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Abstract

Spatial Transcriptomics (ST) provides spatially-resolved
gene expression, offering crucial insights into tissue archi-
tecture and complex diseases. However, its prohibitive cost
limits widespread adoption, leading to significant attention
on inferring spatial gene expression from readily available
whole slide images. While graph neural networks have been
proposed to model interactions between tissue regions, their
reliance on pre-defined sparse graphs prevents them from
considering potentially interacting spot pairs, resulting in a
structural limitation in capturing complex biological rela-
tionships. To address this, we propose FEAST (Fully con-
nected Expressive Attention for Spatial Transcriptomics),
an attention-based framework that models the tissue as a
fully connected graph, enabling the consideration of all
pairwise interactions. To better reflect biological interac-
tions, we introduce negative-aware attention, which mod-
els both excitatory and inhibitory interactions, capturing
essential negative relationships that standard attention of-
ten overlooks. Furthermore, to mitigate the information loss
from truncated or ignored context in standard spot image
extraction, we introduce an off-grid sampling strategy that
gathers additional images from intermediate regions, allow-
ing the model to capture a richer morphological context.
Experiments on public ST datasets show that FEAST sur-
passes state-of-the-art methods in gene expression predic-
tion while providing biologically plausible attention maps
that clarify positive and negative interactions. Our code
is available at https://github.com/starforTJ/
FEAST.

1. Introduction

Spatial Transcriptomics (ST) is a technology that quanti-
fies mRNA expression within its spatial context, thereby
enabling the analysis of gene expression while preserving
spatial organization [22, 25, 29]. Traditional genomic ap-
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proaches struggle to identify which cells within a tissue
interact with one another. Although single-cell RNA se-
quencing (scRNA-seq) allows the analysis of RNA expres-
sion at the cellular level [12, 26], determining whether such
cell-to-cell communication truly occurs within the tissue’s
spatial architecture remains challenging. ST overcomes this
limitation by maintaining spatial information during tran-
scriptome profiling, facilitating deeper insights into biolog-
ically crucial problems such as tumor microenvironment
characterization [3, 17, 32] and developmental tissue anal-
ysis [24, 30]. Despite its advantages, acquiring ST data re-
mains highly expensive, making it difficult for individual
researchers to obtain routinely.

To address this issue, recent studies have proposed deep
learning–based approaches to infer ST data directly from
histopathological images [5, 9, 10, 19]. These methods pre-
dict spatial mRNA expression profiles from readily avail-
able hematoxylin and eosin (H&E)-stained whole slide im-
ages (WSIs). The fundamental data unit in this task is the
spot,1 where the goal is to predict its corresponding gene
expression using the spot image (or patch).

The underlying premise of these approaches is that the
morphological structure of tissue is closely correlated with
its gene expression profile. Effectively capturing such struc-
tures requires considering not only individual spots but also
their relationships, as biological tissue microenvironments
arise from complex inter-spot interactions [2, 6]. Conse-
quently, mainstream approaches employ graph neural net-
works (GNNs) built on manually pre-defined sparse graphs.
In these graphs, each node represents a spot, and edges con-
nect spots based on pre-defined criteria such as spatial adja-
cency or morphological feature similarity.

However, pre-defined sparse graphs inherently limit a
model’s ability to capture meaningful interactions between
spots that are not assigned as neighbors (Figure 1(a)). In
practice, it is impossible to know a priori which spot

1To prevent ambiguity, we define our terms as follows: spot refers to the
ST data unit (i.e., location + expression); spot image (or patch) refers to the
model’s image input; and gene expression refers to the model’s prediction
target.
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Figure 1. Conceptual overview of our proposed framework, illustrating how it addresses key challenges of prior ST methods. Existing
approaches are limited by sparse graphs that miss potential interactions, standard positive-only relationships in attention that omit inhibitory
interactions, and sparse information that leads to information loss in off-grid regions. Our framework overcomes these limitations by
employing a fully connected graph to consider all-pairs interactions, introducing a novel negative-aware attention to explicitly model both
positive and inhibitory relationships, and utilizing pseudo-spots to capture and leverage off-grid information.

