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1. Mutual Information Maximization Analysis
1.1. Content-invariant Features by Lcontent

Here we demonstrate that the proposed Lmodal can help the
model to learn content-invariant features, via the analy-
sis of mutual information maximization. Specifically, mu-
tual information captures the nonlinear statistical dependen-
cies between variables. For cross-content contrastive loss
Lcontent, the mutual information for the positive pair (z, z+)
is defined as

I(z, z+) =
∑
z,z+

p(z, z+) log
p(z, z+)

p(z)p(z+)

=
∑
z,z+

p(z, z+) log
p(z|z+)
p(z)

.

In the above equation, (z, z+) ∼ ([Ch]j , [Ĉy]j), so this
equation can be re-write as

I(z, z+)content

=
∑

[Ch]j ,[Ĉy]j

p([Ch]j , [Ĉy]j) log
p([Ch]j , [Ĉy]j)

p([Ch]j)p([Ĉy]j)

=
∑

[Ch]j ,[Ĉy]j

p([Ch]j , [Ĉy]j) log
p([Ch]j |[Ĉy]j)

p([Ch]j)
.

where p([Ch]j |[Ĉy]j)/p([Ch]j) represents the density
ratio between the two elements of the positive pair. Accord-
ing to the proof in [6, 7], the optimization of contrastive
loss based on maximum likelihood estimation is equal to
estimating the density ratio in positive training pairs. There-
fore, with the minimization of Lcontent, we can achieve mu-
tual information maximization between the positive pair
of (z, z+). Besides, the original images of the positive
pair [Ch]j and [Ĉy]j are from the same tissue content yet

with different modalities of histology image and ST maps.
Therefore, the proposed Lcontent can force the model to learn
tissue content-invariant features for ST enhancement.

1.2. Joint Content- & Modality-invariant Features
by L inter-sphere

In addition, the proposed Linter-sphere can also help the model
to learn both content-invariant and modal-invariant fea-
tures. Similarly, for inter-sphere contrastive loss Linter-sphere,
the mutual information for the positive pair (z, z+) ∼
([Mh]j , [Ch]j) is defined as

I(z, z+)inter-sphere

=
∑

[Mh]j ,[Ch]j

p([Mh]j , [Ch]j) log
p([Mh]j , [Ch]j)

p([Mh]j)p([Ch]j)

=
∑

[Mh]j ,[Ch]j

p([Mh]j , [Ch]j) log
p([Mh]j |[Ch]j)

p([Mh]j)
.

where p([Mh]j |[Ch]j)/p([Mh]j) represents the density
ratio between the two elements of the positive pair. There-
fore, with the minimization of Linter-sphere, we can achieve
mutual information maximization between the positive pair
of (z, z+). Of note, the original images of the positive
pair [Mh]j and [Cy]j are from the same tissue content and
modality, but are derived from different encoders. Hence,
the proposed Linter-sphere can force the model to learn both
tissue content-invariant and modal-invariant features for ST
enhancement.

2. Overall Loss

By combining the basic loss Lmse of the diffusion model and
the cross-modal cross-content contrastive loss, the overall
loss function for our C3-Diff framework can be formulated
as
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Table 1. Implementation details of our proposed method.

Number of genes included in this study 200
Initial value of imputation adjusting factor α 1
Initial value of imputation adjusting factor β 1
λmse for Lmse 2
λmodal for Lmodal 1
λcontent for Lcontent 1
λinter−sphere for Linter−sphere 1
Exponential decay rate β1 and β2 for AdamW optimization 0.9 and 0.999
Epsilon ϵ for AdamW optimization 1× 10−8

Weight decay for AdamW optimization 1× 10−5

Loverall = λmseLmse + λmodalLmodal + λcontentLcontent

+ λinter−sphereLinter-sphere

where λmse, λmodal, λcontent and λinter−sphere are
hyper-parameters to balance the diffusion loss, cross-modal
contrastive loss, cross-content contrastive loss and inter-
sphere contrastive Loss. Of note, the modality incomplete
samples only contribute to the optimization of our basic loss
Lmse of the diffusion model.

3. Datasets and Implementation Details

3.1. Dataset Preparation
Overall, we evaluate our model on four public datasets,
i.e., Breast-Xenium [3], Melanoma-Xenium [8], Breast-
SGE [4], and Breast-ST [1]. In all datasets, we use LR
ST maps and paired HR histology images to restore 5×
and 10× HR ST maps, consistent with settings in [2, 9].
For downsampling, we use standard bicubic interpolation.
In addition, with the gene panels (280 genes) in the four
datasets, we choose the top 200 highly variable genes for
our task. Totally, we include 514 histology images and
102,800 ST maps across 200 genes. See below for more
details of dataset preparation and evaluation metrics.

