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Abstract

Nucleus detection in histopathology whole slide images
(WSIs) is crucial for a broad spectrum of clinical applica-
tions. The gigapixel size of WSIs necessitates the use of slid-
ing window methodology for nucleus detection. However,
mainstream methods process each sliding window indepen-
dently, which overlooks broader contextual information and
easily leads to inaccurate predictions. To address this limita-
tion, recent studies additionally crop a large Filed-of-View
(LFoV) patch centered on each sliding window to extract
contextual features. However, such methods substantially in-
crease whole-slide inference latency. In this work, we propose
an effective and efficient context-aware nucleus detection ap-
proach. Specifically, instead of using LFoV patches, we ag-
gregate contextual clues from off-the-shelf features of histor-
ically visited sliding windows, which greatly enhances the
inference efficiency. Moreover, compared to LFoV patches
used in previous works, the sliding window patches have
higher magnification and provide finer-grained tissue details,
thereby enhancing the classification accuracy. To develop the
proposed context-aware model, we utilize annotated patches
along with their surrounding unlabeled patches for train-
ing. Beyond exploiting high-level tissue context from these
surrounding regions, we design a post-training strategy that
leverages abundant unlabeled nucleus samples within them
to enhance the model’s context adaptability. Extensive exper-
imental results on three challenging benchmarks demonstrate
the superiority of our method.

Code — https://github.com/windygoo/PathContext

Introduction
Nucleus detection in histopathology whole slide images
(WSIs) is a fundamental task in computational pathology. It
allows quantitative analysis of WSIs, which can lead to bet-
ter cancer diagnosis, grading, prognosis, and treatment plan-
ning while maintaining medical interpretability (Diao et al.
2021; Ryu et al. 2023; Yang et al. 2024; Ignatov, Yates, and
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Figure 1: Nucleus detection on gigapixel WSIs necessitates
a sliding window strategy. (a) Mainstream methods detect
nuclei in each window patch without understanding broader
tissue structure, which easily leads to inaccurate predictions.
(b) Pathologists first zoom out to examine tissue context at
large FoVs and then zoom in to observe detailed nuclear
morphology for accurate nucleus classification (Ryu et al.
2023).

Boeva 2024; Xu et al. 2025b). Therefore, the development of
precise automatic nucleus detection algorithms has become
a critical research focus in recent years. Current nucleus de-
tection pipeline involves training a nucleus detector using
expert-annotated histopathology patches and then deploys it
to detect nuclei in gigapixel WSIs through a sliding window
technique (Huang et al. 2020; Shui et al. 2022; Zhang et al.
2022; Huang et al. 2023b), as illustrated in Fig. 1 (a). How-
ever, for accurate nucleus localization, the annotated and
sliding window patches are cropped at high magnification
but small Field-of-View (FoV) (Ryu et al. 2023). As a result,
the nucleus detector can only see a limited context without
understanding broader tissue information, which can easily
lead to inaccurate predictions. In clinical practice, pathol-
ogists first examine tissue context at large FoVs and then
zoom in to observe detailed nuclear morphology for accu-
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Figure 2: (a) Mainstream nucleus detection methods op-
erate on patches at a single FoV without considering tis-
sue context. (b) Previous context-aware nucleus detection
approaches leverage large FoV (LFoV) patches to extract
contextual information, which substantially increases the
whole-slide inference time due to additional I/O-intensive
data preparation. (c) The proposed context-aware method
aggregates contextual information from off-the-shelf fea-
tures of historically visited window patches, which greatly
improves the whole-slide inference efficiency.

rate assessments, as depicted in Fig. 1 (b).
Inspired by this clinical workflow, recent works (Bai et al.

2020, 2022; Shui et al. 2024b; Ryu et al. 2023; Millward,
He, and Nibali 2023; Torbati et al. 2025) utilize a low-
magnification large FoV (LFoV) patch, which has the same
size as sliding window patches but encompass broader WSI
regions, as a supplementary input of nucleus detectors to
enable context-aware nucleus detection, as shown in Fig. 2
(b). Despite the improved outcomes, we argue that this line
of approaches exhibits two critical limitations: (1) The re-
quirement for additional processing the LFoV patches sig-
nificantly increases the whole-slide inference time. (2) The
LFoV patches at low magnification inherently lack fine-
grained tissue details, thereby diminishing the potential per-
formance gains.