pairs potentially interact within a tissue; thus, all pair-
wise interactions should be considered during modeling.
To this end, we advocate a fully connected graph archi-
tecture rather than a predefined sparse one. We further ob-
serve that such a fully connected structure can be natu-
rally realized through the attention mechanism, motivating
FEAST (Fully connected Expressive Attention for Spatial
Transcriptomics), an attention-based framework designed
to model tissue-wide interactions. Nonetheless, the standard
attention mechanism may fail to fully capture the biological
nature of ST data, and existing methods often lose valuable
image information. To overcome these limitations, we in-
troduce two complementary methods.

First, to model complex relationships among spots more
expressively, we propose negative-aware attention (Fig-
ure 1 (b)). Conventional attention weights are constrained to
be non-negative, thereby capturing only similarity or posi-
tive correlations between spots. However, in biological sys-
tems, gene interactions can be both excitatory (positive)
and inhibitory (negative). For example, in the tumor mi-
croenvironment, the PD-L1/PD-1 immune checkpoint path-
way suppresses immune-related gene expression in sur-
rounding cells [18, 31]. To represent such duality, our at-
tention formulation allows both positive and negative val-
ues without additional computational cost. This design not
only improves predictive performance but also enhances in-
terpretability of the attention mechanism by distinguishing
excitatory and inhibitory relationships within the attention
map, yielding biologically more plausible explanations.

Second, to mitigate the loss of morphological informa-

tion caused by patch-based processing, we propose an off-
grid sampling strategy (Figure 1 (c)). We observe that bi-
ologically informative regions between adjacent spots are
often truncated and underutilized due to fixed patch bound-
aries. In some cases, spots are separated by large distances,
leaving intermediate image regions entirely unused, which
further exacerbates information loss. Our approach samples
pseudo-spots from off-grid locations around each original
spot and models interactions between original and pseudo-
spots. This strategy enables the model to exploit previously
overlooked, information-rich regions of the tissue image. To
efficiently manage the resulting increase in input images,
we employ a hierarchical attention mechanism, thereby en-
hancing both spatial continuity and biological fidelity with-
out excessive computational cost.

Our contributions can be summarized as follows:
• We propose FEAST, an attention-based framework that

models the tissue as a fully connected graph to overcome
the limitations of pre-defined sparse graphs. FEAST in-
troduces negative-aware attention to model both excita-
tory and inhibitory biological relationships.

• We introduce an off-grid sampling strategy to mitigate
critical morphological context lost by standard spot im-
age extraction, and a hierarchical attention mechanism to
make this approach computationally efficient.

• Comprehensive experiments on public ST datasets
demonstrate that our framework outperforms current
state-of-the-art models in gene expression prediction,
while also offering enhanced, biologically plausible in-
terpretability.
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2. Related Work

Predicting spatial gene expression profiles from H&E
stained WSIs is a key challenge for understanding the tissue
microenvironment. This approach is based on the premise
that the morphological structure of a tissue is closely cor-
related with its gene expression profile. The initial study,
ST-Net [10], processed each image patch individually us-
ing a convolutional neural network. This method had a clear
limitation as it did not consider interactions between spots,
thereby ignoring the spatial context, both local and global.

One direction has been the attempt to capture complex
interactions between spots and the overall spatial context
using Vision Transformers (ViT) [8], such as in HisTo-
Gene [19]. However, ST data inherently possesses charac-
teristics of scarcity and heterogeneity. This early applica-
tion of ViT in the ST field was not only vulnerable to these
data limitations, but ViT was often applied naively with-
out deeply considering the biologically valid interactions
within spatial transcriptomics data. These factors combined
to limit ViT from fully replicating the high performance
seen in the natural image domain within ST data. Another
approach, TRIPLEX [5], utilized transformer blocks to ex-
tract features from a fixed three-resolution view—the target
patch, its neighbors, and the whole slide—and then fused
them. However, this method had a rigid prior and was lim-
ited in its ability to discover flexible, data-driven interac-
tions between distant but morphologically similar spots.

