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Abstract

Classes, as fundamental elements of Computer Vision, have
been extensively studied within incremental learning frame-
works. In contrast, tokens, which play essential roles in many
research fields, exhibit similar characteristics of growth, yet
investigations into their incremental learning remain signif-
icantly scarce. This research gap primarily stems from the
holistic nature of tokens in language, which imposes signifi-
cant challenges on the design of incremental learning frame-
works for them. To overcome this obstacle, in this work, we
turn to a type of token, gene, for a large-scale biological
dataset—single-cell transcriptomics—to formulate a pipeline
for gene incremental learning and establish corresponding
evaluations. We found that the forgetting problem also exists
in gene incremental learning, thus we adapted existing class
incremental learning methods to mitigate the forgetting of
genes. Through extensive experiments, we demonstrated the
soundness of our framework design and evaluations, as well
as the effectiveness of our method adaptations. Finally, we
provide a complete benchmark for gene incremental learning
in single-cell transcriptomics.

Introduction

The class of an object serves as a foundational concept in
Computer Vision. It is observed that the number of classes
often increases due to factors such as the discovery of new
species in the natural world and the assignment of novel
class labels to recently developed objects. In response, the
Class Incremental Learning (CIL) framework has been in-
troduced to evaluate a model’s ability to continuously learn
new classes (Wu et al. 2019; Zhang et al. 2020; Masana et al.
2022). The pipeline for this framework is illustrated in Fig-
ure 1(a). Initially, the model trains on images from specific
classes, i.e., “cat” and “dog”. Subsequent stages of training
focus exclusively on datasets containing new classes, such
as “deer” and “bird”, ensuring that samples from previous
classes remain inaccessible during these stages. Evaluations
will be performed across all seen classes until the current
stage. Considering the specified framework, extensive stud-
ies highlight catastrophic forgetting of previous classes as
the crucial challenge in Class Incremental Learning. To mit-
igate such forgetting, methods designed on data replay (Zhu
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Figure 1: Illustrations of (a) Class Incremental Learning
(CIL) framework and (b) our proposed Gene Incremental
Learning (GIL) framework. In CIL, the given classes are ex-
clusive at each stage, and classification accuracy is tested
across all previously seen classes. In GIL, b;,7 = 1,2, 3,...
denote the base tokens given in every stage, while 7% =
{t*} represents the set of specific tokens to be learned in
stage ¢. For evaluation, regression refers to the token-wise
regression loss, and 7'*-based classification denotes per-
forming the classification on the specific downstream dataset
where the token set 7% is crucial.

etal. 2021; Hu et al. 2021) and knowledge distillation (Dong
et al. 2021; Kang, Park, and Han 2022) have been exten-
sively proposed and explored.

Similarly, tokens, crucial elements for many fields (Pen-
nington, Socher, and Manning 2014; Cui et al. 2024; Hao
et al. 2024), also exhibit growth characteristics like classes.



For example, in natural language processing, where tokens
represent words, the continual invention of new words leads
to an expansion of the vocabulary (Lehrer 2003). Like-
wise, in the biological field of single-cell transcriptomics,
where tokens represent genes, new genes are continually
discovered due to advancements in measurement technolo-
gies (Karaayvaz et al. 2018; AlJanahi, Danielsen, and Dun-
bar 2018), contributing to the expansion of the gene pool.
Thus, incremental learning for tokens has practical signifi-
cance. However, this framework has been consistently over-
looked, primarily due to the challenges in defining it within
the holistic nature of language data. For example, if we apply
the settings of CIL to divide different words into different
stages, e.g., the word “learning” no longer appears in one
stage, it becomes impractical to either collect texts that do
not contain the word “learning”, which would significantly
reduce the amount of data, or just remove the word “learn-
ing” from existing texts, which would change the original
meaning. Moreover, these difficulties become significantly
exacerbated when multiple works need to be excluded.

