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Spatial transcriptomics (ST) is an emerging technology that enables researchers to inves-
tigate the molecular relationships underlying tissue morphology. However, acquiring ST
data remains prohibitively expensive, and traditional fixed-grid sampling strategies lead to
redundant measurements of morphologically similar or biologically uninformative regions,
thus resulting in scarce data that constrain current methods. The well-established single-
cell sequencing field, however, could provide rich biological data as an effective auxiliary
source to mitigate this limitation. To bridge these gaps, we introduce SCR2-ST, a uni-
fied framework that leverages single-cell prior knowledge to guide efficient data acquisition
and accurate expression prediction. SCR2-ST integrates a single-cell guided reinforcement
learning-based (SCRL) active sampling and a hybrid regression-retrieval prediction network
SCR?Net. SCRL combines single-cell foundation model embeddings with spatial density
information to construct biologically grounded reward signals, enabling selective acquisition
of informative tissue regions under constrained sequencing budgets. SCR2Net then lever-
ages the actively sampled data through a hybrid architecture combining regression-based
modeling with retrieval-augmented inference, where a majority cell-type filtering mech-
anism suppresses noisy matches and retrieved expression profiles serve as soft labels for

© 2026 CC-BY 4.0, J. Zhu et al.


https://creativecommons.org/licenses/by/4.0/

Zuu DENG GUO YAO QU X10NG Lu Lu ZHU L1ONTS YANG ZHENG WANG ZHAO YANG Huo

auxiliary supervision. We evaluated SCR2-ST on three public ST datasets, demonstrating
SOTA performance in both sampling efficiency and prediction accuracy, particularly under
low-budget scenarios. Code is publicly available at: https://github.com/hrlblab/SCR2ST.

Keywords: Computational Pathology, Spatial Transcriptomics, Active Learning
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Figure 1: Comparison between traditional ST sampling and our active sampling.
Left: Traditional ST methods rely on fixed-grid sampling regardless of biological
importance, leading to redundant measurements in similar regions and inefficient
use of sequencing budgets. Right: Our proposed approach actively selects infor-
mative spots by incorporating single-cell prior knowledge, reducing redundancy
while preserving biologically diverse regions.

1. Introduction

Spatial transcriptomics (ST) provides a new perspective for studying the relationship be-
tween pathological tissue structures and their spatial gene expression patterns (Burgess,
2019; Asp et al., 2019, 2020). However, acquiring ST data remains relatively expen-
sive (Choe et al., 2023), which together pose challenges for large-scale data collection in
practice (He et al., 2020; Zhu et al., 2025d).

Histology features exhibit strong correlations with gene expression patterns (Badea and
Stanescu, 2020), providing a foundation for image-based gene expression prediction (He
et al., 2020; Zhu et al., 2025a). Deep learning methods have begun leveraging histology
images to infer ST expression profiles of each tissue slide (Xie et al., 2024; Yang et al., 2023,;
Zhu et al., 2025b,c). Representative approaches include regression-based ST-Net (He et al.,
2020), HisToGene (Pang et al., 2021), and EGN (Yang et al., 2023), which directly predict
expression values from local image appearance; and retrieval-based vision—omics contrastive
learning methods, such as BLEEP (Xie et al., 2024) and mIxSTExp (Min et al., 2024).

However, traditional fixed-grid sampling inevitably acquires many spatially adjacent
regions with highly similar morphology, leading to substantial molecular redundancy and
reduced biological diversity. Its non-selective nature also results in the inclusion of biolog-
ically uninformative areas (Schroeder et al., 2025; Grases and Porta-Pardo, 2025). Conse-
quently, the effective information density of the dataset is low, causing a mismatch between
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sequencing cost and informative yield, thus constraining the performance and scalability of
image-based ST prediction methods.

The limited availability of ST data motivates the integration of external biological knowl-
edge to compensate for inherent constraints in coverage and data quality. In particular, the
single-cell sequencing field provides substantially richer priors, supported by large-scale
datasets (Regev et al., 2017) and powerful foundation models (Cui et al., 2024), with sam-
ple sizes typically exceeding ST by more than an order of magnitude (Svensson et al., 2018).
Single-cell profiles resolve cellular types, states, and regulatory programs (Cao et al., 2019;
Stuart et al., 2019), offering mechanistic insight into gene expression variation across tis-
sues. Incorporating such fine-grained priors into ST analysis introduces valuable structural
guidance and biological constraints, helping mitigate challenges related to limited sampling.

