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Abstract

those rely on accurate scRNA-seq analysis to
study cell types and disease.

Single-cell RNA sequencing (scRNA-seq) has
transformed biology by enabling the measure-
ment of gene expression across millions of in-
dividual cells, revealing cellular heterogeneity

Data and Code Availability scRNA-seq data
consist of large, sparse matrices of gene activity val-
ues across cells, ranging from 0 to large real numbers,

that underlies development, disease progres-
sion, and treatment response. This has made
scRNA-seq a central data modality in mod-
ern biology and drug discovery. Recently,
transformer-based foundation models (FMs)
have shown strong potential for scRNA-seq
analysis, but they often rely on random mask-
ing during training. Due to the extreme spar-
sity of scRNA-seq datasets, conventional uni-
form masking samples genes without consider-
ing their biological importance. In this work,
we propose Multinomial Attention Masking
(MAM), a module that learns which gene po-
sitions are most informative to mask at each
training step. We define a set of trainable
latent vectors that attend over gene embed-
dings to produce attention maps, from which a
multinomial sampler selects the highest-scoring
positions for masking. We show MAM im-
proves FMs pretraining performance and con-
sistently outperforms uniform masking on cell-
type classification tasks, while adding negligi-
ble computational overhead. Our work benefits
researchers building FMs for sparse data and

with higher values showi higher gene expression. We
used four publicly available scRNA-seq datasets span-
ning diverse tissues and conditions. To avoid data
leakage, we verified that none of these datasets were
included in the backbone model’s Hao et al. (2024)
pretraining data.

The Hematopoietic Niche dataset Ennis et al.
(2023) profiles 300K cells from 50 donors, captur-
ing heterogeneous transcriptional programs across
leukemia states. PBMOC68K Zheng et al. (2017)
contains 68K peripheral blood mononuclear cells from
healthy donors and serves as a benchmark for re-
construction, representation learning, and clustering.
The Heart dataset Knight-Schrijver et al. (2022) in-
cludes 60K single-cell profiles from human cardiac
tissue, covering major cell types and tissue hetero-
geneity. Retina Wang et al. (2022) is a joint atlas
of gene expression and chromatin accessibility from
50K+ adult human retinal cells, supporting studies
of gene regulation and ocular disease.

We released our public code repository here. !

1. https://github.com/Amir79Naziri/MAM_code
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Institutional Review Board (IRB) This re-
search use exiting public data, and does not require
IRB approval.

1. Introduction

Single-cell RNA sequencing (scRNA-seq) has revolu-
tionized our understanding of cellular heterogeneity
by measuring transcriptomes at the resolution of in-
dividual cells Kolodziejezyk et al. (2015); Saliba et al.
(2014). scRNA-seq has enabled the discovery and an-
notation of novel cell types, inference of gene regula-
tory networks, identification of rare subpopulations,
and profiling of cell-specific responses to drugs and
perturbations Van de Sande et al. (2023); Jovic et al.
(2022); Hedlund and Deng (2018).

In parallel, Transformer-based foundation models
(FMs) are large neural networks pretrained on mas-
sive unlabeled data and finetuned for diverse tasks.
Originally developed for NLP (e.g., BERT Devlin
et al. (2019), GPT-3 Brown et al. (2020)) and vi-
sion (e.g., MAE He et al. (2022)), they typically con-
sist of three core modules Patwardhan et al. (2023);
Han et al. (2023): (a) token (and positional) em-
bedding layers map discrete input units into contin-
uous vectors; (b) encoder layers aggregate and trans-
form embeddings into high-level representations; and
(¢) decoder layers reconstruct the original inputs (or
predict targets) from those representations. FMs
are typically trained with two self-supervised objec-
tives: masked language modeling, which reconstructs
a small fraction of masked tokens to learn bidirec-
tional context, and autoregressive modeling, which
predicts tokens sequentially to model the joint distri-
bution and supports generation Jaiswal et al. (2020).

Despite the success of masked and autoregressive
language modelling in natural language and vision
domains, applying these paradigms to scRNA-seq
data remains challenging. scRNA-seq data are char-
acterized by extreme sparsity (dropout), high di-
mensionality (tens of thousands of genes), and sub-
stantial technical noise Zhang et al. (2025); Imoto
et al. (2022), which complicate tasks such as cell-
type classification Erfanian et al. (2023). In masked
language modelling, uniform random masking often
selects non-informative genes with limited biological
signal. As a result, most masked positions correspond
to dropout events and non-variable genes rather than
meaningful variation, thereby reducing the model’s
learning efficiency in this domain. Consequently,
naively applying random masking when adapting new

FMs can not only fail to improve performance but
may even degrade it. In addition, because masking is
random, it is not possible to study masked genes or
the masking effects on the different modules of FMs.

Recently, self-guided Masked Autoencoders (SMA)
Xie et al. (2024) were introduced that learn domain-
agnostic masking patterns from attention maps,
which could reveal hidden structures in scRNA FMs,
and inform strategies to improve model performance.
However, SMA relies on a teacher—student setup with
high computational cost. On scRNA-seq, a single
cell’s 20 k-token sequence already exceeds typical
GPU memory budgets (Appendix Table 6). SMA
was tested on dense, low-dimensional data and does
not address the extreme zero—nonzero imbalance in
single-cell gene expression, nor does it allow analysis
of how masking affects different model components.

These limitations suggest that conventional ran-
dom masking strategies are ill-suited for scRNA-seq
data, as they fail to prioritize biologically informa-
tive genes and are dominated by dropout-driven zero
entries. Also, the implementation does not allow us
to investigate how masking information is utilized in
different parts of the model. In contrast, self-guided
masking can direct the model’s attention toward im-
portant genes and meaningful expression patterns.
This leaves us with this question:

Can we propose a lightweight and interpretable
attention-guided masking strategy that focuses on bi-
ologically important genes, and improves foundation
model pretraining on sparse scRNA-seq data?