In this work, we propose to aggregate contextual informa-
tion from patches that surround with the region-of-interest
(ROI) patch, as illustrated by Fig. 2 (c). Notably, in the train-
ing stage, the ROI patch comes from the annotated set while
during inference on WSIs, the ROI patch and its surround-
ing patches are both part of sliding windows. Therefore, this
design eliminates the I/O-intensive and time-consuming step
of additionally preparing LFoV patches in previous studies.
Moreover, since the ROI patch and its surrounding patches
have the same magnification (i.e., data distribution), we em-
ploy a shared image encoder to process both and utilize
features extracted from surrounding patches as contextual
clues. With this design, we can directly re-use the off-the-
shelf features extracted from historically visited surrounding
windows to perform context-aware nucleus detection, which
further improves the whole-slide inference speed.

Additionally, we observe that current context-aware meth-
ods exclusively exploit high-level contextual features in
LFoV patches while neglecting the massive unlabeled nu-
clei within these patches. To harness this untapped resource,

we introduce a post-training stage in this work. Specifically,
we employ the pre-trained detector to detect these unlabeled
nuclei and generate pseudo labels for them using a novel
cross-labeling strategy. Then, we use these pseudo-labeled
samples to fine-tune the detector, empowering it to classify
nuclei at different spatial locations (i.e., various context con-
ditions) and thus enhancing the model’s context adaptabil-
ity. Besides, we discover for the first time that incorporat-
ing high-level contextual features inherently diminishes the
model’s perception of low-level nuclear morphological de-
tails, which potentially comprises the model’s accuracy. To
address this limitation, we introduce an lightweight auxil-
iary branch to compensate for these morphological features.
Our main contributions can be summarized as follows:

1. We propose a novel context aggregation approach that
exploits features from surrounding sliding windows for
effective and efficient nucleus detection in WSIs.

2. We propose a cross-labeling strategy to effectively utilize
unlabeled nuclei in surrounding patches to improve the
model’s context adaptability.

3. Extensive experiments on three challenging benchmarks
demonstrate the advantages of our method over the state-
of-the-art counterparts on both nucleus detection and in-
stance segmentation tasks.

Related Works
Nucleus Detection
Current methods for nucleus detection can be divided into
two categories: density map-based and end-to-end.

Density map-based methods (Graham et al. 2019;
Abousamra et al. 2021; Zhang et al. 2022; Pan et al. 2023;
Lou et al. 2024a; Hörst et al. 2024) first regress nucleus
probability maps, and then apply post-processing including
thresholding, local maxima detection, and non-maximum
suppression to identify nuclei centroids. In contrast, end-to-
end methods can directly predict nuclear positions without
hand-crafted post-processing procedures. These approaches
can be further categorized into two distinct paradigms:
anchor-based and anchor-free. Anchor-based methods, pri-
marily built upon P2PNet (Song et al. 2021), localize nu-
clei by predicting relative offsets from pre-defined anchor
points across input images (Song et al. 2021; Shui et al.
2022, 2024b), while anchor-free approaches (Huang et al.
2023b,a; Pina, Dorca, and Vilaplana 2024) directly predict
absolute nuclear positions through learnable queries follow-
ing the DETR architecture (Carion et al. 2020). Due to the
substantial variability in nuclei size, shape and spatial distri-
bution, it is impossible to design a universal post-processing
approach that generalizes well across all scenarios. Conse-
quently, density map-based methods generally exhibit infe-
rior detection performance and efficiency compared to end-
to-end approaches.

Context-aware Pathology Image Analysis
Due to the gigapixel scale of WSIs, dense prediction tasks
such as tissue segmentation and nucleus detection on them
must be conducted in a sliding window manner. However,
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Figure 3: The training pipeline of our proposed context-aware nucleus detection method. We use a shared visual encoder to
encode the annotated patch and its surrounding patches. To avoid GPU memory overflow from simultaneously processing
numerous surrounding patches with gradient computation, we randomly select a small subset to participate in back-propagation
while the rest undergo forward pass only. The contextual features are first downsampled through grid average pooling and then
incorporated into the detection branch via cross-attention.

this strategy can lead to the loss of broader spatial context
when window patches are processed independently. To ad-
dress this issue, several recent works have explored context-
aware approaches for tissue segmentation (Kamnitsas et al.
2017; Tokunaga et al. 2019; Schmitz et al. 2021; Van Ri-
jthoven et al. 2021) and nucleus detection (Bai et al. 2020,
2022; Ryu et al. 2023; Shui et al. 2024b).