In parallel with these attempts, the dominant research
trend has focused on modeling spot interactions using
GNNs. The initial GNN model, Hist2ST [28], relied on ex-
tremely restrictive local connections, such as a 4-nearest-
neighbor graph. This presented a clear limitation in learning
long-range interactions. Consequently, subsequent research
focused on how to construct a more sophisticated and mean-
ingful graph. MERGE [9] proposed a hierarchical graph by
clustering spots based on two criteria (multi-faceted): (1)
spatial proximity and (2) morphological similarity (feature-
space), and then creating shortcut edges between them. This
GNN-based research flow remains the mainstream even to-
day. Recently proposed studies [14, 21, 23] continue to ad-
vance GNN methodology by introducing hypergraphs, and
multi-modal topologies. All these studies share a common
goal of designing more intelligent sparse graphs.

3. Method

In this section, we detail the FEAST framework, as illus-
trated in Figure 2. We begin by revisiting the fundamen-
tal limitations of the standard GNN-based methodology for
WSI-based gene expression prediction (Sec. 3.1). Next, to
overcome these limitations, we introduce an attention-based
framework that effectively models the all-pairs interactions
between spots (Sec. 3.2). We then describe negative-aware

attention, a novel mechanism designed to explicitly model
negative relationships, which are a key aspect of biological
interactions that standard attention mechanisms may fail to
capture (Sec. 3.3). Finally, we propose an off-grid sampling
strategy to prevent information loss in ST data, and intro-
duce a hierarchical attention mechanism to efficiently man-
age the resulting increase in computational cost (Sec. 3.4).

3.1. Limitations of Sparse Graph Modeling
Given that biological tissue microenvironments arise from
complex inter-spot interactions, GNNs have emerged as a
natural and widely adopted approach to model these rela-
tionships. To construct the graphs required for GNNs, these
methods rely on the underlying premise that the morpholog-
ical structure of a tissue is closely correlated with its gene
expression profile. Specifically, edges are typically defined
based on two core assumptions: first, spatial proximity,
which posits that spatially adjacent spots share similar gene
expression; and second, feature similarity, which assumes
that spots with similar morphological features share expres-
sion patterns regardless of their spatial distance. However,
we argue that relying on such pre-defined, sparse graphs
presents a fundamental limitation. In these structures, con-
nections are restricted to a limited number of neighbors,
leaving the vast majority of spot pairs unconnected. This
implies that any potential biological interaction between
these unconnected spots is inevitably ignored by design.
Consequently, these methods are structurally incapable of
fully modeling the complex, tissue-wide interactions where
every spot potentially influences every other spot.

3.2. Attention to Fully Connected Graphs
To directly address the structural limitation of sparse
graphs, we propose FEAST, a framework designed to model
the tissue as a fully connected graph and capture all poten-
tial pairwise interactions. Unlike GNNs that rely on pre-
defined sparse edges, FEAST leverages the self-attention
mechanism to dynamically learn the strength of interactions
between every spot pair (Figure 3). We observe that the in-
herent architecture of the attention mechanism, particularly
the inner product between query (Q) and key (K) matrices,
naturally models this fully connected structure.