In this work, we propose a novel Multinomial At-
tention Masking (MAM) approach, tailored to the
unique challenges of scRNA-seq data. Our method
can be summarized in three steps: (a) At each pre-
training step, latent vectors attend over gene embed-
dings, producing attention scores that identify the
most informative genes. (b) A multinomial sam-
pling procedure uses these scores to select positions to
mask, focusing reconstruction on biologically mean-
ingful variation. (c) The latent summary is then in-
jected back into the network via one of four context-
injection schemes (encoder-only, decoder-only, shared
adapter, separate adapters), enabling efficient, ro-
bust scaling of FMs on scRNA-seq data. As a re-
sult, MAM ensures that masking prioritizes genuinely
informative, variable gene expressions. By combin-
ing this with lightweight context-injection adapters,
MAM remains computationally efficient and, more
importantly, lets us test how masking signals prop-
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agate through different FM modules. Our contribu-
tions are as follows:

e We propose MAM, a dynamic and efficient
attention-guided masking method for sparse,
noisy data, and compare it against uniform ran-
dom masking.

e We introduce a context-injection scheme in
MAM and evaluate masking across four FM set-
tings on four datasets (encoder-only, decoder-
only, both, and both with separate adapters),
showing adaptability across architectures.

e We show MAM outperforms random masking in
training and improves cell type classification per-
formance.

e We use biological insights to show MAM’s ability
to select important genes.

2. Related works

Foundation models for single-cell RNA data:
Recent work has begun to translate FMs paradigm
into transcriptomics. For example, scBERT Yang
et al. (2022), an encoder-only FM, adapts the BERT
masked-language framework to gene expression by
learning contextualized embeddings of genes and
cells through token-level reconstruction on discretized
counts. scGPT Cui et al. (2024), a decoder-only
FM, learns joint embeddings of cells and genes via
masked language modeling on multi-omic single-cell
data; xTrimoGene Gong et al. (2023) exploits sparse
cross-attention to process all 20,000 genes without
manual discretization, completing that, scFoundation
Hao et al. (2024) scales to 100 M parameters by incor-
porating read-depth—aware objectives over 50 M cell
profiles. The core idea in both xTrimoGene and sc-
Foundation is skipping zero and masked tokens in en-
coder layers, which can significantly reduce the com-
puting needs without losing performance. To the best
of our knowledge, scFoundation is the only encoder-
decoder FM model in this area. All of these models
use random masking, thus it is not possible to in-
vestigate masked tokens and interpret how masking
information is utilized throughout the layers.

Autoguided masking in self-supervision: The
paper by Xie et al. (2024) introduces Self-guided
Masked Autoencoders (SMA) across image, text,
chemical-graph, and particle-physics modalities, us-
ing the model’s own early attention maps to steer

mask selection. However, SMA relies on a com-
plex teacher—student framework and was evaluated
on relatively dense, low-dimensional inputs; it does
not address the severe zero/non-zero imbalance in
scRNA-seq, where most masks still fall on uninfor-
mative zeros. The ADIOS approach Shi et al. (2022)
further couples an adversarially trained masking net-
work with a Siamese encoder to produce maximally
challenging masks, yielding strong gains on vision
benchmarks. Yet its adversarial objective and multi-
mask sampling incur substantial complexity and do
not target the sparsity characteristics of single-cell
data. Within the single-cell domain, Fang et al. Fang
et al. (2024) propose scMAE, which perturbs gene
expression via controlled shuffling and employs a lin-
ear “mask predictor” after the encoder to guide re-
construction. However, scMAE still samples masks
uniformly at random and cannot be classified as an
autoguided masking strategy.

To our knowledge, none of these self-guided mask-
ing methods are explicitly designed for the high-
dimensional, noise-prone sparsity of scRNA-seq. In
contrast, our masking method, MAM, offers a
lightweight, attention-driven mechanism that focuses
on informative genes in single-cell transcriptomes.

3. Method

We introduce a novel masking method, MAM, that
can be integrated into off-the-shelf FMs. The method
learns feature importance via learnable parameters
and incorporates a unit with a cross-attention context
injection to better handle sparse scRNA-seq data.

3.1. Latent Cross-Attention Module

We consider an input dataset of single-cell gene ex-
pression profiles. Each cell is treated as a separate
data instance, represented by a sequence of gene to-
kens. For a given cell, the input sequence is a vector
of gene expression values ordered by gene ID.

We introduce Z € RV*P= 4 trainable set of N la-
tent vectors, each of embedding dimension D,. These
latent vectors attend over input token sequences X €
B x L, where B is the batch size (number of cells) and
L is the sequence length (number of genes). Then, we
project X to Xpro; € BxLx D, using a simple, train-
able linear projection layer to make the dimensions
aligned with latents. The ultimate goal is to extract
a global summary that guides downstream masking
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decisions as depicted in Fig. 1. Formally, let:

e RVN*D: . eRP: (1)

) ZN]T

7 = [21, 22y e
We apply multi-head cross-attention with H heads,
using Z as the set of queries and X,,,; as keys and
values. To match the shape requirements of standard
multi-head attention implementations, we reshape:

C?:ZGIRNXBXDZ7 K:VZXprojeRLXBXDZ.
(2)

The cross-attention then produces:

(0, A) = CrossAttn(Q, K, V), (3)
where O € RVXBXD= (attended latent outputs) and
A € RBXHXNXL (attention weights per head).

3.2. Multinomial Attention Masking (MAM)

To find the important tokens for masking, we use
per-head attention weights. Given the raw attention
weights, A, we generate a masking pattern via a se-
quence of steps. First, we aggregate across the H
cross-attention heads by summing:

H
Spon,t = Z Ap i, where Se€ RBXNXL = (4)
h=1

This collapses the per-head weights into a single at-
tention score for each latent n and token position .
Second, to focus on a subset of latent vectors, we
randomly select R C {1,...,N}. Ouly the R la-
tents are used to drive masking, reducing noise from
less-informative latents. As noted in SMA Xie et al.
(2024), attention maps often exhibit heavy overlap.
Many queries focus on highly similar or correlated
token groups. This hinders the construction of di-
verse, informative masking patterns when all heads
or latents are used, leading to concentrated and re-
dundant masks. We aggregate the selected latents’
scores by summing to obtain token-level importance.

Sp1 = Z Sb,n,h S € RBXL (5)
neR

Matrix s measures each token’s aggregate attention
over the selected latents. We add a small constant
e > 0 (division-by-zero avoidance) and normalize:

L
, where Zpb,lzl. (6)

t=1

Spi €
Dbl = 7

Zl/zl (Sb,l’ + 8)

Finally, for each cell b, we sample k = |p x L| dis-
tinct token indices via multinomial sampling from
Db1,---,Db,L, Where p is the masking ratio. These
k tokens are masked, and all others remain visible to
both the encoder and decoder.