Fortunately, the challenge mentioned earlier does not ex-
ist in single-cell transcriptomics (simplified as transcrip-
tomics) (Tang et al. 2009), allowing us to design the gene in-
cremental learning framework to address the increase of new
genes. In transcriptomics, genes are viewed as tokens, simi-
lar to words, and each sample consists of a sequence of gene
expression values, analogous to a sentence, and the main-
stream models in this field are based on Transformers (Cui
et al. 2024). Unlike the holistic nature of language, transcrip-
tomic data lacks relative orders among genes, allowing for
straightforward division and rearrangement of genes in dif-
ferent incremental stages to establish an incremental frame-
work. Therefore, we design the Gene Incremental Learning
(GIL) framework for transcriptomics with the following de-
tails: As shown in Figure 1(b), we maintain some genes as
base genes, which is essential for rendering samples mean-
ingful under transcriptomic contexts. Then, we divide the
remaining genes into various stages, ensuring they are mu-
tually exclusive across stages. For example, in stage one, the
samples contain base genes and genes t°!, while in stage
two, models can only see base genes and genes ¢°2. Evalu-
ations will be performed across all seen genes until the cur-
rent stage. This framework effectively constructs a pipeline
for Gene Incremental Learning and enables the assessment
of the model’s ability to continually learn new genes.

In addition, we propose comprehensive evaluations for
Gene Incremental Learning. First, we introduce a gene-wise
regression metric that directly assesses model forgetting for
previous genes. Second, as shown in Figure 1(b), we propose
a gene-based classification evaluation, where specific genes
are selected for each stage, whose learning is crucial for
the corresponding downstream classification datasets. This
means learning for such genes in a stage will make the model
perform better in the downstream classifications associated
with that stage. Utilizing these datasets allows us to use clas-
sification accuracy to demonstrate whether genes have been
memorized or forgotten. Furthermore, to mitigate gene for-
getting, we have adopted several fundamental CIL methods
to establish the baseline methods for GIL. Through extensive
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experiments, we validate the rationality of our Gene Incre-
mental Learning framework, the consistency of our evalua-
tion methods, and the effectiveness of our adapted methods.
Ultimately, we present a straightforward yet comprehensive
benchmark for Gene Incremental Learning for single-cell
transcriptomics.

We summarize our main contributions as the following
three aspects:

1. We thoroughly define the Gene Incremental Learn-
ing framework, using single-cell transcriptomic datasets,
which addresses the research gap in incremental learning
in the context of the continuous growth of genes.

2. We propose the evaluations for Gene Incremental Learn-
ing by introducing a gene-wise regression and gene-
based classification to facilitate a thorough assessment of
gene learning and forgetting within the GIL framework.

3. We adapt existing Class Incremental Learning methods
to the GIL and validate the effectiveness of the adap-
tations through extensive experiments. Finally, we in-
troduce a comprehensive Gene Incremental Learning
benchmark for single-cell transcriptomics.

Related Works
Class Incremental Learning

Class Incremental Learning (CIL) (Chen and Liu 2018;
Pentina 2016) , also known as lifelong learning (Silver
and Mercer 2002; Silver, Yang, and Li 2013) or contin-
ual learning (Shi et al. 2024; De Lange et al. 2021), is in-
spired by the continual learning pattern observed in human
brains (Constantinescu, O’Reilly, and Behrens 2016; Mc-
Caffary 2021). It involves training models sequentially on
a series of classes while maintaining overall performance
on all seen classes. Researchers have identified catastrophic
forgetting as the major challenge for CIL (Goodfellow et al.
2013; McCloskey and Cohen 1989). To address this issue,
two main camps of methods have been proposed: 1). Data
replay (Castro et al. 2018; Hou et al. 2019; Zhao et al. 2020)
demonstrates strong resistance to forgetting by storing ex-
emplars of old classes. 2). Knowledge distillation (Hinton
2015; Rebuffi et al. 2017) retains model behavior by learn-
ing the outputs or features of the old models.

In addition to classic CIL, incremental learning also en-
compasses Task Incremental Learning (Qin and Joty 2022;
Ke and Liu 2022) and Domain Incremental Learning (Lu
et al. 2018), which divide tasks or different distributions
of data into different incremental stages, respectively. How-
ever, these incremental learning frameworks are mainly fo-
cused on the increase of class or data, but do not discuss
tokens. In this work, we follow the CIL settings, leverag-
ing single-cell transcriptomic data, to define the Gene Incre-
mental Learning, which is fundamentally different from the
traditional incremental frameworks.