To achieve this, we introduce SCR2-ST, a unified framework that leverages single-cell
prior knowledge to guide both efficient data acquisition and expression prediction. Our
framework comprises two components. First, we develop a single-cell guided reinforcement
learning-based (SCRL) active sampling strategy that jointly leverages single-cell priors and
spatial tissue cues to construct a biological reward function, which enables the policy net-
work to adaptively prioritize informative regions while avoiding redundant measurements,
maximizing the utility of each sequenced spot under constrained budgets. Within this frame-
work, we further propose a hybrid regression-retrieval prediction network SCR2Net, which
integrates regression modeling with retrieval-augmented inference. The retrieval branch
aggregates signals from morphologically similar spots, while a majority cell-type filtering
mechanism suppresses unreliable matches, balancing global structural learning with context-
aware expression transfer. Our contributions can be summarized as fourfold:

e We introduce SCR2-ST, a pioneering and generalizable framework that leverages
single-cell prior as an auxiliary source to overcome the scarcity of ST data. It jointly
enables efficient data acquisition and accurate expression prediction for ST profile.

o Within this framework, we propose a reinforcement learning-based (SCRL) active
sampling strategy that prioritizes informative regions under constrained sequencing
budgets through biologically grounded reward signals.

e Building upon this, we develop SCR?Net, a hybrid prediction network that integrates
direct regression with retrieved soft label supervision, with a majority cell-type filter-
ing module that suppresses unreliable matches in heterogeneous tissues.

e We provide a systematic benchmark across three public ST datasets under varied
sampling budgets, with code and tools released to support reproducible research.

2. Method

2.1. Overall Framework

We introduce SCR2-ST, a unified framework that leverages single-cell prior knowledge
to guide efficient data acquisition and accurate expression prediction under limited data
budgets, as illustrated in Figure 2. Within SCR2-ST, our single-cell-guided reinforcement
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learning-based (SCRL) active sampling strategy integrates single-cell priors with spatial fea-
tures, using a multi-objective reward function to iteratively drive the policy toward selecting
the most informative spots. To fully exploit the abundant single-cell priors in prediction, we
design a hybrid regression-retrieval prediction network SCR2Net that fuses direct regression
with retrieval-augmented soft label supervision on the actively sampled set.

Active Sampling via Single-cell Guided
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Figure 2: Overview of our proposed SCR2-ST framework. Left: Single-cell-guided
reinforcement learning—based (SCRL) active sampling strategy that integrates
vision features and external single-cell priors to iteratively select informative
spots, ensuring efficient data acquisition under limited data budgets. Right:
Our SCR?Net that infers gene expression from histology images with retrieval-
augmented reference. Majority cell-type filtering guided by single-cell priors is
applied to suppress unreliable matches in heterogeneous regions.

2.2. Active Sampling via Single-cell Guided Reinforcement Learning
2.2.1. Poricy NETWORK FOR ACTIVE SAMPLING

Prior to active sampling, we perform dense visual feature extraction on tissue sections.
Specifically, we uniformly partition WSIs patches and employ the pre-trained UNI (Chen
et al., 2024) to extract visual embeddings {e;}¥ ; for each patch, along with their corre-
sponding spatial coordinates {(z;, y;, wi)}ij\il, where w; denotes the slide identifier. Based on
these embeddings, we construct a lightweight policy network my(-) that outputs a sampling
priority score for each candidate location as

779(61-) = W2 . ReLU(Wlei), (1)
where W, € R128%4 and W, € RY™™128 are learnable parameters. The scores are then
normalized into a probability distribution via softmax as p; = M. At iteration

> =1 exp(mo(e;))
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t, the policy network samples k£ new locations S; from the unsampled candidate set U,
according to this probability distribution, and adds them to sampling pool & = [, <; S
The sampling process terminates when the number of samples reaches the total budget B.