3.3. Cross-Attention Context Injection

To enable the latent vectors learning which token fea-
tures are most informative and explore masking infor-
mation throughout the modules, we inject the cross-
attention outputs from Eq. 3 back into the backbone
network. First, we pool O over the N latents:

N
1 Z D
Op = 7\/77,:107171772 e R ) b:l,...,B, (7)

The context vector oy is then injected into the encoder
and/or decoder streams to guide reconstruction. We
explore three injection schemes, each preceded by a
single-layer linear adapter that adapts the scale and
distribution of the context, and project o, back to the
token embedding dimension D.:

adapter(op) = Wadapt 0b + Dadapts

D.xD.. D.
Wadapt cR 5 badapt € R%e.

(8)

Here, Wadapt and bagapt are learnable parameters.
The resulting vector is broadcasted to every time step
of the chosen stream(s).

There are four different ways (Fig. 1) to perform
context injection, as follows:
(A) Encoder-only: In this case, we let the encoder
see the cross-attention and help the latents to be
trained properly. Our intuition is that the encoder
helps the latents to learn the deep contexts of the
data so they can understand which parts of the input
are more important.
(B) Decoder-only: We inject the attention output
into the decoder, enabling the latents to capture re-
construction dynamics and identify regions that are
harder to reconstruct.
(C) Encoder and decoder: We broadcast the same
adapter-transformed context into both the encoder
and decoder. This “merged” approach gives latents a
holistic view—first to identify important inputs, then
to assist reconstruction—while keeping the number of
extra parameters minimal by using a single adapter.
(D) Encoder and decoder with separate learn-
able adapters: We use two independent single-layer
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adapters for encoder injection and one for decoder in-
jection, so that each can learn a specialized transfor-
mation of the latent summary. The encoder adapter
can emphasize features that aid in representation
learning, while the decoder adapter can highlight as-
pects that improve reconstruction, without forcing a
one-size-fits-all mapping.

3.4. Self-supervised Pretraining

We train the backbone separately on each dataset
(see Section Experiments). For all datasets, we
apply a masking ratio, p, of 30% during pretrain-
ing, same as the backbone model default setup Hao
et al. (2024). This ratio is used consistently across all
methods, ensuring a fair comparison. Our attention-
driven masking dynamically selects which positions
to mask at each step, allowing the model to focus on
informative input regions while maintaining sufficient
context for learning. The random masking baseline
uses the same p and follows the same standard strat-
egy as the backbone model.

Objective: Our self-supervised loss combines a
mean-squared reconstruction term over the masked
positions with an Lo penalty on the cross-attention
outputs O:

L= Z (i‘b,t — .’L'b)t)Q + )\attn”OH%v
(b,t)yeM

M|
Aattn = 1075,

The reconstruction term forces the decoder to re-
cover masked gene expression values, while the Lo
regularization on the cross-attention outputs O serves
a dual purpose: it prevents activations from growing
without bound (avoiding representation collapse ob-
served in random masking) and encourages smoother,
less peaky attention distributions. This mathemat-
ical constraint ensures that MAM maintains high-
quality representations even when masking ”all to-
kens,” a regime that typically destabilizes uniform
random baselines.

3.5. Model

We evaluate our method on scFoundation Hao et al.
(2024), an encoder-decoder FM that allows us to sim-
ulate encoder-only and decoder-only settings within
a single backbone. This choice avoids the high com-
putational cost of pretraining multiple large models

while demonstrating that our approach is compati-
ble with different model architectures. Other popular
models, such as scBERT and scGPT, do not provide
either pretrained weights or pretraining code, making
large-scale retraining infeasible under our resources.
Since all these models rely on uniform random mask-
ing during pretraining, using scFoundation provides
a fair and practical testbed. Finally, we ensure that
all downstream datasets are disjoint from the scFoun-
dation pretraining corpus.

3.6. Training and Validation Setup

To validate our MAM algorithm, we employ a two-
stage training protocol: self-supervised pretraining
and supervised finetuning. In addition, for complete-
ness, we summarize the total compute resources and
runtime across all experiments in Appendix Table 6.

Self-supervised Pretraining Setup: In this step,
the network learns to reconstruct the masked gene ex-
pression values using the proposed attention-driven
masking. We used pretrained weights of our back-
bone Hao et al. (2024) because training from scratch
requires extensive computing resources. We experi-
mented: 1) masking all suggested tokens, and 2) via
the “80/10/10” scheme (80% mask token, 10% ran-
dom gene, 10% unchanged) on all experiments, to see
which one is more effective in our case.

Moreover, we explore four distinct context-
injection strategies. In scheme (A), the pooled cross-
attention vector is added only to the encoder. Scheme
(B) injects the same context solely into the decoder.
Scheme (C) uses a single shared adapter to broadcast
the transformed context into both the encoder and
decoder. Finally, scheme (D) employs two separate
single-layer adapters—one dedicated to the encoder
and one to the decoder—allowing each to learn its
own transformation of the latent summary. We con-
duct experiments to evaluate the effectiveness of each
of these four variants.

We train the parameters using Adam with two
learning-rate groups: LRyew = 10™% for layers intro-
duced by our method and LRpackbone = 107° for the
rest. Gradients are clipped to norm 1.0, accumulated
over five steps (effective batch = 5), and subject to
weight decay 5 x 10~%. Early stopping is applied af-
ter five epochs without validation loss improvement
(following the default pretraining hyperparameters in
the backbone’s original paper Hao et al. (2024)). For
more details, please refer to Table 3 in the Appendix.
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Figure 1: Proposed attention-driven masking and context-injection workflow. Learned latent vectors attend
to token embeddings via cross-attention (Q, K, V) to produce attention weights A and pooled
context O. A multinomial sampling of A yields the mask positions. The masked sequence is passed
through encoder and decoder layers, with O injected according to four strategies: (A) encoder-
only, (B) decoder-only, (C) both with a shared adapter, or (D) both with separate adapters.