Given N spots in a WSI, we first obtain the spot fea-
ture matrix using a feature extractor. The core of the atten-
tion mechanism is to compute the raw attention scores, S,
among all N spots via the dot product of Q and K:

S =
QKT

√
dk

, A = softmax (S) . (1)

The attention weight matrix, A, can be regarded as a dy-
namically weighted, fully connected graph that models all
relationships between spots. Furthermore, the similarity
computed by S serves as a dynamic and learned version of
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Figure 2. The overall architecture of FEAST. The framework first extracts features and spot distance (Bh) from the input WSI. The features
are then processed through L stacked hierarchical attention layers. Each layer consists of two stages: (1) a FEAST Block applied to local
k-nearest neighbors (including pseudo-spots) to absorb spatial context, followed by (2) a second FEAST Block applied to the original spots
for global self-attention. The final representations are passed to an MLP head for gene expression prediction.

the feature similarity criterion, which is a common standard
for graph construction for GNNs in this task.

However, the standard attention mechanism in Eq. 1 is
permutation-invariant, meaning it disregards the spatial ar-
rangement of spots and the distances between them. This is
suboptimal, as it fails to incorporate the essential assump-
tion that spatially closer spots are more related. To address
this, we incorporate a static, non-learned positional bias, as
proposed in ALiBi [20] and TITAN [7]. Concretely, for the
h-th attention head, a positional bias matrix Bh is added to
the raw attention score Sh before the softmax operation. For
a spot i at 2D coordinate (ix, iy) and a spot j at (jx, jy), the
bias Bh(i, j) is computed as the Euclidean distance scaled
by a head-specific, fixed negative scalar mh:

Bh(i, j) = mh ·
√
(ix − jx)2 + (iy − jy)2. (2)

mh is a non-learned hyperparameter unique to each head.
By assigning a different positional bias, each attention head
can model a distinct field of view. Heads with a large |mh|
specialize in local interactions by strongly penalizing atten-
tion to distant spots, while heads with an mh close to 0 can
freely learn global, long-range relationships across the tis-
sue. This mechanism allows a single attention block to si-
multaneously model both local and global interactions.

3.3. Negative-aware Attention
Although the attention mechanism allows us to model all-
pairs interactions, it still has a limitation in capturing the full
complexity of biological relationships. One of these limi-
tations stems from the standard softmax operation, which
constrains the calculated attention weights to a range of
[0.0, 1.0]. A high weight indicates a strong positive relation-
ship, while a low weight simply means the spots are irrele-
vant, signifying an absence of relation.

However, this approach is fundamentally insufficient. In
complex biological systems, inhibitory (negative) relation-
ships clearly exist, where one factor is actively suppressed
by another. The negative relation is completely different
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Figure 3. Detailed architecture of the FEAST Block. This block,
which serves as the core attention mechanism in our frame-
work, explicitly models both positive (excitatory) and negative (in-
hibitory) relationships. The raw feature score (qkT ) and its inver-
sion (−qkT ) are used to compute positive and negative scores, re-
spectively, both incorporating the same positional bias (Bh). After
softmax normalization (σ), the final attention weight is computed
by subtracting the negative weight from the positive weight. This
results in an attention map that can capture both positive (red) and
negative (blue) biological relationships.

from the absence of relation, yet it has been largely over-
looked in prior works. The standard softmax-based atten-
tion mechanism is incapable of modeling this negative re-
lationship. We, therefore, propose a slight modification to
the attention operation to explicitly model both positive and
negative relationships.

Our approach is based on the assumption that a spot-to-
spot relationship cannot be both positive and negative at the
same time. We define the positive attention score (Spos,h)
as the full raw score from the dot product and positional
bias. To model the negative interactions (i.e., relationships
that Spos,h would assign low scores to), we define the nega-
tive attention score (Sneg,h) as a simple sign inversion of the
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Figure 4. Limitations of the standard fixed-size patch extraction
and the motivation for our off-grid sampling. (a) Patch Gaps
(Missed Context): Sparse sampling creates off-grid gaps between
original patches, causing critical context to be ignored. (b) Trun-
cated Morphological Structures: A single, coherent morphological
structure is arbitrarily truncated by the grid boundaries. Our pro-
posed pseudo-spots are sampled from these information-loss re-
gions to restore the complete context.

feature-based dot product:

Spos,h = Sh + Bh, Sneg,h = −Sh + Bh. (3)

Higher Spos,h indicates a strong positive relationship be-
tween two spots, whereas spot pairs that had low values in
Spos,h will now have high values in Sneg,h. This formulation
is the simplest way to satisfy our assumption.