Current context-aware nucleus detection approaches can
be divided into two categories: explicit and implicit. Explicit
approaches (Ryu et al. 2023; Schoenpflug and Koelzer 2023;
Torbati et al. 2025) rely on additional tissue region annota-
tions. Specifically, they utilize an auxiliary model for tissue
segmentation at LFoV, and the predicted tissue mask is fed
into the detection model to enhance nucleus classification
accuracy. In contrast, the latter approaches (Bai et al. 2020,
2022; Shui et al. 2024b) eliminate the need for tissue mask
labels and learn context features from LFoV patches implic-
itly, as illustrated in Fig. 2 (b). Despite notable performance
improvements, all these methods introduce LFoV patches as
additional input, which significantly increases the inference
overhead. Essentially, the method proposed in this work be-
longs to the implicit family. However, different from previ-
ous works that utilize LFoV patches, we aggregate contex-
tual information from off-the-shelf features of historically
visited sliding window patches, which greatly improves the
whole-slide inference efficiency.

Method
Background
Mainstream nucleus detectors takes a single patch as in-
put (Graham et al. 2019; Shui et al. 2024b; Hörst et al.
2024). Such models are trained on an annotated patch set
D = {(xi, pi, yi)}Ni=1. For each patch xi ∈ RH×W×3, the
annotation pi and yi represent centroids and categories of all
nuclei in it, respectively. To develop context-aware nucleus
detector, each annotated patch xi is complemented by its
surrounding unlabeled patches {xi,j,k ∈ RH×W×3 | j, k ∈
{−δ, . . . , δ}}, where δ denotes the size of context area con-
sidered by the detector. For instance, when δ = 1, the model

learns to detect nuclei in an annotated patch while consid-
ering tissue context from its corresponding 3 × 3 neighbor-
hood. Following (Shui et al. 2024b), we adopt P2PNet, an
end-to-end nucleus detector, as the base model. Fig. 3 de-
picts the training pipeline of our proposed method.

Extraction of Context Features
Current context-aware nucleus detection works (Bai et al.
2020, 2022; Shui et al. 2024b; Ryu et al. 2023) all lever-
age LFoV patches to extract contextual information that im-
proves nucleus detection accuracy in ROI patches at small
FoV. As these two types of patches have different magnifi-
cations and thereby lie in distinct data distributions (Chen
and Krishnan 2022), these approaches employ separate im-
age encoders to process them. Differently, since we extract
contextual features from patches that surround the ROI patch
and they have the same magnification, a shared image en-
coder is employed in this work.

During training, we encode an annotated patch xi into
Fi ∈ Rh×w×d and its surrounding patches into context fea-
ture maps {Fi,j,k ∈ Rh×w×d | j, k ∈ {−δ, . . . , δ}}. Unlike
previous methods that involve only two patches in each it-
eration, our approach requires encoding (2δ + 1)2 patches
concurrently. When δ = 1, this amounts to 9 patches, and
enabling gradient computation for all of them leads to pro-
hibitive memory requirements. To address this challenge, we
propose a selective gradient computation strategy. Specifi-
cally, in each iteration, we randomly select k surrounding
patches for back-propagation while the rest (2δ + 1)2 − k
patches undergo feature extraction in the gradient-free man-
ner. This approach preserves the model’s capability to cap-
ture informative contextual features while significantly re-
ducing memory consumption.

To eliminate spatial redundancy (Li et al. 2025) in each
context feature map, we downsample Fi,j,k by partitioning
it into a uniform s×s grid and apply average pooling within
each grid cell. This reduces the resolution of Fi,j,k from hw
to s2, where s ≪ min(h,w) is set empirically in this work.
Finally, we concatenate all compressed context feature maps
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as Fctx
i ∈ R(2δ+1)2×s×s×d.

Injection of Context Features
To enable context-aware nucleus detection, we inject the
context feature maps Fctx

i into the hidden embedding Fi

extracted from the annotated patch via cross-attention:

F ′
i = CrossAttn

(
Q = Fi,K = Fctx

i ,V = Fctx
i

)
(1)

where Fi serves as query and Fctx
i serves as both key and

value. Finally, the context-enriched F ′
i is fed into the de-

coder to predict nucleus centroids and categories in the an-
notated patch. It is worth noting that we observe no perfor-
mance gains when adding positional embeddings in Eq. 1.
We hypothesize that this is because histopathology slides are
inherently continuous, with adjacent patches displaying co-
herent visual content along their boundaries. This continuity
implicitly encodes relative positional relationship.