Supervised Finetuning Setup: A lightweight clas-
sification head is added on top of the pretrained en-
coder and can be trained on different downstream
tasks. Here, we chose cell type classification as it is
an important task in bioinformatics, and the dataset
supports it. We finetune the classification of cell
types on each dataset. We append a two-layer MLP
on top of the pooled encoder output. Also, we freeze
all latents, cross-attention weights, and all adapter
layers during finetuning, as they are only responsible
for self-supervised training. We use the cross-entropy
loss function, Adam optimizer with a single learning
rate of 1 x 1074, weight decay of 5 x 10™%, and clip
gradients to the maximum norm of 1.0. Training is
carried out with accumulating gradients over 5 steps.
Models are trained with early stopping with a pa-
tience of 5 epochs based on validation loss (following
the default finetuning hyperparameters reported for
backbone Hao et al. (2024)). For more details, please
refer to Table 4 in the Appendix.

We evaluate partial finetune and Linear probing
schemes (on top of the classification head) to probe
the usefulness of the pretrained encoder. We skipped
full-finetuning due to the extensive computation re-

sources the model required. In partial finetune, train-
able parameters are: token embeddings, positional
embeddings, the last transformer block of the en-
coder, and the classification head. The frozen parts
of the model are all earlier encoder layers. On the
other hand, for linear probing, the trainable param-
eters are only the classification head, and the frozen
parts are token embeddings, positional embeddings,
and all encoder layers. It is worth mentioning that
all masking and cross-attention modules were frozen
during finetuning. This is because all those modules
are solely added to make the pretraining more ro-
bust. If we do not freeze them in the finetuning step,
it will be similar to adding extra parameters to the
classification head, which is not our goal.

Biological Evaluation: Finally, to show that our
approach MAM masks the most important genes, we
tried two biological experiments: First, we analyzed
the relation between the average of expression values
and the number of times that each gene is masked.
This can help us understand the pattern of masked
genes. Second, we attempted Gene Ontology (GO)
enrichment Thomas et al. (2022), which identifies the
biological processes of a set of genes. Using GO en-
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Table 1: Partial-finetune cell-type classification, comparing MAM (Ours) F1-score vs random masking. (FT:
finetune, P: pretraining, Orig. = original backbone weights Hao et al. (2024), all tokens: masked
all attention-suggested tokens; 80/10/10: the standard random 80/10/10 scheme, Injection: which
stream(s) received cross-attention output). Bolded numbers are the best. Results are reported
as mean =+ confidence interval over 5-fold cross-validation, with each fold held out once for testing.

Dataset Masking Injection Train F1-score
Random (80/10/10) - Orig.Hao et al. (2024) + FT 80.04 £ 0.001
Random (80/10/10) — P+FT 79.33 + 0.001
Hematopoietic MAM (all tokens) Both P+FT 80.86 £ 0.001
MAM (all tokens) Separate P+FT 81.31 £+ 0.002
MAM (all tokens) Encoder P+FT 81.10 £ 0.001
MAM (all tokens) Decoder P+FT 81.33 £ 0.002
Random (80/10/10) - Orig.Hao et al. (2024) + FT  77.62 + 0.004
Random (80/10/10) - P+FT 77.09 £ 0.005
MAM (all tokens) Both P+FT 79.02 £ 0.011
PBMCG8K MAM (all tokens) Separate P+FT 78.33 £ 0.007
MAM (all tokens) Encoder P+FT 79.58 £+ 0.009
MAM (all tokens) Decoder P+FT 78.36 £ 0.007
Random (80/10/10) - Orig.Hao et al. (2024) + FT 91.63 £ 0.004
Random (80/10/10) - P+FT 90.90 + 0.004
Heart MAM (all tokens) Both P+FT 92.37 £ 0.004
MAM (all tokens) Separate P+FT 92.31 +£ 0.005
MAM (all tokens) Encoder P+FT 92.34 £ 0.005
MAM (all tokens) Decoder P+FT 92.57 £+ 0.006
Random (80/10/10) - Orig.Hao et al. (2024) + FT 98.93 + 0.002
Random (80/10/10) - P+FT 98.33 £+ 0.002
Retina MAM (all tokens) Both P+FT 99.44 4 0.002
MAM (all tokens) Separate P+FT 98.81 £ 0.002
MAM (all tokens) Encoder P+FT 98.44 £ 0.002
MAM (all tokens) Decoder P+FT 98.92 + 0.003

richment, we can determine if the masked gene is in-
formative or not.

4. Results

Here, due to space constraints, only a subset of cell-
type classification results is shown in the main text;
full results are provided in Appendix Tables 7-13.

4.1. MAM outperforms random masking
under partial finetuning

Tables 1 compare MAM against the standard uniform
random 80/10/10 masking under both partial fine-
tuning (FT). Here, P, FT denote pretraining and fine-
tuning, and pretraining with finetuning respectively.
Here, MAM consistently outperforms random mask-
ing on all four datasets. On Hematopoietic Niche,
random masking reaches 79.33% (vs. 80.04% for
Orig.+FT), while MAM achieves up to 81.33% (de-

coder injection), a +2.00% absolute gain over random
and +1.29% over Orig.4+FT. On PBMC68K, ran-
dom masking reaches 77.09% (Orig.+FT: 77.62%),
whereas MAM reaches 79.58% (encoder injection), a
+2.49% gain over random (+1.96% over Orig.+FT).
We observe similar improvements on Heart (90.90%
— 92.57%, +1.67%) and Retina (98.33% — 99.44%,
+1.11%), indicating that attention-guided masking
yields more transferable representations than uniform
random masking under finetuning.

4.2. MAM in linear probing vs fine tuning

Under P4+LP (Table 2), random masking collapses on
the Hematopoietic Niche dataset (77.36% — 26.51%),
indicating that uniform masking during pretraining
can substantially distort representations that were
previously well structured for linear separation. Be-
cause the backbone remains frozen during LP, such
degradation cannot be corrected by the shallow clas-

301



MULTINOMIAL ATTENTION FOR SCRNA-SEQ

Table 2: Linear-probe (LP) cell-type classification (F1l-score). Same notation as Table 1. On large datasets
(Hematopoietic), and difficult one with lower performance (PBMC68K), random masking with
P+LP underperforms because a shallow classifier cannot compensate for suboptimal pretrained
representations; MAM recovers performance by learning more task-relevant features. On smaller,
easier datasets (Heart, Retina), FM performance is high, and LP is sufficient to fit the data.

