domain, respectively.

3.3 EmCellLLM

We built EmCellLLM by fine-tuning Qwen3-8b
(Yang et al., 2025) using the EmCell4Instruction
dataset. The models are trained based on the
AdamW optimizer (Loshchilov and Hutter, 2017)
for five epochs, using DeepSpeed (Rasley et al.,
2020) to reduce memory usage. We set the batch
size to 128. The initial learning rate is set to le-5
with a warm-up ratio of 0.1. All models are trained
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From the list of 200 gene names
sorted by decreasing expression levels in a
human cell, predict the cell type.
Cell sentence:

The genes provided are most commonly
expressed in cell type: { }

EmCellLLM

@0@@
\
[ Mesoderm J

Figure 2: An overview of instruction tuning of EmCell-
LLM

Model ACC PRE REC F1

Qwen3-8b-R 0.135 0.023 0.029 0.008
Qwen3-14b-R 0.161 0.053 0.056 0.028
Qwen3-32b-R 0.148 0.029 0.035 0.014
Qwen3-8b 0.138 0.018 0.030 0.007
Qwen3-14b 0.129 0.027 0.045 0.012
Qwen3-32b 0.120 0.034 0.046 0.019
Qwen2.5-72b 0.078 0.004 0.005 0.002
Llama3.1-8b 0.062 0.015 0.025 0.009
Llama3.3-70b 0.092 0.039 0.063 0.026
DeepSeek 0.168 0.068 0.052 0.032
C2S-Pythia-410M  0.884 0.770 0.752  0.745
EmCellLLM 0.905 0.858 0.811 0.827

Table 2: Results on EmCellBench.

on four NVIDIA L40s GPUs, each with 48GB of
memory. We compare with the domain-specific
C2S-Pythia-410M (Levine et al., 2024) cell type
prediction model, which has been trained on multi-
ple datasets from CellxGene and the Human Cell
Atlas for cell type prediction. We further continue
training based on EmCell4Instruction as the base-
line. Figure 2 provides an overview of instruction
tuning of EmCellLLM for the embryonic cell type
prediction task.

4 Experiments

4.1 Baseline models

Our extensive evaluation of open-source and pro-
prietary LLMs included the following reasoning-
focused models: Qwen3 reasoning variants (8B-
R, 14B-R, and 32B-R) (Yang et al., 2025). We
also assessed a diverse set of no-reasoning LLMs,
DeepSeek-V3.2-Chat (DeepSeek-C) (Liu et al.,
2025a), the Qwen3 no-reasoning models (8B,
14B, and 32B), Qwen2.5-72B-Instruct (Qwen72B)
(Qwen et al., 2025), Llama-3.1-8B-Instruct, and
Llama-3.3-70B-Instruct (Dubey et al., 2024). Addi-

tionally, we compare with the domain-specific C2S-
Pythia-410M cell type prediction model, which
has been trained on multiple datasets from Cel-
IxGene and the Human Cell Atlas for cell type
prediction. We further continue training based on
EmCell4Instruction as the baseline.

4.2 Evaluation methods

We uses metrics such as Accuracy, Precision, Re-
call, Macro-F1 for embryonic cell type detection
task.

4.3 Results

Table 2 presents the results on EmCellBench. From
the table, we can see EmCellLLM achieve SOTA
results among all other open-sourced LLMs, in-
cluding DeepSeek. C2S-Pythia-410M follows
closely, demonstrating the effectiveness of the
instruction-tuning approach. Other open-source
general-purpose LLMs perform poorly, likely be-
cause they lack domain-specific understanding and
require further training to acquire such knowledge.
Reasoning models of the same size perform slightly
better than their non reasoning counterparts such
as the Qwen3 series, indicating that reasoning pro-
vides an advantage when handling unseen and com-
plex knowledge tasks. Larger models generally
achieve better performance, and among the un-
trained models, DeepSeek performs the best, sug-
gesting that models with more parameters tend to
possess richer knowledge and stronger overall ca-
pabilities.