Enhancing Context Adaptability with Unlabeled
Nuclei
We observe that the LFoV patches or surrounding patches
provide not only high-level tissue context but also abundant
unlabeled nucleus samples. To leverage this resource, we in-
troduce a post-training stage that enables the model to clas-
sify nuclei at different spatial locations (i.e., various context
conditions) to enhance its context adaptability.

In general, the proposed context-aware nucleus detection
method can be decomposed into two steps: (1) generating
context-enriched embedding e ∈ Rd for each point proposal
(Song et al. 2021) and (2) performing classification via a
classifier head ϕ : e → Y ∈ RC+1, where C represents
the number of nucleus categories and the extra class is back-
ground. For each annotated patch xi, we utilize the nucleus
detector pre-trained in the above sections to identify nuclei
in its surrounding patches {xi,j,k | j, k ∈ {−δ, . . . , δ}}
while concurrently generating pseudo class labels for them.
This yields additional training data {(xi,j,k, p̂i,j,k, ŷi,j,k) |
j, k ∈ {−δ, . . . , δ}} along with context-enriched embed-
dings e for each identified nucleus. Then, we train a MLP
head ϕ′ : e → Y ′ ∈ RC , where the embeddings e corre-
sponding to nuclei in surrounding patches are supervised by
pseudo labels ŷi,j,k while those from the annotated patch use
ground-truth class labels yi.

However, we observe that using pseudo labels predicted
by the nucleus detector itself leads to marginal improve-
ments, even when we apply a high confidence threshold
(e.g., 0.9) to filter out unreliable pseudo labels. This can be
attributed to the confirmation bias inherent in self-training
approaches (Arazo et al. 2020), which leads to error accu-
mulation when the model’s own predictions are used for
self-supervision. To mitigate this problem, we propose a
cross-labeling technique. Specifically, we convert point an-
notations to pseudo mask labels following (Lin et al. 2024)
and train a lightweight auxiliary model for multi-class nu-
cleus segmentation. Afterwards, we feed each surrounding
patch xi,j,k into it and extract pseudo labels ŷi,j,k for all pre-
detected nuclei according to their coordinates p̂i,j,k on the
predicted class maps. We find although the auxiliary model

Figure 4: Input image (left) and corresponding Grad-
CAM++ attention maps of context-free (middle) and
context-aware (right) P2PNet models. It can be observed
that incorporating high-level contextual features dilutes the
model’s attention of local nuclear morphological details.

shows only comparable classification accuracy to our detec-
tor, the substantial difference on model architecture (density
map-based vs. end-to-end) and training regime leads to dis-
tinct classification patterns and greatly alleviates the error
accumulation problem.

Revitalizing Nuclear Morphological Perception
Current context-aware nucleus detection methods primar-
ily focus on incorporating richer tissue context to im-
prove model performance (Shui et al. 2024b). However, we
discover that integrating high-level contextual features in-
evitably dilutes the model’s attention of fine-grained nuclear
morphological details, as depicted in Fig. 4. This degraded
perception could compromise the model’s performance, as
nuclear shape, size, chromatin pattern and texture are criti-
cal for accurate nucleus classification (Hörst et al. 2024).

Given that the segmentation task naturally models nuclear
morphology, we utilize the auxiliary model developed in the
previous section to alleviate this limitation. Specifically, we
extract morphology-rich m from the input feature maps of
the model’s last layer, which are specifically optimized to
delineate nuclei regions and thereby contain abundant nu-
clear morphological information (Chen et al. 2023). Finally,
we replace the input of ϕ′ from e to [e;m], leveraging com-
plementary merits of nuclear contextual and morphological
features for accurate classification.

During inference, we first feed e to ϕ to identify fore-
ground nuclei, then feed [e;m] of each detected nucleus to
ϕ′ for category prediction.