2.2.2. MULTI-OBJECTIVE REWARD DESIGN

After obtaining sample set S; at round ¢, we evaluate sampling quality and construct multi-
objective reward signals to update the policy network. We extract ST expression embed-
dings {2z;}ics, by pretrained scGPT (Cui et al., 2023) for sampled locations and reference
embeddings {q; }Jj‘il from external single-cell data. The reward function measures sampling
quality from two complementary perspectives: biological diversity and spatial uniformity.
Single-Cell Prior-Guided Biological Diversity Reward. To quantify how well the
sample set explores the single-cell state space, we first apply PCA to reduce the single-cell
embeddings {q;} to 50 dimensions, then cluster them into C' latent cell state clusters using
MiniBatchKMeans, obtaining the cluster center set {,} ;. The coverage reward measures
the fraction of clusters reached by the sample set:

argming ||z; — .||z : ¢ € S
Rsc<St) _ |{ rgimil H C#’ H2 ? t}|, (2)

where | - | denotes set cardinality. Each sampled point z; is assigned to its nearest cluster,
and coverage is computed as the ratio of unique clusters covered to total clusters C.

We then match each ST embedding z; to the most similar single-cell embedding via
cosine similarity and retrieve the corresponding cell type label to evaluate the cell type
diversity of selected samples as:

qu

Jj (i) = arg max S
il el

3)
We compute the cell type distribution in the sample set as P(k) = [{i € S; : type(5*(i)) =
k}|/|St|, and define the diversity reward based on normalized entropy:

— > P(k)log(P(k) +¢)
log(K + ¢) ’

where K is the number of cell types observed in the sample set and ¢ is a small constant
for numerical stability. More uniform type distributions yield higher rewards, encouraging
preferential sampling of regions with greater cellular heterogeneity.

Spatial Distribution Diversity Reward. Spatial distribution of sampled points also
affects information density. An ideal sampling strategy should balance two objectives: (1)
spatial dispersion to avoid over-clustering in local regions; (2) uniform coverage to ensure
that unsampled locations have nearby reference points. Therefore, we define dispersion Dg;sp
as the average pairwise distance among sampled points, where larger values indicate better
dispersion. We define coverage D.over as the average distance from all candidate locations
to their nearest sampled point, where smaller values indicate more uniform coverage:

Rtype(st) = (4)

DdlSp St Z H xzayz w;,yg)H2, Dcover St Zmln” xz,yz (xj,yj)HZ
| zgeSt i= 1]6 ¢
(5)
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The spatial distribution diversity reward combines both metrics:

D is S, +Dcover S,
Rapn(0) = Dt (50 Doner(51). )

2.2.3. COMBINED REWARD AND PoLiCcY OPTIMIZATION

We linearly combine the three reward components into a composite signal:
R(St) = Wsc * Rsc(St) + Wiype * Rtype(st) + Wspa - Rspa(St)a (7)

where wgc, Wiype, and wgpa control the relative contributions of single-cell manifold coverage,
cell type diversity, and spatial distribution diversity, respectively. We then update the policy
network parameters using the composite reward:

VoT = Es,~r, [R(St) - Vologme(Sy)], (8)

where J is the expected cumulative reward. Through gradient ascent optimization, the
policy network progressively learns to balance biological diversity and spatial uniformity,
steering the sampling strategy toward more informative tissue regions.

2.3. SCR’Net: Single-Cell Guided Regression-Retrieval Network

To further leverage single-cell prior knowledge, we design SCR?Net with two complementary
paths, including a direct regression path for image-to-expression mapping, and a retrieval-
augmented path that provides soft supervision by retrieving similar samples from the train-
ing set as an external knowledge base.

2.3.1. SINGLE-CELL GUIDED RETRIEVAL MODULE

Cross-Modality Alignment. Direct regression alone struggles to capture complex ex-
pression patterns under limited training samples. To address this, we introduce a retrieval-
augmented module that treats the training set as an external memory bank encoding single-
cell knowledge, providing soft supervision for the regression pathway.