Single-Cell Transcriptomics

Single-cell transcriptomics, also known as single-cell RNA
sequencing (i.e., scRNA-seq), was initially developed by the
Surani Lab (Tang et al. 2009). Additionally, the landscape of



computational tools and public data repositories for scRNA-
seq has rapidly expanded (Voigt et al. 2021; Kharchenko
2021). Today, scRNA-seq is extensively utilized in human
health research, primarily to characterize cell types across
various organs (Ramachandran et al. 2020; Gustafsson and
Johansson 2022) or clarify temporal processes such as hu-
man tissue development (Olaniru et al. 2023; Collin et al.
2021).

As genes can be viewed as tokens, researchers have ap-
plied NLP methods to transcriptomics, particularly using
Transformers as feature extractors. scBERT (Yang et al.
2022) was a pioneer in proposing a single-cell pre-training
framework utilizing Transformers. Subsequent studies have
focused on increasing the data volume (Cui et al. 2024), ex-
panding dataset diversity (Yang et al. 2023), and modify-
ing Transformer architectures (Hao et al. 2024; Theodoris
et al. 2023). However, researchers have overlooked the po-
tential of transcriptomics to pioneer token learning. Leverag-
ing the properties of the transcriptomic dataset, we have suc-
cessfully divided tokens and defined the Token Incremental
Learning framework.

Method

Gene Learning in Transcriptomics

In single-cell transcriptomics, given the sample (x,v) =
(t1,t2,...,t;;v1,v9,...,v;), Wwhere & denotes genes and v
denotes corresponding expression values, the gene learning
strategy can be realized by masked value prediction (Yang
et al. 2022, 2023) under a self-supervised framework. De-
fine the training set as D= {x;, v;} ;, and the output is the
predictions for the masked values. Then, the loss function
can be written as:

N
1 .
Etran(Da ¢) = N ZZ Hvij - Uin2 5

i=1 j

ey

where ©;; represents the corresponding predicted values,
v;; denotes the ground-truth value for j-th masked value
in v; and v; denotes the masked input values. We will fur-
ther elaborate on the value prediction process by Eq. (4) to
Eq. (6), to demonstrate that learning the values associated
with genes is equivalent to learning the genes themselves.

Gene Incremental Learning Formulation

Revisit Class Incremental Learning (CIL). CIL is de-
signed to enable the models to progressively learn new
classes, naturally introducing the concept of stages S =
(s1,82,. .., Sn). Ineach stage, the model should learn differ-
ent classes and thus CIL separates all classes Y into different
stages Y = (Y51 Y52 ... V) whereY = Y1 UY*2 U
-+ U Y*" and the classes designated to different stages are
disjoint, i.e., Y NY® = &,i # j,4,7 =1,2,...,n. Since
each class corresponds to specific samples in the classifi-
cation dataset D, distributing classes across various stages
effectively partitions the dataset D = (D*1,D*2,..., D),
where D% ={(z,y),y € Y°*},k=1,2,...,n.

The ultimate goal of CIL is to continually build a classifi-
cation model for all seen classes. In other words, the model
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should not only learn classes from the current datasets but
also preserve the classification ability learned from former
datasets. Formally the objective function for the model ¢ in
stage k is usually written as:

Lows, = L(D%*,¢) + LUV D ¢), (@

where L£(D?®*, ¢) represents the loss for the current dataset,
designed to evaluate the classification ability of classes Y %%.

The term L(Uf;ll D ¢) quantifies the risk of model ¢
when performing previous datasets. Due to the invisibility of
previous data, this term cannot be directly computed. Thus,
it is typically implemented as an approximate constraint,
such as mimicking the optimal model in the last stage ¢, |,
which approximately reflects the former data distributions.

A good CIL model that minimizes Eq. (2) for every stage
finally demonstrates discriminability across all classes,
thereby fulfilling the initial goal for CIL.