Dataset Masking Injection Train F1-score
Random (80/10/10) - Orig.Hao et al. (2024) + LP 77.36 £+ 0.002
Random (80/10/10) - P+LP 26.51 £ 0.002
Hematopoietic MAM (all tokens) Both P+LP 70.55 £ 0.001
MAM (all tokens) Separate P+LP 70.59 + 0.001
MAM (all tokens) Encoder P+LP 49.23 £+ 0.002
MAM (all tokens) Decoder P+LP 71.54 £ 0.001
Random (80/10/10) — Orig.Hao et al. (2024) + LP 70.67 £+ 0.005
Random (80/10/10) - P+LP 65.55 + 0.010
MAM (all tokens) Both P+LP 68.14 £ 0.010
PBMCG8K MAM (all tokens) Separate P+LP 68.25 £ 0.013
MAM (all tokens) Encoder P+LP 68.17 £ 0.010
MAM (all tokens) Decoder P+LP 68.43 £ 0.010
Random (80/10/10) - Orig.Hao et al. (2024) + LP 91.56 + 0.004
Random (80/10/10) — P+LP 89.99 + 0.006
Heart MAM (all tokens) Both P+LP 89.76 + 0.007
MAM (all tokens) Separate P+LP 90.13 = 0.006
MAM (all tokens) Encoder P+LP 89.61 £+ 0.007
MAM (all tokens) Decoder P+LP 89.57 £ 0.008
Random (80/10/10) - Orig.Hao et al. (2024) + LP  84.03 £+ 0.003
Random (80/10/10) — P+LP 97.86 + 0.004
Retina MAM (all tokens) Both P+LP 96.80 £ 0.001
MAM (all tokens) Separate P+LP 95.15 £ 0.004
MAM (all tokens) Encoder P+LP 94.18 £ 0.002
MAM (all tokens) Decoder P+LP 95.45 £ 0.004

sifier alone, particularly in a large dataset such as
Hematopoietic Niche, as there are not enough param-
eters to learn the pattern in a shallow classifier. In
contrast, MAM alleviates this issue by guiding pre-
training toward more task-relevant gene representa-
tions, recovering performance to 71.54% with decoder
injection and closing most of the gap to the origi-
nal backbone. These results are not recoverable in
the encoder-only model as the encoder is also frozen
in LP. On PBMC68K, MAM also provides consis-
tent, though more modest, improvements over ran-
dom masking. In Heart, and Retina, the datasets size
is smaller than Hematopoietic Niche and the tasks
are easier compare to PBMC68K, therefore, a shal-
low classifier alone can still learn the data pattern.

The different behavior between LP and partial FT
reflects their fundamentally different adaptation ca-
pacities. LP restricts learning to the final classifier,
thereby exposing any mismatch between the pretrain-
ing objective and the downstream task. Partial FT,

in contrast, allows the encoder to update and re-align
internal representations, mitigating the negative ef-
fects introduced during pretraining. Thus, in partial
FT, MAM consistently outperforms random masking
across all four datasets and in several cases even sur-
passes the original pretrained backbone.

4.3. The impact of context-injection schemes

Context-injection in general is critical for MAM suc-
cess. Under partial finetuning (Table 1), the loca-
tion where the learned latent parameters are injected
is not sensitive across Encoder, Decoder, or Both
schematic and under all those cases, MAM often out-
perform. We observe that the optimal strategy is
not consistent, but the differences in performance
are small. Therefore, the location of injecting the
latent parameters is not a critical design choice. Un-
der linear probing (Table 2), when the backbone is
frozen, including the encoder, then the decoder and
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both-stream injections recover most of the original
backbone’s performance on Hematopoietic Niche and
PBMC68K. However, encoder-only injection is less
effective, as the encoder is kept frozen in LP. on
Heart and Retina, where the tasks are initially easier
for the model, the differences between the locations
of context-injections are smaller and random mask-
ing remains competitive. Overall, these results show
that the location of context-injection is not a key de-
sign choice in MAM, but targeted injection in general
provides the greatest benefit, especially when model
adaptation capacity is limited.

4.4. Masking style (80/10/10 vs. all tokens)

Here, we compare the standard 80/10/10 masking
schedule with masking all tokens. Results are shown
in Tables 7 through 13 in the Appendix.

For uniform random masking, switching to all to-
kens for the Hematopoietic Niche under partial fine-
tuning, is catastrophic, dropping performance from
79.33% to 38.80%. On PBMC68K and Heart, the ef-
fect is negligible, from 77.09% to 77.06% and from
90.90% to 90.88%. On Retina, it slightly improves
performance from 98.33% to 98.47%. Under linear
probing, random all token masking leads to marginal
changes, for example from 26.51% to 28.51% on the
niche and from 65.55% to 65.06% on PBMCG68K.
Overall, randomly masking all tokens is unstable and
does not consistently improve performance.

In contrast, within MAM, masking all tokens is
generally beneficial and often necessary for strong re-
sults. Across datasets and evaluation modes, the all
token variant consistently matches or improves over
the 80/10/10 MAM counterpart, with especially large
gains on the Hematopoietic Niche under both partial
finetuning and linear probing.

These results indicate that masking all tokens is
risky under uniform random masking, particularly in
sparse settings such as the niche, but is well sup-
ported within MAM where masking is guided by at-
tention. Detailed comparisons are provided in Ta-
bles 7 through 13 and the corresponding Heart and
Retina tables in the Appendix.

4.5. Analyzing Learned Masked Tokens

In this part, we want to explore if the Masked
Autoencoder for scRNA-seq, MAM, learn to selec-
tively mask biologically informative genes, rather
than masking features randomly. Therefore, we ex-
amined, gene-by-gene, how often each feature was

chosen for masking. Specifically, for every gene in
the training set, we (i) count the total number of
masking events across all iterations and (ii) compute
that gene’s mean expression level conditional on be-
ing masked. Genes with higher expression levels often
carry more biological information. If these genes are
more frequently masked, it’s a sign that the model
may be learning to focus on informative features. On
the other hand, if masking were uniform/random, all
genes would be masked with roughly equal frequency
over time, indicating that masking is random.