We design two projection heads with identical architecture to map image features fi g
from the visual encoder and gene expression embeddings into a shared semantic space. An
InfoNCE loss Loy, is applied to align vision-omics representations and update the projection
head. We then compute cosine similarity between the query image and reference samples:

. o ¢img (fimg)T¢expr (y])

0o 83) = 16 Fong e 05) )
where ¢ig and ¢expr denote the image and expression projection heads, respectively. We
select the top-K most similar samples to construct the reference set.

Cell-Type-Aware Filtering and Knowledge Distillation. Expression patterns vary
significantly across cell types in ST data, while vision representation could resemble, thus
directly aggregating all retrieved samples may introduce noise. To ensure biological consis-
tency, we introduce a majority cell-type filtering mechanism. We count cell type distribution
among the top-K samples and retain only those belonging to the 7" most frequent cell types.




SCR2-ST

The mean expression of filtered samples serves as the retrieved soft label et = ﬁ > jeRr Yis
where R denotes the filtered retrieval set.

To account for retrieval quality, we introduce a similarity-based confidence mask m,
where higher retrieval similarity leads to greater weight on the distillation loss. The retrieved
prediction §r¢ then guides the regression path through knowledge distillation, with loss
function L,¢; weighted by a hyperparameter Agxp denoted as:

Lyet = Akp - m - ||:'3 - Qret”2 (10)

2.3.2. REGRESSION PATH AND TRAINING OBJECTIVE

We adopt DenseNet-121 (Huang et al., 2017) pre-trained on ImageNet as the visual encoder
to capture histomorphological patterns. Given an input patch, the encoder produces a
compact feature vector through global average pooling. A two-layer MLP then decodes the
visual features into gene expression predictions ¢, forming the direct regression path.

To supervise the regression prediction, we employ two complementary losses. The MSE
loss Lreg = [y —9||* directly minimizes the difference between predictions and ground truth,
while a Pearson Correlation Coefficient (PCC) loss L,cc = 1 —PCC(y, §) to capture the cor-
relation structure across genes, which is important for preserving gene-spatial relationships.
The total loss integrates direct supervision from both regression losses and soft supervision
from the retrieval-based distillation with hyperparameters A, and ), denoted as:

L= )\r 'Ereg+)\p'['pcc+£ret’ (11)

3. Data and Experiments

Datasets and Preprocessing. We evaluate all methods using three public ST datasets,
including HER2 (Andersson et al., 2021), Breast Cancer (He et al., 2020), and Kidney (Lake
et al., 2023). For each spot, we cropped a 224 x 224 pixel patch centered on spatial coordi-
nates as model input. We selected top 300 genes with highest average variance as prediction
targets. Following BLEEP (Xie et al., 2024), we applied a log(1 + x) transformation on raw
readouts. For the external single-cell datasets, we use two million cells from (Lake et al.,
2025) as the reference for the Kidney dataset, and around three million cells from (Chen
et al., 2025; Reed et al., 2024; Klughammer et al., 2024) as the reference for the Breast
Cancer and HER2 datasets. A detailed profile of datasets is provided in Appendix A.
Baseline. We compared our model against SOTA methods, including regression-based
models ST-Net (He et al., 2020), EGN (Yang et al., 2023), HisToGene (Pang et al., 2021),
His2ST (Zeng et al., 2022), and TRIPLEX (Chung et al., 2024), and retrieval-based models
BLEEP (Xie et al., 2024) and mclSTExp (Min et al., 2024). All methods were trained and
evaluated under consistent experimental settings to ensure fair comparison. To validate
our sampling strategy, we select Monte Carlo random sampling, uncertainty-based sam-
pling (Safaei et al., 2024), and diversity-driven sampling (Zhdanov, 2019) for comparison.
Evaluation Metrics. We employed Pearson correlation coefficient (PCC), mean squared
error (MSE), and mean absolute error (MAE) to comprehensively assess model performance
in gene expression prediction from both spatial correlation and error perspectives.
Implementation Details. All experiments were conducted on a single NVIDIA RTX
A6000 GPU. We employed SGD optimizer with momentum of 0.9 and weight decay of
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10~%. The initial learning rate was set to lrg = 10™%, with a cosine annealing schedule that
gradually decays the learning rate to 107%. The training batch size was set to 256. Details
of experimental implementation and hyperparameter settings are listed in Appendix B.
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Figure 3: Comparison of sampling strategies across multiple methods with met-
rics reported (A) MSE and (B) PCC. We evaluate performance under data
ratios of 10%-75% to simulate low-resource scenarios, with each curve denoting a
sampling strategy. Our SCRL sampling consistently achieves better performance
across datasets and models, particularly in low-budget (10%-25%) regimes.