Gene Incremental Learning (GIL). Inspired by the for-
mulation of CIL, we define the Gene Incremental Learning
framework, where our motivation is to enable the model to
continuously learn genes in the context of single-cell tran-
scriptomics. Although the transcriptomic data avoids the
holistic nature of language when designing the incremen-
tal framework, there remain two significant challenges com-
pared to CIL. First, unlike the direct correspondence be-
tween classes and samples, genes and samples do not align;
each sample consists of all genes and their expression val-
ues, and thus dividing genes into different stages does not
automatically partition datasets. Second, there is a signifi-
cant difference in the roles of genes and classes; a class can
represent the meaning of a sample as a standalone unit, while
a gene and its value, being a single component of the sample,
lacks the ability to express the sample’s overall meaning.

To address the above challenges, we propose the sep-
arate partitioning of datasets and genes, along with a
base gene mechanism. To be specific, given a dataset
D and a gene set T, we partition both of them into
different stages: D = (D*,D*®2,...,D*) and T
((B,T*),(B,T*2),...,(B,T*")). Here, some genes are
designated as base genes B, which consistently appear in
each stage, while the remaining genes are specifically as-
signed to different stages such that 7% NT% =@, i # j and
T =BUT**UT* U---UT*". The base gene mechanism
enables valid gene learning in each stage, reducing the risk
of constructing meaningless samples with insufficient genes.
For stage k, as shown in Figure 1, the dataset is represented
as D% = {(by,ba,...,t1,ta,.. .)j}, b; € B,t; € T*¢. In
transcriptomics, values and genes correspond one-to-one.
Thus, when genes are determined in each stage, the asso-
ciated values are correspondingly divided, thereby we omit
the notation of values here. Following Eq. (2), the GIL ob-
jective function for model ¢ in stage k is defined as:

k—1
Lows, = LD, T, ¢) + > L(D*,T*,¢),

i=1

3)

where L(D*®*, T** ¢) represents the loss associated with the
current dataset, which can be implemented by Eq. (1). The
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Figure 2: Illustrations of baseline methods for GIL in stage k, where we use £ = 2 as an example, and the samples from stage
2 are in yellow background. (a) The baseline shows the masked token prediction loss formulated in Eq. (1). init denotes that
the current model ¢, is initialized by the previous optimal model ¢3, (b) Data Replay shows that some previous samples (with
a green background) are maintained for training in the current stage. (c) Token Distillation shows how the previous optimal
model distills knowledge through base token regression, which is formulated in Eq. (10).

second term also cannot be explicitly calculated and it is es-
timated to ensure performance across all seen genes. Note
that both gene and dataset partitions could be randomized;
alternatively, the partitioning of genes can follow a specific
order. For example, we deliberately selected genes, which
are crucial for downstream datasets, and assigned them to
different stages to align the downstream datasets with stages
for our proposed evaluation.

Incremental Learning Method Adaptations

To establish a comprehensive benchmark for our proposed
Gene Incremental Learning, we draw inspiration from the
methodologies of CIL, adapting several baseline methods to
provide foundational directions for this field. For better for-
mulation, we first provide a detailed explanation of feature
extraction for genes in transcriptomics. Assume that the cur-
rent stage is k, for a transcriptomic dataset D°*, the input
is (x,v) and the gene feature extraction process could be
formulated as:

e =Ey(x) + 0L 4, 4)
e’ =My(e), 5)
v = 6/L2)¢, (6)

where v is masked values v, ¥ is the predicted values, E4
is gene embeddings layer, L; 4 € R'*? is a linear layer
that encodes the values into embeddings, Ly 4 € R4*! s a
linear layer to predict masked values from encoded features,
d is the hidden dimension, My, is the backbone, which is
usually implemented as Transformers. According to Eq. (4),
genes are bound to corresponding values, demonstrating
learning values are indeed learning genes as we mentioned.