Experiments
Experimental Setup
Datasets. To the best of our knowledge, there are currently
no publicly available datasets with exhaustive WSI-level nu-
cleus annotations. Consequently, we conduct experiments
on three patch-level benchmarks that provide context images
for each annotated patch.
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Method BRCA OCELOT PUMA
F Inf. FTum. FStr. Favg FTum. FBack. Favg FTum. FTils. FOth. Favg

Hover-net 62.31±0.91 75.25±0.24 49.58±0.36 62.38±0.22 69.27±0.08 61.03±0.46 65.15±1.57 78.36±0.24 75.72±0.15 49.53±0.16 67.87±0.13

MCSpatNet 64.45±0.61 79.34±0.28 55.31±0.39 66.37±0.17 70.69±0.39 56.37±1.23 63.53±0.78 83.30±0.16 77.74±0.55 52.76±1.31 71.27±0.39

P2PNet 64.25±0.50 79.21±0.15 55.20±0.28 66.22±0.10 72.55±0.27 61.64±0.21 67.09±0.23 83.35±0.16 80.55±0.13 56.93±0.37 73.61±0.17

Semi-P2PNet 64.72±0.73 81.11±0.30 57.40±0.33 67.74±0.38 73.12±0.36 62.03±0.05 67.58±0.20 83.69±0.13 80.56±0.34 57.77±0.27 74.01±0.07

AC-Former 59.77±2.02 74.67±0.33 48.15±1.59 60.87±0.03 69.84±0.13 58.74±0.40 64.29±0.20 79.51±0.11 74.86±0.48 54.15±0.53 69.51±0.20

SMILE 71.82±0.41 80.27±0.12 52.11±0.07 68.06±0.13 70.15±0.16 61.08±0.49 65.62±0.31 79.89±0.46 80.34±0.18 53.10±0.32 71.11±0.27

PointNu-Net 70.95±0.51 80.04±0.27 54.16±0.16 68.38±0.29 70.10±0.29 59.01±0.30 64.55±0.28 81.03±0.12 76.26±0.16 53.53±0.30 70.27±0.18

CellViT 68.12±0.60 78.60±0.47 50.27±0.75 65.66±0.49 70.25±0.51 60.78±0.64 65.52±0.48 81.56±0.24 78.85±0.41 57.04±0.68 72.49±0.21

SENC 56.89±0.33 76.95±0.12 50.31±0.07 61.38±0.17 73.70±0.09 63.95±0.23 68.83±0.16 79.87±0.77 76.38±0.60 53.14±0.71 69.80±0.69

CGT 56.50±0.11 76.61±0.02 51.80±0.05 61.63±0.05 72.08±0.06 62.80±0.13 67.44±0.09 79.89±0.05 76.69±0.02 54.51±0.05 70.36±0.03

TopoCellGen 65.20±0.40 81.70±0.60 58.20±0.50 68.40±0.40 - - - - - - -
MFoVCE-Net 60.30±1.04 78.79±0.07 55.77±1.77 64.95±0.22 72.81±0.59 63.17±0.15 67.99±0.37 79.80±0.84 75.96±1.13 55.16±1.17 70.31±0.84

MFoV-P2PNet 63.52±0.59 80.71±0.24 55.84±0.57 66.69±0.37 74.70±0.09 63.48±0.08 69.09±0.06 84.17±0.29 79.96±0.54 59.70±0.60 74.61±0.28

Ours 72.68±0.19 83.49±0.10 59.87±0.27 72.01±0.13 75.24±0.28 66.43±0.10 70.83±0.15 86.45±0.15 82.17±0.29 63.45±0.62 77.36±0.30

Table 1: Comparison of nucleus detection performance across three benchmarks. F Inf., FTum., FStr., FTILs. and FOth.

denote the F1-socre for the inflammatory, tumor, stromal, TILs and other nuclei, respectively. Favg represents the average
F1-score. The best and second-best performance are highlighted in bold and underlined, respectively.

Method BRCA OCELOT PUMA
PQInf. PQTum. PQStr. PQavg PQTum. PQBack. PQavg PQTum. PQTils. PQOth. PQavg

Hover-net 46.97±0.69 64.58±0.16 45.52±0.27 52.36±0.19 61.15±0.40 43.44±0.63 52.29±0.29 64.17±0.18 56.36±0.06 35.17±0.19 51.90±0.09

MCSpatNet 51.24±0.93 69.66±0.18 44.65±0.37 55.18±0.38 65.89±0.18 38.88±1.30 52.39±0.65 66.74±0.21 55.30±0.45 31.96±1.40 51.33±0.54

P2PNet 49.92±1.46 69.15±0.18 46.74±0.14 55.27±0.48 66.21±0.28 44.44±0.36 55.33±0.28 67.16±0.17 58.11±0.25 39.95±0.29 54.74±0.17