These two attention scores are then passed through the
softmax function to generate attention weights, Apos,h and
Aneg,h. When calculating the negative attention weight
Aneg,h, we introduce a temperature scaling parameter τneg:

Aneg,h = softmax
(
Sneg,h

τneg

)
. (4)

Here, τneg controls the distribution of the negative influence.
We set τneg < 1, which sharpens the distribution and forces
the model to focus only on the strongest negative relation-
ships. Lastly, we combine these two weights to calculate the
final attention weight, Afinal,h, using a hyperparameter β to
scale the negative contribution:

Afinal,h = Apos,h − β ·Aneg,h. (5)

Unlike standard attention, Afinal,h can now have negative
values, enabling our model to capture complex relationships
between spots that conventional attention mechanisms may
fail to model.

3.4. Off-grid Sampling Strategy
Most current gene expression prediction frameworks extract
fixed-size square patches centered on the coordinates pro-
vided by ST data, which are typically arranged in a grid.
However, due to the limitations of ST data acquisition, sig-
nificant gaps often exist between these spot coordinates.

In some cases, the distance between adjacent spots is even
larger than the fixed patch size itself.

Such fixed-size square patch extraction inevitably leads
to spatial information loss, as critical morphological struc-
tures can be truncated or context from off-grid gaps is ig-
nored, as illustrated in Figure 4. While ensuring higher res-
olution ST data (e.g., Visium HD) might resolve this prob-
lem, doing so is often prohibitively expensive. Alternatively,
one might utilize larger patch sizes to create overlaps be-
tween patches. However, this strategy introduces a new crit-
ical flaw: resizing these large patches to the model’s input
size causes significant information loss, as morphological
details can be distorted or erased in the process. This loss
of detail is critical in computational pathology, where such
structures are crucial.

To address this problem, we propose an off-grid sam-
pling strategy, which introduces pseudo-spots by extracting
additional patches from the intermediate locations between
the original spot coordinates. These pseudo-spots capture
critical morphological context that was previously lost. For
example, they can complete morphological structures trun-
cated by the original patch boundaries or include image re-
gions that were missed in the gaps. This allows the model
to leverage a much richer surrounding context. However, in-
troducing these pseudo-spots significantly increases the to-
tal number of spots (N ), making the O(N2) computational
cost of the attention mechanism (Eq. 1) computationally un-
affordable. To solve this issue, we propose a two-stage hi-
erarchical attention block:

• Local k-NN Attention: In this stage, both original spots
and pseudo-spots attend only to their k-nearest neighbors.
This procedure serves two purposes: it models spot in-
teractions based on spatial proximity, and it allows the
original spots to efficiently absorb rich context from their
neighboring pseudo-spots.

• Global Self-Attention: Self-attention is then applied only
to the original spots, which have now been enriched with
local context from the previous stage. This step remains
computationally affordable, as the attention complexity
scales only with the number of original spots, which is
significantly smaller than the total number of spots.

It is important to note that the attention operation used in
both stages is our proposed negative-aware attention (from
Sec. 3.3) that incorporates the positional bias (from Eq. 1).
The only difference is the set of spots to which the attention
is applied. After stacking L blocks of this hierarchical at-
tention block, the final representations of the original spots
are fed into an MLP head to predict their target gene expres-
sion levels. The entire framework is trained using the Mean
Squared Error loss (LMSE).
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Table 1. Cross-validation performance on the ST-Net [10], Her2ST [1] and SCC [13] datasets including baselines. The best results are in
bold, and the second best are underlined. The performance for all baseline models are cited directly from the MERGE [9].