Baseline and Oracle. As shown in Figure 2(a), our baseline
is defined as optimizing the model only using the current
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dataset D°* for learning 7°* at stage k, while ignoring the
second term in Eq. (3). The loss can be written as:

»Cbase,sk = Etran(DSk 3 ¢) (7)
Here we omit the input 7°* as formulated in Eq. (3) because
Tk is already bound to D** based on our GIL design. Note
that the parameters ¢ at each stage are initialized with the
optimal parameters trained from the previous stage. Unless
otherwise specified, we assume £ > 1 because stage one can
only take the baseline training.
To establish an upper bound for reference, we train the
model on all datasets {D% }"_, derived from GIL splits, as
the oracle method:

»Coracle - Z »Ctran(DSi 3 (b) (8)
=1

The oracle is expected to provide the best global perfor-
mance across all genes, while for specific genes at a given
stage, the performance may not exceed that of the baseline.

Gene Replay. A mainstream method in CIL leverages the
incremental settings by retaining a subset of samples from
previous datasets for current training, referred as data replay,
and in our GIL framework, the gene replay strategy could
also be implemented as data replay. Some advanced methods
are proposed such as dataset condensation (Mitra, Murthy,
and Pal 2000) to further improve the performance. To pro-
vide a basic reference for our GIL benchmark, we evaluate
the native implementation:

k—1
£dr,sk = ACtrzm (,Dék ) ¢) + Z Etran (Dg;> )7

i=1

9

where Dgr" C D% is a subset for previous dataset D%, and
the training pipeline in stage k is shown in Figure 2(b).



Gene Distillation. Another method in CIL involves distill-
ing knowledge from the previous model, which assumes old
models can represent the current sample by old classes. In
GIL, we adapt the class distillation to gene distillation, as
shown in Figure 2(c). According to Eq. (1), we have:

Ny
1 . Ly
ﬁfd,sk:m > O lvij =i P+ 9 =95, 117), (10)
i=1 j

where N}, denotes the number of samples in this stage, 0;; is
the prediction for the masked values, v; | denotes the out-
put derived from the optimal model ¢, | in the last stage, A
is the coefficient for distillation. Note that the specific genes
for the current stage are removed from the second term in
the implementation due to ¢3, . do not have the ability to

predict the unseen genes.

Evaluations

Gene-wise Regression. The most straightforward method
to evaluate gene learning is using masked gene prediction
loss in Eq. (1). As multiple genes are learned in a single
stage, we average the performance across all genes learned
specifically in that stage. For stage k, we have:

Eregres&,sk = E[Z ||'Uzk - '{};kk”2]7 tir € TSka (11)
k

where 97, is the predicted masked values by the optimal
model trained in the current stage ¢7, , v;x is the expression
value of its corresponding gene t;, and T°* denotes the set
of learned specific genes in stage k.

Gene-based Classification. The above evaluation might not
provide a universally comparable measure due to variations
in different datasets and value scales. Therefore we de-
sign gene-based classification as another evaluation for GIL.
Specifically, we identified some crucial genes for different
downstream transcriptomics classification tasks and divided
these genes into different stages. Then, at each stage, we
can assess the gene performance through the correspond-
ing downstream task. For example, for a downstream dataset
Dy, , where T°* is crucial for its classification, we learn 7'
at stage one and then measure how well the model retains
T** through tests on Dy, in the following stages. The down-
stream classification loss is written as:

1 .
ﬁclass,sk = W Z —Y; -logp(eék )7 (12)
k=1

where Ny, is the number of samples in downstream dataset
D, yi is the one-hot class label, L is a trainable linear layer
to project the feature into class space and e’ is the extracted
feature by the optimal model ¢, , formulated in Eq. (4) and
Eq. (5), which is frozen to only extract gene features.