Semi-P2PNet 48.93±0.44 71.17±0.24 47.69±0.16 55.93±0.19 66.70±0.38 44.76±0.95 55.73±0.67 67.13±0.29 58.40±0.12 39.10±0.36 54.88±0.18

AC-Former 42.54±0.17 63.44±1.52 40.87±0.32 48.95±0.34 64.97±0.41 42.87±0.53 53.92±0.16 64.78±0.14 55.11±0.44 34.58±0.26 51.49±0.21

SMILE 45.71±0.94 70.95±0.24 44.66±0.18 53.77±0.33 63.07±0.22 45.56±0.64 54.32±0.29 65.44±0.43 57.27±0.17 37.44±0.46 53.38±0.14

PointNu-Net 50.34±0.25 71.16±0.33 46.78±0.13 56.09±0.14 64.08±0.28 43.95±0.27 54.01±0.23 66.76±0.23 54.76±0.12 36.64±0.54 52.72±0.28

CellViT 45.52±1.07 70.59±0.19 43.51±0.36 53.21±0.43 64.46±0.69 46.13±0.91 55.29±0.57 64.68±0.33 54.24±0.89 36.24±0.54 51.72±0.46

SENC 36.98±0.17 67.86±0.14 41.44±0.11 48.76±0.11 66.77±0.04 44.67±0.24 55.72±0.13 64.88±0.66 51.75±0.19 33.05±0.22 49.89±0.34

CGT 38.18±0.05 67.98±0.02 42.26±0.04 49.47±0.02 63.08±0.11 41.87±0.09 52.47±0.02 65.08±0.04 53.83±0.03 34.46±0.10 51.12±0.03

MFoVCE-Net 51.46±1.49 69.09±1.13 45.86±1.26 55.47±0.54 66.74±0.07 44.42±0.14 55.58±0.09 65.26±0.38 55.10±1.10 34.94±0.69 51.76±0.26

MFoV-P2PNet 50.01±1.79 70.85±0.23 46.63±0.56 55.83±0.68 67.18±0.29 45.52±0.16 56.35±0.15 68.42±0.24 57.83±0.35 38.23±0.54 54.83±0.28

Ours 54.82±0.54 73.30±0.25 49.24±0.24 59.12±0.18 67.62±0.29 48.85±0.36 58.24±0.29 69.53±0.13 58.53±0.28 39.92±0.22 55.99±0.13

Table 2: Comparison of nucleus instance segmentation performance across three benchmarks. To enable nucleus detection
models to produce instance masks, we train the segmentor component of PromptNucSeg (Shui et al. 2024a) on the training sets
of these datasets and employ different detection models as the prompter component within the PromptNucSeg framework.

• BRCA (Abousamra et al. 2021) is a breast cancer dataset
and consists of 120 patches at 20× magnification be-
longing to 113 patients, collected from TCGA (Weinstein
et al. 2013). The training, validation, and testing sets con-
tain 80, 10, and 30 patches, respectively. The nuclei in
this dataset are categorized into three types: tumor, in-
flammatory, and stromal.

• OCELOT (Ryu et al. 2023) comprises 664 patches at
40× magnification extracted from 303 WSIs. The dataset
contains a total of 113,026 nuclei, annotated to differ-
entiate between tumor and non-tumor nuclei. The train-
ing, validation, and test sets contain 400, 137, and 126
patches, respectively.

• PUMA (Shahamiri et al. 2025) comprises 206 patches
extracted from melanoma tissue scanned at 40× magni-
fication. It provides annotations for three nuclei types:
tumor, tumor infiltrating lymphocytes (TILs), and other
nuclei. We randomly divide this dataset into training, val-
idation, and test subsets at a ratio of 6:2:2.

Additionally, we manually annotate instance masks for
nuclei in the BRCA and OCELOT datasets. These annota-
tions serve two purposes: enabling the training of baseline

methods like CellViT (Hörst et al. 2024) that require mask
supervision and facilitating the evaluation of different meth-
ods on context-aware nucleus instance segmentation.
Evaluation metrics. For nucleus detection, following previ-
ous studies (Abousamra et al. 2021; Ryu et al. 2023), we em-
ploy F1-score as the evaluation metric. If a detected nucleus
is within a valid distance (σ) from an annotated nucleus and
the nuclear class matches, it is counted as a true positive
(TP), otherwise a false positive (FP). Then, the F1-score for
the c-th class is calculated as: Fc =