5 Conclusion

In this paper, we propose EmCellLLM, the first
LLM for embryonic cell annotation. We also
construct an embryonic cell prediction instruction
dataset (EmCell4Instruction) and an evaluation
benchmark (EmCellBench). We conduct a com-
prehensive analysis of the performance of EmCel-
ILLM, as well as a variety of LLMs on the Em-
CellBench benchmark. The results indicate that
EmCellBench performs exceptionally well in the
embryonic cell annotation task, achieving SOTA
compared to the other open-sourced LLMs.

In the future, we aim to augment the Em-
Cell4Instruction and EmCellBench datasets by col-
lecting a more comprehensive single-cell sequenc-
ing atlas of human embryonic development, which
can help further improve the EmCellLLM and eval-
uate the embryonic cell annotation ability of LLMs
more comprehensively.
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Limitations

The potential limitations of our work may be sum-
marized as follows:

Due to restricted computational resources, we
only carried out instruction-tuning/evaluation of
the task using 8b/14b/32b/70b/72b LLMs. As such,
we have not considered the impact of using larger
models on the Embryonic cell type prediction task.

Due to the scarcity and limited temporal cover-
age of in vivo human embryo data, we integrate ex
vivo and in vitro datasets to increase diversity and
scale, but these remain less ideal than in vivo data
due to potential domain shifts and batch effects.

While our dataset covers embryonic stages from
day 3 to day 18.5, spanning the peri-implantation
period, extending it to include the full develop-
mental trajectory from day O to birth would enable
the construction of a more comprehensive human
embryonic atlas and improve the robustness and
generalizability of annotation models.
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A Data Details

Table 3 presents the statistics of each cell type.
Table 4 shows the instruction templates for Em-
Cell4Instruction and EmCellBench.

B Error Analysis

Figure 3 presents the confusion matrix of EmCell-
LLM on EmCellBench. The confusion matrix re-
veals the misclassification among several cell types.
For example, Gast/PS cells are predominantly pre-
dicted as Endoderm. This pattern is likely because
of the extremely small training sample size (only 4
cells) prevents the model from learning robust class-
specific features. Additionally, EPL.PrE.INT cells
are dispersed across multiple predicted classes, in-
cluding Epiblast, Primitive Endoderm, and Tro-
phectoderm. EPLPrE.INT cells is labeled as a mix
cell population in training data which including
Epiblast, Primitive Endoderm, and intermediate
cells. Therefore, it’s it is reasonable to predict Epi-
blast as Primitive Endoderm. However, as there are
only 12 cells used to train model, model did not
receive sufficient information for training causing
a part of cells were mislabeled as Trophectoderm.
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Cell Type Full Name Train  Test
8 cell 8-cell stage embryo 50 14
AM.EXE.Meso Amnion-associated Extraembryonic Mesoderm 1 35
Advanced Mesoderm Advanced Mesoderm 129 0
Amnion Amnion 239 60
Axial Mesoderm Axial Mesoderm 18 5
Cocultured Ishikawa cell Cocultured Ishikawa cells 31 12
Connecting stalk Connecting stalk 160 34
Cytotrophoblast Cytotrophoblast 868 216
DE/VE Definitive Endoderm / Visceral Endoderm 106 21
EPLPrE.INT Epiblast-Primitive Endoderm Intermediate 12 4
Em/EXE.Meso Embryonic / Extraembryonic Mesoderm 137 45
Emergent Mesoderm Emergent Mesoderm 139 46
Endoderm Endoderm 290 77
Epi/Ecto Epiblast / Ectoderm 54 17
Epiblast Epiblast 956 228
Erythroblast Erythroblast 29 3
Erythroblast Erythroblast 226 64
ExE Mesoderm Extraembryonic Mesoderm 70 13
Extravillous Cytotrophoblast Extravillous Cytotrophoblast 37 3
Gast/PS Gastrulation / Primitive Streak 4 2
Haemato-endothelial Progenitor Haemato-endothelial progenitor 995 265
Hypoblast Hypoblast 171 31
Inner cell mass Inner Cell Mass 81 15
MIX Mixed population 31 8
MTE Mural Trophectoderm 111 23
MTEI1 Mural Trophectoderm subtype 1 229 46
MTE2 Mural Trophectoderm subtype 2 35 4
MTE3 Mural Trophectoderm subtype 3 59 12
Mesoderm Mesoderm 52 12
Morula Morula 132 29
Nascent Mesoderm Nascent Mesoderm 74 24
Non-Neural Ectoderm Non-neural ectoderm 21 8
Not applicable Not applicable 75 21
Notochord Notochord 213 68
PSA-EPI Post-implantation Stage Epiblast 37 7
Polar TE Polar Trophectoderm 164 51
Prelineage Pre-lineage stage 86 20
Primitive Endoderm Primitive Endoderm 181 65
Primitive Streak Primitive Streak 293 60
Syncytiotrophoblast Syncytiotrophoblast 2600 655
Trophectoderm Trophectoderm 5085 1248
Visceral Endoderm Visceral Endoderm 378 76
YS.DE/VE Yolk Sac Definitive Endoderm / Visceral Endoderm 1156 242
YS.EXE.Em/EXE.Meso Yolk Sac Embryonic / Extraembryonic Mesoderm 995 242
YS.EXE.Meso-A Yolk Sac Extraembryonic Mesoderm subtype A 1151 303
YS.EXE.Meso-B Yolk Sac Extraembryonic Mesoderm subtype B 615 169
YS.Endo Yolk Sac Endoderm 1076 310
Total 19652 4913