Experiment
Dataset

In this paper, we leveraged the data collection method out-
lined by scGPT (Cui et al. 2024), drawing from the CELLx-
GENE collection (Megill et al. 2021; Biology et al. 2023),
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which consists of human cell data characterized by gene-
expression pairs. This extensive dataset covers over 50 or-
gans and tissues such as blood and heart, derived from more
than 400 studies, providing a comprehensive view of cellu-
lar diversity within the human body. We randomly selected
906,890 samples for training and 204,871 samples for gene-
wise evaluation. We also followed scGPT (Cui et al. 2024)
to construct the gene vocabulary consisting of 60,697 genes.
For gene-based downstream classification, we collected
six transcriptomic datasets for comprehensive evaluations:
Norman (Norman et al. 2019) explores the relationship
between the set of genes expressed by a cell and its
phenotype; Lupus (Perez et al. 2022) shows an increase
in type 1 interferon-stimulated genes; Inhibitor Colitis
(ICol) (Thomas et al. 2024) reveals the interactions between
circulating T cells and epithelial cells; Adamson (Adam-
son et al. 2016) applies Perturb-seq to dissect the mam-
malian unfolded protein response; Pancreas (Panc) (Chen
et al. 2023) consolidates data from five human pancreas
studies; and Myeloid (Myel) (Cheng et al. 2021) provides a
comprehensive pan-cancer analysis of myeloid cells.

Implementation Details

To ensure consistent and fair comparisons, we configured
the same model and training parameters for all experiments.
We followed the scGPT (Cui et al. 2024) and employed a
Transformer as the feature extractor with 6 layers, 8 heads
for multi-head attention, and hidden dimensions of 256. The
experiments were conducted on an 8-NVIDIA A100 GPU
server. In the GIL training, we applied a batch size of 128,
and the Adam (Kingma 2014) optimizer with a learning rate
of 0.0005 across 5 epochs for each stage, and here a warm-
up strategy is applied in the first 5,000 iterations for all meth-
ods. We selected important genes for downstream datasets
based on their cumulative gene values calculated across all
samples in the corresponding datasets and removed dupli-
cate genes across datasets to prevent confusion.

For gene-wise evaluation, we only considered the seen
stage-specific genes in each stage and calculated the aver-
age loss across these genes. Following scGPT, the length of
the input is limited to 512, and genes are randomly selected.
Therefore, the evaluations for each trial may contain differ-
ent genes for each sample. To mitigate randomness, we con-
struct a large-scale evaluation set, and the experimental re-
sults demonstrate that gene-wise regression evaluation is sta-
ble. For gene-based classification, the GIL model was frozen
to extract features, and only a single linear layer was opti-
mized. All experiments were independently conducted three
times, and the average performance was reported. More de-
tails can be found in the Appendix.

Result Analysis

QL. Is our GIL framework and evaluation reasonable?

Al. The performance of the baseline in Table 1, Table 2,
Table 3, and Figure 3 demonstrate that, in the absence
of any knowledge-preserving methods, the model progres-
sively forgets previously learned genes. In the 2-stage GIL
settings, the performance drops by 0.279 in regression and
1.816% in downstream classification, on average, and drops



Method | Stage | Norman Lupus A | ICol Adamson A | Lupus Panc A | Avg
Baseline 1 0.172 - - 0.164 - - 0.145 - - -
2 0.424  0.134 0253 | 0496  0.137 0.333 | 0.397 0.204 0.252 | 0.279
Oracle | - | 0.173  0.136 - 10164  0.115 - ] 0145 0.206 -l -
Repla 1 0.172 - - 0.164 - - 0.146 - - -
play 2 0215  0.134 0.043 | 0200  0.124  0.036 | 0.177 0.213 0.031 | 0.037
Distill 1 0.172 - - 0.163 - - 0.147 - - -
2 0365  0.139 0.193 | 0420  0.145 0.257 | 0332 0.220 0.185 | 0.212

Table 1: Averaged regression loss for specific genes in each stage for three 2-stage GIL settings on evaluation set (Gene-wise
Regression). The three settings are Norman-Lupus, ICol-Adamson, and Lupus-Panc. The model learns crucial genes (7°°*) for
the associated dataset at each stage, thus using the name of the dataset to represent corresponding genes. A represents the
forgetting of genes learned in the previous stage (here is stage 1), as reflected by the difference in regression loss. Avg denotes
the averaged A across three GIL settings. The smaller the absolute value of A, the better, and lower regression losses for others
are preferred. The default replay number of samples is 1,000 and the default A of distillation is 5.0. “-”” denotes the result is not

applicable. Results are the mean of three independent trials.