Method ST-Net Her2ST SCC
MSE ↓ MAE ↓ PCC ↑ MSE ↓ MAE ↓ PCC ↑ MSE ↓ MAE ↓ PCC ↑

ResNet+FCN 0.1999 0.3448 0.5221 0.6623 0.6385 0.4629 0.6103 0.6290 0.4619
BLEEP [27] 0.3756 0.4736 0.0784 0.7426 0.6591 0.2747 0.6079 0.6013 0.4176
HisToGene [19] 0.3054 0.4336 0.1211 0.9452 0.7739 0.2062 0.3095 0.4367 0.1225
Hist2ST [28] 0.3811 0.4822 0.1525 0.7843 0.7286 0.2479 1.0190 0.7639 0.3003
THItoGene [14] 0.2925 0.4111 0.3666 0.8436 0.7069 0.3445 0.6798 0.6442 0.3897
TRIPLEX [5] 0.1472 0.2943 0.2320 0.8982 0.6946 0.3927 0.4891 0.5356 0.5416
MERGE [9] 0.1347 0.2834 0.6795 0.6422 0.6255 0.5037 0.5353 0.5838 0.5512

FEAST (Ours) 0.1177 0.2639 0.7155 0.5761 0.5782 0.5524 0.4501 0.5239 0.5811

4. Experiments
We detail the experimental methodology used to evaluate
FEAST. All experiments strictly follow the protocol estab-
lished by MERGE [9] to ensure a direct comparison with
previous state-of-the-art results.
Datasets and Preprocessing. We utilize three public
datasets: two breast cancer datasets (ST-Net [10] and
Her2ST [1]) and one skin cancer dataset (SCC [13]). These
datasets consist of 68 samples from 23 patients, 36 samples
from 8 patients, and 12 samples from 4 patients, respec-
tively. The average number of in-tissue spots per sample
is approximately 450, 378, and 723. For image preprocess-
ing, spot images are extracted as 256 × 256 pixel patches
from ×20 magnification histopathology images, centered at
the ST spot coordinates. For gene expression preprocess-
ing, we first follow the protocol by selecting the top 250
most expressed genes for each dataset. The target gene ex-
pression profiles are then smoothed using SPCS [16], the
smoothing technique that considers both spatial location
and gene expression patterns. All results reported hereafter
are trained and evaluated on this SPCS-smoothed data. For
a more comprehensive description of the preprocessing pro-
tocol, we refer the reader to the original MERGE paper.
Evaluation metrics. We evaluate generalization perfor-
mance using an 8-fold cross-validation across all slides. All
presented results report the average of these folds. Follow-
ing prior works, model performance is measured using three
metrics: Mean Squared Error (MSE), Mean Absolute Error
(MAE), and Pearson Correlation Coefficient (PCC).
Baselines. We compare the performance of FEAST
against the seven baseline models reported in MERGE [9]:
ResNet18 with fully connected layer (FCN), BLEEP [27],
HisToGene [19], Hist2ST [28], THItoGene [14],
TRIPLEX [5], and MERGE [9]. To ensure a direct
and fair comparison, we trained FEAST using the identical
experimental protocol, data splits, and preprocessing
(SPCS-smoothed data) as MERGE.
Implementation details. We trained a model on a single
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Figure 5. Qualitative comparison of predicted gene expression
heatmaps for FEAST and MERGE. Each row presents a side-by-
side comparison for the cancer-relevant genes FASN and GNAS,
showing the WSI, the ground truth gene expression, and the model
predictions. The PCC scores in parentheses confirm that our model
attains a higher correlation with the ground truth expressions.

NVIDIA RTX A6000. For the spot image feature extractor,
we utilized UNI2-h [4] as a fixed without additional train-
ing. For FEAST, the number of neighbors for the local k-
NN attention (k) was set to 32, and all results are based on
this k unless specified otherwise. The hyperparameters for
negative-aware attention were set to τneg = 0.6 and β = 1.5.
Additional training details, such as learning rate and opti-
mizer, are provided in the Supplementary Material.