Table 3: Detailed statistics of each cell type.
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Instruction Template

(1) The following is a list of {num_genes} gene names ordered by descending expression level in a human cell. Your task is
to give the cell type which this cell belongs to based on its gene expression. Cell sentence: {cell_sentence}. The cell type
corresponding to these genes is:

(2) Below is a list of {num_genes} gene names in order of descending expression level from a human cell. Based on this, predict
what the cell type of this cell is. Cell sentence: {cell_sentence}. These genes are most likely associated with cell type:

(3) Given the list of {num_genes} gene names ordered by descending expression level from a human cell, identify the cell type.
Cell sentence: {cell_sentence}. The probable cell type for these genes is:

(4) Analyze the following list of {num_genes} genes sorted by decreasing expression levels in a human cell and determine its
cell type. Cell sentence: {cell_sentence}. Based on these genes, the corresponding cell type is:

(5) From the list of {num_genes} gene names ordered by decreasing expression level in a human cell, infer the cell type of the
cell. Cell sentence: {cell_sentence}. These genes suggest the cell type is most likely:

(6) The {num_genes} gene names below are listed by descending expression level in a human cell. Predict the cell type based on
this information. Cell sentence: {cell_sentence}. These genes are indicative of cell type:

(7) Below is a list of {num_genes} gene names sorted by descending expression in a human cell. Determine the cell type of this
cell from its expressed genes. Cell sentence: {cell_sentence}. The associated cell type for these genes appears to be:

(8) The following list contains {num_genes} gene names ordered by descending expression level in a human cell. Deduce the
cell type based on this. Cell sentence: {cell_sentence}. These genes typically correspond to cell type:

(9) Here is a list of {num_genes} genes in order of descending expression level from a human cell. Identify the cell type of this
cell based on this information. Cell sentence: {cell_sentence}. The expected cell type based on these genes is:

(10) Examine the list of {num_genes} gene names sorted by decreasing expression in a human cell, and from this, identify its
cell type. Cell sentence: {cell_sentence}. These genes are commonly found in cell type:

(11) The {num_genes} gene names below are arranged by descending expression level in a human cell. Determine the cell type
of this cell. Cell sentence: {cell_sentence}. The cell type that these genes are most commonly linked with is:

(12) Here is a list of {num_genes} genes ordered by expression level in a human cell. Based on this information, identify the cell
type. Cell sentence: {cell_sentence}. Based on the expression levels, the cell type would likely be:

(13) From the list of {num_genes} gene names sorted by decreasing expression levels in a human cell, predict the cell type. Cell
sentence: {cell_sentence}. The genes provided are most commonly expressed in cell type:

(14) Below is a list of {num_genes} genes ordered by descending expression in a human cell. Use this information to determine
the cell type. Cell sentence: {cell_sentence}. These genes suggest the cell type is most likely:

(15) The {num_genes} gene names below are listed by descending expression levels in a human cell. Based on this, predict the
cell type. Cell sentence: {cell_sentence}. The cell type corresponding to these genes is:

Table 4: Instructions used for EmCell4Instruction and EmCellBench.
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Figure 3: Confusion matrix of EmCellLLM on EmCellBench.
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