Method | Stage | ICol Myel Panc | A
1 0.163 - - -
Baseline 2 0.452  0.263 - 0.289
3 0.498 0.290 0.192 | 0.181
Oracle | - | 0.163 0209 0.175 ] -
1 0.163 - - -
Replay 2 0.205 0.263 - 0.042
3 0.209 0.272  0.190 | 0.028
1 0.164 - - -
Distill 2 0.437 0.248 - 0.273
3 0.444 0323 0.214 | 0.177

Table 2: Averaged regression loss for specific genes at each
stage in a 3-stage GIL setting (ICol-Myel-Panc) on the eval-
uation set. Selected genes for each dataset correspond to
the specific genes at each respective stage. A denotes the
averaged forgetting for the previous genes associated with
their datasets, e.g., A in Stage 3 is calculated by ((ICol,, —
IColy, )+(Myel,, —Myel, ))/2, where the subscript denotes
the performance of the dataset at that stage. Other settings
are the same as those in Table 1.

by 0.181 in regression in the 3-stage GIL setting. This con-
firms the gene forgetting problem in GIL, justifying the ef-
fectiveness of our proposed GIL framework. Furthermore,
by comparing Table 1 and Table 3, we observe that both of
the evaluations, gene-wise regression, and gene-based clas-
sification, show declines with the increase of stages when
evaluating the baseline, indicating the consistency of our
proposed evaluations.

Q2. Are the adapted methods we used effective?

A2. In Table 1 and Table 2, we observe that both meth-
ods achieve improvements in gene-wise regression evalua-
tion across different settings, indicating that they are effec-
tive and can prevent gene forgetting. As shown in Table 4,
we also find that both methods consistently reduce gene for-
getting, and as the hyperparameters increase, better perfor-
mance is achieved, where the best performance is 0.018 and
0.154 for gene replay and gene distillation, respectively, un-
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der the selected scope of hyperparameters.

Note that, for gene replay, as the number of replayed sam-
ples increases, it degenerates into the oracle method. For
gene distillation, as A increases, the model may retain more
previous knowledge, but it could impair the learning of new
genes. For example, in Table 4, with X increasing from 0.5
to 10.0, the loss for Lupus increases from 0.134 to 0.143,
demonstrating that learning for stage 2 is gradually failing.
Q3. Why does gene distillation perform well in gene-wise
regression but poorly in gene-based classification?

A3. In Table 1, we find that the method gene distillation
achieves an average A of 0.212 outperforming the baseline
of 0.279. However, in Table 3, its average performance drop
is 2.473%, which is worse than the baseline of 1.816%. This
discrepancy indicates that gene distillation has limitations.
A possible reason is that gene distillation indeed prevents
gene forgetting on average, but degrades the features of the
genes learned by the model. This conflict highlights the ef-
fectiveness and comprehensiveness of the two evaluations
we proposed. Only methods that show consistent improve-
ments across all evaluations could be considered robust.
Q4. Why are the oracle accuracies different for the same
dataset across different settings?

A4. The reason is we removed crucial genes shared across
downstream datasets when constructing different settings, to
prevent cross-contamination of downstream classifications
between datasets. For example, in Table 1, although both the
Norman-Lupus and Lupus-Panc settings include the Lupus,
the selected crucial genes for Lupus are different and thus
induce the mentioned phenomenon.

Q5. Why have we only provided a few settings, and why is
the number of stages limited?