Plotting gene’s masking frequency against mean
expression when masked (see Fig. 2) reveals a posi-
tive correlation: genes that register non-zero expres-
sion, and especially those with higher expression mag-
nitudes, are selected for masking far more frequently
than genes that sit at or near zero. This pattern is ex-
actly what we would expect if the model’s attention-
driven sampling policy is successfully identifying the
most information-rich coordinates of the input pro-
file. Conversely, genes that are silent or expressed
only sporadically supply little discriminative signal;
masking them would waste capacity without provid-
ing useful learning signals. Therefore, MAM effec-
tively masks biologically informative genes. Further
architectural analysis confirming that MAM dynam-
ically pivots focus based on individual cell-type pro-
files—rather than acting as a static global filter, is
provided in Appendix.
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Figure 2: Scatter plot of each gene’s masking fre-
quency against its mean expression when
masked (experiment 8, Appendix Table 8),
illustrating that MAM preferentially tar-
gets genes with higher expression levels.

4.6. Biological meaning of the masked genes

To understand why MAM improves performance, we
analyze the genes most frequently selected for mask-
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Lipid Transport (GO:0006869)
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Figure 3: Top enriched GO Dbiological processes
among the most frequently masked genes
in the PBMC68K dataset. The x-axis show
the significance of each biological process
(y-axis) derived from masked genes.

ing on the PBMC68K dataset. Gene Ontology en-
richment Thomas et al. (2022) shows that these genes
are strongly associated with immune related pro-
cesses such as lipid transport, membrane remodel-
ing, antigen presentation, and cytokine signaling, all
of which are central to immune cell identity. By
preferentially masking biologically meaningful genes
(see Fig. 3), MAM encourages the model to recon-
struct informative signals rather than noise, leading
to richer and more discriminative representations. In
contrast, uniform random masking treats all genes
equally and often focuses learning on uninformative
targets. These results demonstrate that attention
guided masking does not merely reflect biological
structure but actively helps the model capture it, im-
proving generalization in sparse and heterogeneous
single cell data. Consistent biological relevance was
also observed in the Hematopoietic Niche dataset,
where masked genes were significantly enriched for
hematopoietic lineage pathways (see Appendix E for
details).

5. Discussion and Conclusion

We introduced MAM, a novel lightweight attention-
guided module that improves self-supervised pre-
training of FMs on sparse scRNA-seq data by pri-
oritizing informative genes during masking. Across
four datasets, MAM consistently improves down-
stream cell-type classification performance and sev-
eral consistent trends emerge from our experiments.

First, partial finetuning (P+FT) yields stable and
higher downstream performance, while adding negli-
gible computational overhead. Second, for the linear
probing protocols (P+LP), we have shown MAM is
more effective when the task is hard, or the dataset
is large, such that the limited parameters of the lin-
ear classifier are not adequate to learn the patterns.
In (P+FT), updating the encoder enables representa-
tions to re-align after pretraining, where the encoder
is kept frozen in (L+FT). Linear probing, while use-
ful for probing representation quality, restricts adap-
tation to a shallow classifier and therefore reflects
the compatibility between pretraining objectives and
downstream tasks. Third, we found that MAM im-
proves robustness under both evaluation protocols,
with particularly strong gains observed when model
adaptation capacity is limited. Fourth, among the
proposed context-injection strategies, decoder-only
and both-stream injection provide the most consis-
tent improvements across datasets, while encoder-
only injection is less reliable. In practice, decoder-
only injection offers a strong default choice, balancing
stability, performance, and simplicity.

While count-aware likelihoods like Negative Bino-
mial (NB) loss are theoretically ideal for scRNA-seq
data, we opted for MSE to maintain consistency with
existing FMs (e.g., scGPT, Geneformer) and to lever-
age its superior numerical stability during scaled pre-
training. Exploring NB-loss within the MAM frame-
work remains a subject for future work.

Overall, MAM offers a principled alternative to
uniform random masking for sparse scRNA-seq pre-
training, enhancing representation transfer while re-
taining the strengths of large FMs. It yields more re-
liable models for downstream tasks, enabling sharper
cell-state atlases, clearer developmental trajectories,
and more precise identification of disease-relevant
subpopulations and therapeutic targets.

Limitations: Our results rely on an existing,
well-trained FM. A poorly pretrained backbone or
domain-mismatch between pretraining and the down-
stream task impacts the MAM performance. Regard-
ing computational overhead, while standard cross-
attention scales quadratically, our implementation
integrates Reversible Transformers and a Performer
module (utilizing fast attention via orthogonal ran-
dom features). This shifts the complexity bound-
ary to linear-time O(l), ensuring that the memory
footprint remains manageable even for long transcrip-
tomic sequences of 20,000+ genes.
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Future work can explore more memory-efficient at-
tention mechanisms, such as sparse or low-rank cross-
attention, to further reduce computational overhead.
Another promising direction is integrating MAM
into large-scale pretraining from scratch, rather than
treating it as a continuation of pretraining, to evalu-
ate its impact on representation learning at scale. Ex-
tending MAM to multi-omic FMs and cross-dataset
pretraining scenarios may further improve robustness
to domain shift. Finally, adaptive strategies for dy-
namically adjusting the number of latent heads or
masking ratios based on dataset sparsity could en-
able more efficient and scalable deployment of MAM
in large single-cell atlases.
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Appendix A. Data Preparation

We perform standard quality control on the single-
cell dataset to ensure that only high-quality cells and
informative genes are retained. Low-complexity cells
(those with very few detected genes) and genes ex-
pressed in only a handful of cells are filtered out.
Next, we partition the cleaned data into training, val-
idation, and test sets (train: 80%, validation: 10%,
test: 10%) in a way that avoids leaking information
across splits. Rather than splitting at the level of
individual cells, we split by donor—so that all cells
from a given individual end up in the same subset.
To maintain balance, we stratify the donors by their
predominant combinations of cell type and timepoint,
thereby ensuring that each subset reflects the overall
diversity of the study. All details and codes to repli-
cate data loading and processing are available in the
provided code.

Appendix B. Training
Hyper-parameters

Here, Table 3 and Table 4 present the hyperparame-
ters we have used for self-supervised pretraining and
for supervised finetuning, respectively.

Table 3: Hyperparameters for self-supervised pre-

training.
Parameter Value Parameter Value
Latent dimension D, 256 # latents N 128

Cross-attn heads 8
LR (new layers) 1x107%
Weight decay 5x 1074
Batch size (physical) 1
Early-stop patience 5

Gradient clipping 1.0

LR (backbone) 1x10°°
Xattn 1x 1075
Accumulation steps 5

Appendix C. Computing Resources

We have used parallel 4 x NVIDIA A40 for com-
puting each experiment, where each GPU has 48 GB
capacity. Here, Table 6 presents the total runtime for

Table 4: Hyperparameters for supervised finetuning.