4. Results

4.1. Active Sampling under Budget Constraints

To validate the effectiveness of our active sampling strategy via single-cell guided reinforce-
ment learning (SCRL), we conducted a systematic evaluation across methods. As shown in
Figure 3 and Figure 6 in Appendix C, we compared four sampling strategies under train-
ing data ratios ranging from 10% to 75%. Experimental results demonstrate that SCRL
sampling achieves optimal performance across all datasets and model combinations, with
particularly advantages in low-budget scenarios (10%-25%). For Breast Cancer dataset at
a 10% sampling ratio, SCRL sampling reduces the MSE from approximately 0.85 to 0.75
and improves the PCC from 0.04 to 0.14 on ST-Net compared to random sampling. This
trend holds consistently across other datasets and diverse methods.

Notably, we observed differential sensitivity to sampling strategies across model types.
Retrieval-based models exhibit greater sensitivity to data quality compared to end-to-end
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regression models, resulting in larger performance gaps between different sampling strate-
gies. This can be attributed to the nature of contrastive learning, which is highly dependent
on the quality and diversity of training samples. Our SCRL sampling strategy balances bi-
ological quality and diversity. Specifically, single-cell references ensure that sampled spots
cover critical cell subpopulations, while spatial density information guides the sampling
process to preserve morphological diversity. This dual constraint enables SCRL to achieve
stable and consistent performance improvements across both training paradigms.

Table 1: Performance comparison on gene expression prediction task. The best
performance is highlighted in and second highest in blue, where we can ob-
serve that SCR2Net outperforms the SOTAs across most metrics on most datasets.

Model Breast Cancer HER2 Kidney

MSE|] MAE| PCCtT MSE| MAE| PCCt MSE| MAE|] PCC1?
ST-Net 0.6318 0.6377 0.1592 0.9237 0.7559 0.2709 0.7460 0.6811 0.1851
His2ST 0.6999 0.6682 0.0612 0.9928 0.8034 0.1045 0.7912 0.7080 0.0571
HisToGene 0.6521 0.6486 0.1149 0.9702 0.8050 0.1392 0.8540 0.7373 0.1134
EGN 0.6662 0.6558 0.1462 0.8916 0.7640 0.2524 0.7574 0.6864 0.1632
TRIPLEX 0.6672 0.6590 0.1093 0.9356 0.7752 0.2167 0.7168 0.6692 0.0930
BLEEP 0.6266 0.6044 0.9507 0.7613 0.2834 0.8246 0.7167 0.2020
mclSTExp 0.6472 0.6202 0.1645 0.7367 0.2651 0.7438 0.6759 0.1580
SCR2Net (Ours) 0.1940  0.9139

4.2. Empirical Validation on Gene Expression Prediction

We conducted four-fold cross-validation at the sample level to validate SCR2Net against SO-
TAs. Table 1 summarizes quantitative comparisons across different cohorts. Our SCR?Net
outperforms existing methods in almost all metrics, achieving the lowest MSE and MAE |
as well as the highest PCC on most datasets. For example, on the Kidney dataset, SCR?Net
improves PCC by a clear margin to 0.2391, compared with prior baselines of 0.2020. Fur-
thermore, as illustrated in Figure 5 in Appendix C, SCR?Net maintains strong predictive
robustness under varying sampling budgets with our SCRL sampling strategy. The per-
formance gap is pronounced under low sampling ratios (10-25%), where other approaches
suffer degradation due to sparse tissue coverage. In contrast, SCR?Net mitigates this by
acquiring informative tissue regions and leveraging retrieval-based auxiliary priors, resulting
in a more reliable predictive performance with reduced sequencing costs.