2TPc

2TPc+FPc+FNc
, and the

average F1-score is F̄ = 1
C

∑C
c=1 Fc. In accordance with

the official settings, σ is set to 6, 15 and 15 pixels for the
BRCA, OCELOT and PUMA benchmarks, respectively. For
nucleus instance segmentation, we adopt Panoptic Quality
(PQ) (Kirillov et al. 2019) as the evaluation metric. Follow-
ing (Ryu et al. 2023), we repeat all experiments for 5 times
with different random seeds and report the mean and 95%
confidence interval of the performance metrics.
Implementation details. We use ResNet-50 (He et al. 2016)
pre-trained on ImageNet-1K as the image encoder. The de-
tector is trained using the AdamW (Loshchilov and Hutter
2017) optimizer with learning rate of 1e-4 for 200 epochs.
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Figure 5: Qualitative comparison on three benchmarks. The white dashed boxes indicate the positions of ROI detection patches
within the context images.

Method Params (M) Time (s) FLOPs (G) Favg

CellViT 142.85 3027.04 3566.71 65.66
P2PNet 27.26 148.86 100.08 66.22

MFoV-P2PNet 53.22 486.20 212.75 66.69
Ours w/ ME 48.08 205.81 186.74 72.01

Ours w/o ME 44.08 156.07 115.28 71.23

Table 3: Comparison on model size, computational cost, in-
ference efficiency and performance of different methods.
The inference time is measured using ten TCGA-BRCA
WSIs with an average of 5k sliding window patches of size
1024×1024. ME represents retaining the auxiliary model to
supplement nuclear morphology-rich embedding.

We use a batch size of 2, with all data distributed across 4
V100 GPUs. The auxiliary cross-labeling model comprises
12 convolutional blocks (Liu et al. 2022), FPN (Lin et al.
2017) and two PixelShuffle layers. It accounts for 9% of the
total network parameters and is trained for 20 epochs. The
head ϕ′ consists of two linear layers and is trained for 100
epochs with cross-entropy loss. We set k = 3 and pooling
size o = 6 in our experiments. Unless otherwise specified,
the size of context area δ is set to 1.

Comparison with the State-of-the-art Methods
We compare the proposed method with state-of-the-art
(SOTA) nucleus instance segmentation methods including
Hover-Net (Graham et al. 2019), SMILE (Pan et al. 2023),
PointNu-Net (Yao et al. 2024) and CellViT (Hörst et al.
2024), as well as nucleus detection methods, including MC-
SpatNet (Abousamra et al. 2021), P2PNet (Song et al.
2021), Semi-P2PNet (Shui et al. 2023), CGT (Lou et al.

2024a), SENC (Lou et al. 2024b), TopoCellGen (Xu et al.
2025a), MFoVCE-Net (Bai et al. 2020), and MFoV-P2PNet
(Shui et al. 2024b). Among these methods, MFoVCE-Net
and MFoV-P2PNet are context-aware approaches, while the
others are context-free. Semi-P2PNet is a semi-supervised
learning approach that also utilizes unlabeled nucleus sam-
ples in surrounding patches.

Tab. 1 and Tab. 2 exhibit the performance comparison re-
sults on the detection and segmentation tasks, respectively.
For nucleus detection, the proposed method outperforms the
SOTA counterparts by 3.61, 1.74 and 2.75 points in Favg on
the BRCA, OCELOT and PUMA benchmarks. Compared
to the baseline P2PNet model, our method shows substantial
improvements of 5.79, 3.74 and 3.75 points on average F1
score. In task of nucleus instance segmentation, our method
achieves 3.03, 1.89 and 1.11 points improvement over the
SOTA methods in PQavg across three datasets.

Fig. 5 presents qualitative comparison results on three
benchmarks. Taking the image from the BRCA dataset as
an example, the leftmost image shows the context region,
where a cluster of densely packed, hyperchromatic nuclei
is clearly visible in the lower left corner and displays a tu-
mor invasion area. Under sliding window inference, with-
out access to this broader contextual information, context-
free nucleus detection models incorrectly classify many of
the tumor nuclei as inflammatory or stromal types. Among
context-aware approaches, our method exhibits better nu-
cleus detection accuracy than MFoV-P2PNet. This can be
attributed that compared to MFoV-P2PNet that uses LFoV
patches to extract contextual information, our approach
leverages surrounding window patches with higher magni-
fication that provide more detailed contextual features.