4.1. Quantitative Results

Table 1 summarizes the cross-validation performance of
FEAST and baseline models across three datasets. Our
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Figure 6. Illustration of the effect of pseudo-spots (off-grid sam-
pling) on target spot prediction. The PCC value in parentheses rep-
resents the prediction accuracy for this target spot (green box). The
original spots surrounding the target spot (red boxes) are spatially
sparse, failing to adequately capture the target’s information (w/o
pseudo-spot). The PCC value improves when pseudo-spots are in-
corporated (Ours). This result emphasizes the necessity of our ap-
proach when surrounding information is sparse.

framework achieved overall state-of-the-art performance,
recording the best results in 7 out of 9 evaluation metrics
and surpassing previous models across all tested datasets.
This dominance was particularly evident in the breast can-
cer datasets, ST-Net and Her2ST, where our model outper-
formed all baselines across all metrics. The performance
gain was most pronounced in the Her2ST dataset, where
FEAST achieved an MSE of 0.5761 and a PCC of 0.5524,
significantly improving upon the previous best results. In
the SCC dataset, HisToGene recorded the best performance
in MSE and MAE. However, FEAST achieved the best per-
formance in PCC with a score of 0.5811. This indicates that
our model captures the strongest linear relationship between
predicted and actual values, validating its excellent general-
ization ability in this complex prediction task.

4.2. Qualitative Results

Beyond the quantitative metrics, we provide a qualitative
analysis to demonstrate the superiority of FEAST. Figure 5
presents a side-by-side comparison of the predicted gene
expression heatmaps from FEAST and MERGE against
the ground truth for two cancer-relevant genes, FASN and
GNAS [11, 15]. The heatmaps generated by MERGE ap-
pear overly-smoothed and diffuse, failing to capture the
fine-grained spatial patterns and sharp boundaries present
in the ground truth. In contrast, FEAST produces predic-
tions that are visually much closer to the ground truth, ac-
curately restoring the distinct high- and low-expression re-
gions. This visual fidelity is confirmed by the PCC; for in-
stance, in the third row (FASN), FEAST achieves a PCC of
0.7676, whereas MERGE only reaches 0.6342.

To validate the necessity of our off-grid sampling strat-
egy, Figure 6 illustrates its direct impact in challenging sce-
narios characterized by spatial information loss. These ex-
amples represent cases where the target spot (green box) is

Table 2. Performance variation according to the value of k. The
model achieved the best performance at k = 32.

k MSE ↓ MAE ↓ PCC ↑
8 0.5821 0.5819 0.5453
16 0.5796 0.5784 0.5504
32 0.5761 0.5782 0.5524
64 0.5793 0.5818 0.5481

100 0.5768 0.5807 0.5484

Table 3. Ablation study on negative-aware attention and off-grid
sampling strategy. The results confirm that applying these methods
yields a performance gain compared to when they are not used.

Negative Off-grid MSE ↓ MAE ↓ PCC ↑
0.5878 0.5875 0.5396

✓ 0.5778 0.5829 0.5464
✓ 0.5829 0.5831 0.5458

✓ ✓ 0.5761 0.5782 0.5524

surrounded by spatially sparse original spots (red boxes) or
where morphological structures are truncated by the fixed
patch boundaries. In these situations, the model fails to cap-
ture the target’s full context when pseudo-spots are not used,
resulting in significantly lower PCC scores (e.g., 0.6284,
0.5131, 0.7694). However, by incorporating pseudo-spots
from the surrounding off-grid locations, the model gains ac-
cess to a much richer morphological context. This leads to
a substantial improvement in prediction accuracy (0.7203,
0.6172, and 0.8349, respectively). This result confirms that
our off-grid sampling strategy is essential for restoring mor-
phological integrity when the surrounding context is sparse
or incomplete.