AS. According to our proposed gene-based classification, we
should identify genes that are crucial for each downstream
dataset. However, all transcriptomic downstream datasets
have a large amount of overlapping crucial genes. For ex-
ample, in Table 3, the baseline achieves 67.313% on Lu-
pus at the first stage because some base genes and specific
genes for Norman could help its classification. If a gene is
crucial for many datasets but is assigned to a specific stage,



Method | Stage | Norman Lupus A | ICol  Adamson A | Lupus  Panc A | Avg
Baseline 1 37.734  67.313 - 59.370  42.209 - 74451  93.542 - -
2 35590 75386 -2.144 | 56.771  43.514  -2.599 | 73.747 97.826 -0.704 | -1.816
Oracle | - | 38112 75422 - 59201 43782 - ] 74893 97913 -l -
Repla 1 37.734 67315 - 59.366  42.209 - 74.456  93.550 - -
play 2 36449  75.000 -1.285 | 57.738  43.618  -1.628 | 74.143 97.948 -0.313 | -1.075
Distill 1 37.902  67.577 - 59.367  42.209 - 74.659  93.565 - -
2 34.162 72939 -3.740 | 56.347 42480  -3.020 | 74.000 97.441 -0.659 | -2.473

Table 3: Test accuracy (%) for three 2-stage GIL settings on downstream classification datasets (Gene-based Classification).
The specific genes T+ for each stage are crucial for the associated dataset classification (e.g., in the first settings, the specific
genes in stage 1 are important for Norman classification). A represents the forgetting of genes, as reflected by the difference in
classification accuracy. The smaller the absolute value of A, the better, while higher accuracies for others are preferred. Other

settings are the same as those in Table 1.

Method | Params | Norman Lupus A
Baseline 1 0.172 N >
2 0.424 0.134 0.253
50 0.293 0.136 0.121
Replay | 10° | 0263 0138 0.091
103 0.215 0.134 0.043
104 0.190 0.133 0.018
0.5 0.420 0.134 0.248
ot 1.0 0.402 0.135 0.230
Distll 57| 0365 0139 0.193
10.0 0.326 0.143 0.154

Table 4: Averaged regression loss for ablation studies for
gene replay and gene distillation under setting Norman-
Lupus on the evaluation set. Except for the baseline method,
all other methods only report the performance for stage 2.
Params for baseline denote stages, for gene replay denotes
the numbers of replayed samples, and for the distillation de-
note coefficients A in Eq. (10). For the regression results,
smaller values are better.

the gene-based classification evaluation will fail. Thus, it is
not as straightforward as just splitting two datasets into two
stages to create a setting. In our experiment, we selected the
above effective settings through preliminary experiments to
serve as the benchmark settings for GIL, which is also one
of our contributions.

Q6. What are the key differences between CIL and GIL ac-
cording to the evaluations?

A6. The class as the label has a significant impact on classi-
fication performance, and new classes are exclusive from old
classes, leading to the forgetting problem in CIL being eas-
ily observed and intuitively reflected in the results. However,
for GIL, evaluating forgetting is more challenging. A gene is
only a small part of the input, so measuring its significance
is not obvious. For example, even if a gene is not learned,
it may not influence the downstream tasks. Even though we
construct the GIL framework and consistent evaluations, it
is still difficult to observe a significant performance drop,
as shown in Table 3, unlike CIL. Therefore, we propose the
GIL framework, evaluations, and benchmark to illustrate the
potential for this task and draw more attention to establish-
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Figure 3: Test Accuracy (%) for the 3-stage GIL setting
(ICol-Myel-Panc) on the corresponding downstream classi-
fication datasets. The crucial genes for the last dataset Panc
only learned in the last stage, thus there is no forgetting prob-
lem and we omit the results for Panc here.

ing better GIL evaluations and methods in this field.

Conclusion

In this paper, we introduce Gene Incremental Learning
(GIL), a novel framework for single-cell transcriptomics to
address the problem of the gradual growth of genes. In this
framework, we propose a series of novel designs to ad-
dress the challenges in creating the GIL framework, includ-
ing defining base genes to prevent the generation of seman-
tically meaningless samples, and designing stage-specific
gene subsets alongside corresponding datasets, thereby es-
tablishing a semantic evaluation protocol under the tran-
scriptomics settings. Through extensive experiments, we
demonstrate the rationale behind our GIL framework and
the effectiveness of the proposed evaluation protocol and
method adaptations, establishing a comprehensive bench-
mark for GIL in single-cell transcriptomics. For future work,
we will try to design specific GIL algorithms, and we also
aim to extend the framework into other token-learning fields.
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