4.3. Ablation Study

Reward Function in SCRL sampling. We conducted an ablation analysis on the Bio-
logical Prior Reward and the Spatial Density Reward. As shown in Figure 7 in Appendix C,
when using only Biological Reward, model performs well at low sampling ratios (10% and
25%); however, as the ratio increases, redundant samples limit further performance gains.
Conversely, using only Spatial Reward yields results similar to random sampling, as it can-
not directly assess the informativeness of samples. Combining both rewards ensures both
biological quality and diversity and allows the model to achieve optimal performance with
a performance curve exhibiting a stable upward trend as the sampling ratio increases.
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Table 2: Ablation study and hyperparameter sensitivity analysis in SCR?Net,
where SCR?Net achieves the optimal results with all blocks, and a moderate hy-
perparameter setting provides the best balance between noise and information.

. . Breast Cancer Kidney
Functional Block & Setting MSE] MAE] PCCT MSE] MAE|] PCC?t
w.o. Retrieval Reference Module 0.6318 0.6377 0.1592 0.7460 0.6811 0.1851
w.o. Cell Type Filtering 0.6032 0.5992 0.1786 0.6952 0.6531 0.2235
w. All functional blocks 0.7038
K=10,T=3 0.6079 0.6198 0.1680 0.7236 0.6814 0.2187
Retrieval Module K=20,T=5 0.5912 0.6059 0.1711 0.6643 0.2225
K =50,T=10 0.7038
K =100,T =20 0.5925 0.1839 0.7239 0.6712 0.1977
m = 0.05 0.6052 0.6035 0.1743 0.7135 0.6659 0.2102
Confidence Mask  m = 0.15 0.7038
m = 0.35 0.6233 0.6281 0.1590 0.7465 0.7005 0.1920

Functional Blocks in SCR?Net. As shown in Table 2, removing the Retrieval Reference
Module leads to an increase in MSE | from 0.7038 to 0.7460 and a decrease in PCC 71
from 0.2391 to 0.1851 on the Kidney dataset, which indicates its effectiveness in providing
reference priors by incorporating similar spots. Meanwhile, the majority cell type filtering
mechanism suppresses interference from noisy references by excluding low-quality retrieved
spots, thereby enhancing the biological relevance and quality of retrieval references.
Sensitivity Analysis of Hyperparameters. We tested different combinations of candi-
date pool size K, retained cell types T', and confidence mask threshold m for the retrieval
module. Results in Table 2 indicate that overly small values of K and T (e.g., K = 10,
T = 3) or a higher threshold m limit the richness of reference information and reduce the
number of effective reference spots. Conversely, overly large settings of K and T or a lower
threshold fail to effectively filter noisy matches, leading to performance degradation. There-
fore, moderate hyperparameter settings achieve the optimal trade-off between suppressing
noisy matches and preserving informative retrieval references.

5. Conclusion

We propose SCR2-ST, a unified framework that bridges single-cell prior knowledge with
ST to enable efficient data acquisition and accurate expression prediction. Moving beyond
traditional fixed-grid sampling, SCRL constructs biologically grounded reward signals by
integrating single-cell prior knowledge with spatial density cues, guiding the policy network
to prioritize informative regions while avoiding redundant measurements. SCR2Net then
fuses direct regression with retrieval-augmented inference, where cell-type-aware filtering
suppresses noise and retrieved soft labels regularize the learning process. FExtensive ex-
periments on public datasets validate our framework’s superior performance across diverse
prediction architectures, with notable gains under low-budget constraints. By unifying ac-
tive sampling and hybrid prediction within a single-cell-empowered paradigm, SCR2-ST
offers a scalable solution for efficient spatial transcriptomics modeling and establishes a
foundation for future research in budget-aware biomedical data acquisition.
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Appendix A. Additional Details of Dataset

We evaluate all methods on three public spatial transcriptomics (ST) datasets: HER2 (An-
dersson et al., 2021), Breast Cancer (He et al., 2020), and Kidney (Lake et al., 2023). The
HER2 dataset comprises 8 patient samples with 36 WSIs and 13,620 spatial spots in total.
The Breast Cancer dataset consists of 23 samples with 68 WSIs and 30,066 spots. The
Kidney dataset includes 22 samples with 23 WSIs and 25,944 spots. The spot diameter for
HER2 and Breast Cancer is 100 ym, whereas the Kidney dataset adopts a smaller 55 ym
spot diameter. For the external single-cell datasets, we use two million cells from (Lake et al.,
2025) as the reference for the Kidney dataset, and around three million cells from (Chen
et al., 2025; Reed et al., 2024; Klughammer et al., 2024) as the reference for the Breast
Cancer and HER2 datasets.