All train/val/test splits are performed at the patient level
across all datasets, so no patient appears in multiple splits
(i.e., no leakage). For HVG selection, we follow standard
practice by selecting the top-N HVGs (as in widely used
pipelines such as Seurat and Scanpy) to reduce low-variance
noise. For the 280-gene setting, we use N = 200 (70%) as
a simple, round cutoff.
Breast-Xenium Dataset: We randomly split the 232 histol-
ogy images of human breast cancer (with 46,400 ST maps)
into 99 (with 19,800 ST maps) for training, 49 (with 9,800
ST maps) for validation, and 84 (with 16,800 ST maps) for
test. For both SR times, the histology images are of 256 ×
256 pixels at 10 µm px−1, while the LR ST maps are of 26
× 26 pixels at 100 µm px−1. Besides, the HR ST maps are

of 256 × 256 pixels at 10 µm px−1 and of 128 × 128 pixels
at 20 µm px−1 for 10× and 5× SR, respectively.
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Figure 1. Additional visual comparisons at 5× and 10× scales
on the Breast-Xenium dataset. The ST maps are overlayed on the
paired histology image for better visualisation. Note that KRT7,
GATA3 and DST denote different genes.

Melanoma-Xenium Dataset: We randomly split the 12
histology images of melanoma (with 2,400 ST maps) into
7 (with 1,400 ST maps) for training, 2 (with 400 ST maps)
for validation, and 3 (with 600 ST maps) for test. Besides,
the resolution setting is the same as Breast-Xenium.
Two External Validation Datasets: The Breast-SGE (47
histology and 9,400 ST) and Breast-ST (223 histology and
44,600 ST) are with the same resolution setting as Breast-
Xenium and are both set as external validation datasets.
Evaluation Metrics: We use Root MSE (RMSE) and
Pearson correlation coefficient (PCC) to evaluate the per-
formance of ST enhancement. For Breast-Xenium and
Melanoma-Xenium datasets, we have HR ST as ground
truth, while the HR ST is unavailable in two external val-
idation sets, so we follow [2] for model evaluation, where
ST enhancement should retain the original spot level pattern
while increasing resolution. Specifically, the enhanced ST
maps are first downsampled to LR, and then used to calcu-
late metrics with paired LR ST.



3.2. Implementation Details
We use ControlNet as our backbone, with off-the-shelf rep-
resentation of the unconditional image synthesis task on
CelebA-HQ dataset [11]. We train our model for 50 epochs
on two NVIDIA RTX A5000 24 GB GPUs, with batch size
16 and learning rate 0.00001 with AdamW optimizer [5].
Following [10], C3-Diff uses the sampling steps of 50 and
eta of 0. See other key hyper-parameters in the Table 1. The
contrastive learning and ControlNet are trained jointly. All
hyper-parameters are tuned to achieve the best performance
over the validation set. Our method is implemented on Py-
Torch with the Python environment.

4. Cell Type Localization
Assume that the total number of genes incorporated in the
model is K (K=200 in our paper). Let T (T=7 in our pa-
per) be the total number of candidate cell types, which in-
clude 7 type of immune-related cells of B cell,T cell CD4,T
Cell CD8, T cells regulatory (Tregs), Macrophages M0 cell,
Macrophages M2 cell and plasma cell. For each cell type
t ∈ {1, ..., T}, suppose we have a list of marker gene in-
dices I − t, which is a subset of {1, ...,K}. For each
marker gene k ∈ It, we standardize its predicted super-
resolution gene expression image Xk ∈ R256×256 into
the range of [0.0, 1.0] and obtain X̂k ∈ R256×256, where
X̂k = (Xk − minXk)/(maxXk − minXk). Then for each
pixel (i, j) in X̂k, we compute the score for cell type t
by averaging the standardized gene expressions of all its
marker genes:

si,jt = |It|−1
∑
k∈It

X̂i,j
k , where|It|is the number of genes inIt

(1)
Finally, the cell type with the maximal probability score

can be obtained as ti,jmax = argmax1≤t≤T s
i,j
t , with si,jmax =

max1≤t≤T s
i,j
t as the score of this cell type.
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