Parameter Value
Latent dimension D, 256

# latents N 128

LR 1x107*
Gradient clipping 1.0
Batch size (partial, linear) 1,8
Accumulation steps 5
Early-stop patience 5
Weight decay 5x 1074

Cross-attn heads 8
Linear head hidden dim (h;) 256

training and validation for all the pretraining exper-
iments.

Appendix D. Analysis of Dynamic
Masking

To investigate whether MAM functions as a static
global filter or a dynamic module, we analyzed the
score generation process. Because the importance
scores sp; are derived from cross-attention between
learnable latents Z and the specific projected embed-
dings of each input cell X,,,;, the resulting masking
distribution is mathematically dependent on the indi-
vidual transcriptomic profile. This ensures that the
model dynamically shifts focus, for example, mask-
ing specific lineage markers only when those features
are present in the input, rather than simply target-
ing a fixed set of high-variance genes across the entire
dataset.

Appendix E. Additional Biological
Validation:
Hematopoietic Niche

To demonstrate that MAM consistently captures bi-
ologically relevant signals across different tissues, we
performed Gene Ontology (GO) enrichment analy-
sis on the most frequently masked genes from the
Hematopoietic Niche dataset. As shown in Table 5,
the identified pathways are highly relevant to the
hematopoietic lineage and immune regulation. This
confirms that MAM’s attention mechanism success-
fully prioritizes genes integral to cell-specific identity
across diverse biological contexts.
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Table 5: Enriched GO Biological Processes for fre-
quently masked genes in the Hematopoietic
Niche dataset.

GO ID Biological Process

G0:0002250 Adaptive immune response
GO0:0042110 T cell activation
GO0:0006954  Inflammatory response
GO:0045087  Innate immune response
GO:0001816  Cytokine production

Appendix F. Partial Finetuning
Results

Here, we present the full results of partial finetun-
ing for cell-type classification across all four datasets.
We report the Fl-scores for Hematopoietic Niche,
PBMCG68K, Heart, and Retina in Table 7, Table 8,
Table 9, and Table 10, respectively. It is worth
mentioning that we compared our proposed MAM
method (employing both 80/10/10 and all tokens
masking strategies) against the standard random
masking baselines (Orig. Hao et al. (2024) and our
reproduced P + F'T). As shown in the tables, MAM
consistently outperforms uniform random masking,
particularly when using the all-token masking strat-
egy under the decoder or separate adapter context-
injection schemes.

Appendix G. Linear Probe Results

Here, we present the full results of the linear prob-
ing evaluation across all four datasets. We report
the Fl-scores for Hematopoietic Niche, PBMCG68K,
Heart, and Retina in Table 11, Table 12, Table 13,
and Table 14, respectively.

Consistent with our main analysis, these results
highlight the risks of uniform random masking on
complex, sparse data. Specifically, on the Hematopoi-
etic Niche dataset, continued pretraining with ran-
dom masking causes a severe representation collapse
(dropping from 77.36% to 26.51%), whereas MAM
avoids this degradation and recovers performance (up
to 71.54% with decoder injection). On the smaller
or less complex datasets (Heart and Retina), where
the baseline performance is already high, MAM re-
mains stable and competitive, demonstrating that
our attention-guided masking is a safe and robust
strategy for adaptation.
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Table 6: Compute resources and end-to-end runtime for every experiment group (MAM). Each experiment
used 4 x NVIDIA A40 GPUs (48 GB each).

Dataset Stage # Experiments Approx. Runtime
Pretrain 10 ~ 2 weeks
T Finetune (partial) 10 ~ 1 week
Hematopoietic niche Finetune (linear probe) 10 ~ 1 week
Total 30 ~ 4 weeks
Pretrain 10 ~ 1 week
Finetune (partial) 10 ~ 0.5 week
PBM K
c68 Finetune (linear probe) 10 ~ 0.5 week
Total 30 ~ 2 weeks
Pretrain 10 ~ 0.5 week
Heart Finetune (partial) 10 ~ 0.5 week
Finetune (linear probe) 10 ~ 0.5 week
Total 30 ~ 1.5 weeks
Pretrain 10 ~ 0.5 week
. Finetune (partial) 10 ~ 0.5 week
t
Retina Finetune (linear probe) 10 ~ 0.5 week
Total 30 ~ 1.5 weeks

Table 7: Appendix: Partial-finetune results on the Hematopoietic Niche dataset. (FT = finetune, P =
pretraining, Orig. = original backbone weights, all tokens = masked all attention-suggested tokens,
80/10/10 = the standard random 80/10/10 scheme, Injection: which stream(s) received cross-
attention output). Here Orig. comes from Hao et al. (2024). Results are reported as the mean +
confidence interval from 5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024) + FT 80.04 + 0.001
1 Random (80/10/10) - P+ FT 79.33 + 0.001
2 Random (All tokens) - P+ FT 38.80 £ 0.002
3 MAM (80/10/10) Both P+ FT 60.40 + 0.003
4 MAM (All tokens) Both P+ FT 80.86 + 0.001
5 MAM (80/10/10) Separate P + FT 55.19 £+ 0.003
6 MAM (All tokens) Separate P+ FT 81.31 £ 0.002
7 MAM (80/10/10) Encoder P+ FT 70.19 + 0.001
8 MAM (All tokens) Encoder P+ FT 81.10 £ 0.001
9 MAM (80/10/10) Decoder P+ FT 31.30 + 0.002
10 MAM (All tokens) Decoder P+ FT 81.33 £+ 0.002