For each spot location, we extracted a 224 x 224 pixel histology patch centered on
its spatial coordinate as model input. To construct the prediction targets, we selected
the top 300 genes with the highest variance in expression within each dataset. Following
BLEEP (Xie et al., 2024), we applied a log(1 + z) transformation to the raw count matrices
to alleviate the heavy-tailed distribution characteristic of ST expression data (He et al.,
2020). The dataset-specific selected genes are visualized in Appendix Figure 4.
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'LLGL2, 'CCT3" 'EIF3B', 'ZNF90', 'SH3BGRL3, 'MZBI', 'CDC37,, 'PTBP1', 'AP2MI', 'IGFBP7, 'ENSA', 'EIFAG!'

Figure 4: Selected high variance genes for gene expression prediction task across
datasets.
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Appendix B. Additional Implementation Details

To evaluate the effectiveness of our sampling strategy, we compare it against three represen-
tative baselines: Monte Carlo random sampling, uncertainty-based sampling (Safaei et al.,
2024), and diversity-driven sampling (Zhdanov, 2019).

Uncertainty-based sampling. This method estimates prediction uncertainty via Monte
Carlo Dropout. Specifically, we insert a Dropout layer (drop rate = 0.1) after the feature
extraction block of the vision encoder, and the model outputs the expression values of 300
genes. During uncertainty estimation, the Dropout layer remains activated, and we perform
T = 20 stochastic forward passes for each patch. We compute the variance across these
predictions and use its mean as the entropy score. Higher entropy indicates greater model
uncertainty, and patches with high entropy are prioritized during sampling.
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Figure 5: Comparison of different sampling ratios (10-75%) across datasets. Our
SCR?Net consistently achieves lower MSE and higher PCC, especially under low
sampling budgets.

Diversity-driven sampling. This method encourages sample diversity based on feature
similarity. We first extract 1024-dimensional visual features using the vision encoder during
training. These features are standardized and reduced to 128 dimensions via PCA, followed
by clustering using DBSCAN. To avoid insufficient cluster granularity, we incorporate a
dynamic adjustment mechanism: the minimum cluster count is adaptively set to v/N/5,
where N denotes the total number of samples. If DBSCAN yields too few clusters, we
automatically switch to KMeans to enforce the desired number of clusters. During sampling,
patches are drawn uniformly from each cluster to ensure diverse coverage of tissue regions.
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SCR2-ST

Our SCRL sampling strategy. For the multi-objective reward function, we set wg. = 20,
Wiype = D, and wgpa = 0.05 to balance manifold coverage, cell-type diversity, and spatial
density constraints. The loss weights A., A,, and Axp are set to 1.0, 0.25, and 0.25,
respectively. We adopt a similarity confidence mask with threshold m = 0.15. Active
sampling proceeds for 20 rounds, with the sampled training set updated every 5 epochs.
The initial round employs random sampling for warm-up. A fixed seed of 42 is used for
reproducibility. During retrieval, we select the top-50 most similar expression profiles and
retain only the top-10 dominant cell types for robust reference aggregation.
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Figure 6: Comparison of sampling strategies across multiple methods on different
datasets. We evaluate performance under training data ratios of 10%-75% to
simulate low-resource scenarios, with each curve denoting a sampling strategy.
Our proposed SCRL sampling consistently achieves better performance across
datasets and models, particularly in low-budget (10%-25%) regimes.

Appendix C. Additional Experimental Results

Due to space limitations in the main manuscript, we provide additional experimental re-
sults in this appendix, including the comparison of different sampling ratios across datasets
(Figure 5), the comparison of sampling strategies evaluated on mlSTExp and TRIPLEX
benchmarks (Figure 6), and an ablation study on the reward function design (Figure 7).
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Figure 7: Ablation study of reward function in our proposed SCRL sampling.
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