Tab. 3 presents a comprehensive comparison of model
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CA CL ME Favg

66.22
✓ 70.79
✓ ✓ 70.95
✓ ✓ 71.23
✓ ✓ ✓ 72.01

Table 4: Effect of our pro-
posed modules.

δ MFoV-P2PNet Ours
0 66.22 66.22
1 66.69 72.01
2 66.83 72.07
3 66.95 72.28
4 66.98 72.51

Table 5: Effect of context
size δ.

Method Favg ∆

baseline 70.95 -
SL 71.10 +0.15
CL 72.01 +1.06

Table 6: Effect of pseudo-
labeling strategies.

Method Favg

Add 67.50
Concat 68.85
CrossAttn 72.01

Table 7: Effect of context
integration strategies.

size, computational cost, inference efficiency and perfor-
mance across different methods. All metrics are measured
on a system with a single RTX 3090 GPU and dual AMD
EPYC 7542 processors (2.90GHz, 64 cores, 128 threads).
Compared to the baseline context-free nucleus detector (i.e.,
P2PNet), our method introduces minimal additional infer-
ence time. Notably, the proposed model runs 2.36× faster
than previous context-aware detector (i.e., MFoV-P2PNet)
as we eliminate the time-consuming step of additionally
preparing LFoV patches.

Ablation study
We evaluate the effect of our proposed modules and hyper-
parameters on the BRCA dataset. Due to page limitation, we
report only mean results across five runs.
Effect of our proposed modules. Tab. 4 presents the abla-
tion results of context-aware learning (CA), cross-labeling
(CL) and the incorporation of morphology-rich embedding
(ME). It can be observed that all proposed modules con-
tribute to improving the model performance.
Effect of δ. Tab. 5 shows the impact of context size δ on
model performance. δ = 0 denotes the baseline P2PNet
model. The results show dramatic performance gains when
δ increases from 0 to 1, whereas further increments yield
marginal improvements. This is also observed with previous
context-aware method, MFoV-P2PNet. We hypothesize that
the nearest neighboring patches provide the most relevant
contextual information, while incorporating broader context
regions inevitably introduces background noise that impedes
the model from identifying informative contextual features.
Comparison of pseudo-labeling strategies. Tab. 6 shows
the model performance with different pseudo-labeling
strategies. The baseline represents the model with CA and
ME modules. It can be observed that self-labeling (SL),
which uses the detector itself to generate pseudo class la-
bels for nuclei in surrounding patches, yields marginal per-
formance gains. The proposed cross-labeling (CL) strategy
that utilizes another model to produce pseudo labels shows

Figure 6: Effect of s. The error bars denote 95% confidence
intervals across 5 independent runs.

notable improvement. Although our evaluations show that
the auxiliary model does not exhibit better classification ac-
curacy than the base detector (70.74 vs 70.79), it effectively
mitigates the error accumulation problem inherent in the SL
strategy.
Comparison of context integration strategies. Tab. 7
shows the effect of different context integration methods.
The cross-attention (CrossAttn) operation achieves signifi-
cantly better results than both addition (Add) and concate-
nation approaches (Concat).
Effect of s. Fig. 6 exhibits the impact of pooling grid num-
ber on model performance, with optimal results achieved
at s = 6. Intuitively, increasing the grid number preserves
more comprehensive contextual details and leads to bet-
ter results. However, we observe performance degradation
when s exceeds 6. This can be attributed to the inherent spa-
tial redundancy in high-level contextual feature maps (Li,
Wen, and He 2023; Yang et al. 2025), where the feature
points have already undergone sufficient information ex-
change in the earlier stages. This redundancy may impede
the model in capturing informative contextual features and
thus resulting in sub-optimal performance.

Conclusion
In this paper, we propose an effective and efficient context-
aware nucleus detection approach. Instead of using LFoV
patches in previous methods, we aggregate contextual in-
formation from historically visited sliding windows during
whole-slide inference, which significantly improves the de-
tection efficiency and accuracy. Additionally, we propose a
cross-labeling strategy to effectively leverage unlabeled nu-
clei in surrounding patches to enhance the model’s context
adaptability, and incorporate an auxiliary model to compen-
sate for the loss of nuclear morphological details during con-
textual features integration. Extensive experiments on three
benchmarks demonstrate the superiority of our method.
Limitations and future work. Compared to previous
context-aware methods, our approach suffers from increased
training time, as each iteration requires encoding a substan-
tially larger number of patches. To address this limitation,
we plan to explore feature caching strategies to accelerate
model training in future work.
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