4.3. Ablation Study
In this section, we analyze the impact of our model’s key
design elements. We conducted an ablation study to verify:
(1) the impact of k in Local k-NN Attention, (2) the con-
tribution of pseudo-spots, and (3) the effect of the negative-
aware attention mechanism. For brevity, we report the re-
sults on the Her2ST dataset. Full results for all three datasets
are available in the Supplementary Material.

Impact of k in Local k-NN Attention. The value of k in
Local k-NN Attention is a key hyperparameter that deter-
mines how much surrounding information the target spot
references. We analyze its impact using the Her2ST dataset,
with results shown in Table 2. Performance improves as k
increases, reaching its peak at k = 32 across all evaluation
metrics. Beyond this point, further increasing k leads to a
decline in performance. Consequently, we selected k = 32
as the optimal value for FEAST, as it provides the most ro-
bust results while ensuring computational efficiency.
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Figure 7. Comparison of attention maps with and without negative-aware attention. Basic attention (bottom) exhibited limitations, either
misidentifying structurally different spots as positive or failing to capture them entirely. In contrast, when negative-aware attention was
applied (top), it accurately identified structurally dissimilar spots as negative. Notably, we can observe that it clearly distinguishes structural
differences even for spatially close spots, where basic attention had failed.

Effect of Pseudo-spots and Negative Attention. Based
on the preceding analysis, we set the local window size to
k = 32 and evaluated the contribution of our core compo-
nents: off-grid sampling (pseudo-spots) and negative-aware
attention. Table 3 shows the performance change on the
Her2ST dataset when each component is ablated. The base-
line model (without either component) achieved a PCC of
0.5396. Applying only negative-aware attention or only off-
grid sampling offered slight variations, but the full FEAST
model, incorporating both components, achieved the best
performance across all metrics (PCC 0.5524). These results
confirm that both elements are essential contributors and
achieve optimal results when used in combination.

4.4. Attention Map Analysis

The negative-aware attention introduced in Section 3.3 en-
hances the representational capacity of the model by captur-
ing both excitatory and inhibitory relationships. Such rela-
tionships are represented through both positive and negative
attention weights, reflecting the dual nature of interactions
inherent in biological systems. In Figure 7, we compare the
attention weights for the same target spot with and without
negative-aware attention.

Without negative-aware attention, the attention heads
primarily assign high weights to regions with similar cellu-
larity (e.g., normal or cancer cell regions) and low weights
to tissue areas with different characteristics. In contrast,
when negative-aware attention is applied, the model not
only assigns positive weights to biologically similar regions
but also assigns negative weights to regions with distinct
gene expression patterns, such as adipose tissue [1]. This in-
dicates that the model incorporates inhibitory relationships

to refine the representation of the target spot. Notably, in
the last example of Figure 7, a nearby spot that exhibits
strong negative correlation with the target spot, potentially
providing important complementary information, is almost
ignored by standard attention.

In comparison, our negative-aware attention successfully
models this relationship through negative attention weights,
highlighting its ability to capture biologically meaningful
inhibitory interactions. Additional examples are provided
in the Supplementary Material. These findings demonstrate
that negative-aware attention more faithfully reflects biolog-
ical relationships and offers richer interpretability by dis-
tinguishing excitatory and inhibitory patterns within tissue
structures.

5. Conclusion
We present FEAST, an attention-based framework that
overcomes the limitations of pre-defined sparse graphs in
Spatial Transcriptomics by modeling tissues as fully con-
nected graphs and considering all pairwise interactions.
At the core of our method, FEAST introduces negative-
aware attention to explicitly capture both excitatory and
inhibitory relationships, and employs an off-grid sampling
strategy to recover morphological context lost in standard
spot extraction. Consequently, FEAST achieves state-of-
the-art on gene expression prediction and offers enhanced
interpretability via biologically plausible attention maps
that distinguish positive and negative interactions. Further-
more, beyond its favorable performance, FEAST provides
a principled basis for quantifying inhibitory effects, paving
the way for downstream biological validation and hypothe-
sis generation.
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