Table 8: Appendix: Partial-finetune (FT) results on the PBMC68K dataset. Same notation as Table 7.
Here Orig. comes from Hao et al. (2024). Results are reported as the mean + confidence interval
from 5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024) + FT 77.62 + 0.004
1 Random (80/10/10) - P+FT 77.09 %+ 0.005
2 Random (All tokens) - P+FT 77.06 + 0.004
3 MAM (80/10/10) Both P+FT 78.71 £ 0.006
4 MAM (All tokens) Both P+FT 79.02 + 0.011
5 MAM (80/10/10) Separate P+FT 78.13 + 0.007
6 MAM (All tokens) Separate P+FT 78.33 £ 0.007
7 MAM (80/10/10) Encoder ~ P+FT 78.23 + 0.008
8 MAM (All tokens) Encoder P+FT 79.58 + 0.009
9 MAM (80/10/10) Decoder ~ P+FT 77.89 + 0.006
10 MAM (All tokens) Decoder P+FT 78.36 + 0.007
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Table 9: Appendix: Partial-finetune (FT) results on the Heart dataset. Same notation as Table 7. Here
Orig. comes from Hao et al. (2024). Results are reported as the mean + confidence interval from
5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024) + FT 91.63 + 0.004
1 Random (80/10/10) - P+FT 90.90 + 0.004
2 Random (All tokens) - P+FT 90.88 4+ 0.005
3 MAM (80/10/10) Both P+FT 92.06 + 0.008
4 MAM (All tokens) Both P+FT 92.37 + 0.004
5 MAM (80/10/10) Separate P+FT 91.87 £ 0.005
6 MAM (All tokens) Separate P+FT 92.31 + 0.005
7 MAM (80/10/10) Encoder  P+FT 92.19 £ 0.005
8 MAM (All tokens) Encoder P+FT 92.34 + 0.005
9 MAM (80/10/10) Decoder P+FT 92.22 + 0.007
10 MAM (All tokens) Decoder P+FT 92.57 + 0.006

Table 10: Appendix: Partial-finetune (FT) results on the Retina dataset. Same notation as Table 7. Here
Orig. comes from Hao et al. (2024). Results are reported as the mean + confidence interval from
5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024) + FT 98.93 + 0.002
1 Random (80/10/10) - P+FT 98.33 + 0.002
2 Random (All tokens) - P+FT 98.47 + 0.002
3 MAM (80/10/10) Both P+FT 99.46 + 0.002
4 MAM (All tokens) Both P+FT 99.44 + 0.002
5 MAM (80/10/10) Separate P+FT 99.08 + 0.002
6 MAM (All tokens) Separate P+FT 98.81 + 0.002
7 MAM (80/10/10) Encoder ~ P+FT 99.20 %+ 0.002
8 MAM (All tokens) Encoder P+FT 98.44 + 0.002
9  MAM (80/10/10) Decoder ~ P+FT 98.67 £ 0.002
10 MAM (All tokens) Decoder P+FT 98.92 + 0.003

Table 11: Appendix: Linear-probe (LP) results on the Hematopoietic Niche dataset. Same notation as
Table 7. Here Orig. comes from Hao et al. (2024). Results are reported as the mean + confidence
interval from 5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0  Random (80/10/10) - Orig.Hao et al. (2024) + LP __ 77.36 £ 0.002
1 Random (80/10/10) - P+LP 26.51 + 0.002
2 Random (All tokens) - P+LP 28.51 + 0.003
3 MAM (80/10/10) Both P+LP 36.55 + 0.002
4 MAM (All tokens) Both P+LP 70.55 + 0.001
5 MAM (80/10/10) Separate P+LP 29.81 + 0.001
6 MAM (All tokens) Separate P+LP 70.59 + 0.001
7 MAM (80/10/10) Encoder ~ P+LP 38.15 + 0.002
8 MAM (All tokens) Encoder P+LP 49.23 £ 0.002
9 MAM (80/10/10) Decoder ~ P+LP 20.15 + 0.002
10 MAM (All tokens) Decoder P+LP 71.54 + 0.001
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Table 12: Appendix: Linear-probe (LP) results on the PBMC68K dataset. Same notation as Table 7. Here
Orig. comes from Hao et al. (2024). Results are reported as the mean + confidence interval from
5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024)+ LP 70.67 + 0.005
1 Random (80/10/10) - P+LP 65.55 + 0.010
2 Random (All tokens) - P+LP 65.06 + 0.008
3 MAM (80/10/10) Both P+LP 68.09 + 0.010
4 MAM (Al tokens) Both P+LP 68.14 + 0.010
5 MAM (80/10/10) Separate P+LP 68.32 + 0.011
6 MAM (All tokens) Separate P+LP 68.25 + 0.013
7 MAM (80/10/10) Encoder  P+LP 68.13 + 0.010
8 MAM (All tokens) Encoder P+LP 68.17 + 0.010
9 MAM (80/10/10) Decoder ~ P+LP 68.09 + 0.008
10 MAM (Al tokens) Decoder P+LP 68.43 + 0.010

Table 13: Appendix: Linear-probe (LP) results on the Heart dataset. Same notation as Table 7. Here Orig.
comes from Hao et al. (2024). Results are reported as the mean + confidence interval from 5-fold
cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024)+ LP 91.56 + 0.004
1 Random (80/10/10) - P+LP 89.99 + 0.006
2 Random (All tokens) - P+LP 90.10 + 0.008
3 MAM (80/10/10) Both P+LP 80.11 + 0.010
4 MAM (Al tokens) Both P+LP 89.76 + 0.007
5 MAM (80/10/10) Separate P+LP 90.11 + 0.005
6 MAM (All tokens) Separate P+LP 90.13 + 0.006
7 MAM (80/10/10) Encoder ~ P+LP 89.55 + 0.005
8 MAM (All tokens) Encoder P+LP 89.61 + 0.007
9  MAM (80/10/10) Decoder ~ P+LP 89.24 £ 0.006
10 MAM (All tokens) Decoder P+LP 89.57 + 0.008

Table 14: Appendix: Linear-probe (LP) results on the Retina dataset. Same notation as Table 7. Here Orig.
comes from Hao et al. (2024). Results are reported as the mean + confidence interval from 5-fold
cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.Hao et al. (2024)+ LP 84.03 + 0.003
1 Random (80/10/10) - P+LP 97.86 & 0.004
2 Random (All tokens) - P+LP 97.97 + 0.003
3 MAM (80/10/10) Both P+LP 86.37 & 0.004
4 MAM (All tokens) Both P+LP 96.80 + 0.001
5 MAM (80/10/10) Separate P+LP 95.03 + 0.005
6 MAM (Al tokens) Separate P+LP 95.15 £+ 0.004
7 MAM (80/10/10) Encoder  P+LP 96.81 %+ 0.002
8 MAM (All tokens) Encoder P+LP 94.18 + 0.002
9 MAM (80/10/10) Decoder P+LP 94.85 + 0.003
10 MAM (All tokens) Decoder P+LP 95.45 + 0.004
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