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Abstract

Point-based cell detection (PCD), which pursues high-
performance cell sensing under low-cost data annotation,
has garnered increased attention in computational pathology
community. Unlike mainstream PCD methods that rely on
intermediate density map representations, the Point-to-Point
network (P2PNet) has recently emerged as an end-to-end so-
lution for PCD, demonstrating impressive cell detection accu-
racy and efficiency. Nevertheless, P2PNet is limited to decod-
ing from a single-level feature map due to the scale-agnostic
property of point proposals, which is insufficient to leverage
multi-scale information. Moreover, the spatial distribution of
pre-set point proposals is biased from that of cells, leading
to inaccurate cell localization. To lift these limitations, we
present DPA-P2PNet in this work. The proposed method di-
rectly extracts multi-scale features for decoding according
to the coordinates of point proposals on hierarchical feature
maps. On this basis, we further devise deformable point pro-
posals to mitigate the positional bias between proposals and
potential cells to promote cell localization. Inspired by prac-
tical pathological diagnosis that usually combines high-level
tissue structure and low-level cell morphology for accurate
cell classification, we propose a multi-field-of-view (mFoV)
variant of DPA-P2PNet to accommodate additional large FoV
images with tissue information as model input. Finally, we
execute the first self-supervised pre-training on immunohis-
tochemistry histopathology image data and evaluate the suit-
ability of four representative self-supervised methods on the
PCD task. Experimental results on three benchmarks and a
large-scale and real-world interval dataset demonstrate the
superiority of our proposed models over the state-of-the-art
counterparts. Codes and pre-trained weights are available at
https://github.com/windygoo/DPA-P2PNet.

Introduction

Identifying various types of cells such as tumor cells, lym-
phocytes, and fibroblasts in histopathology whole slide im-
ages (WSIs) is crucial for numerous downstream tasks
including tumor microenvironment analysis (Jiao et al.
2021), cancer diagnosis (Cheng et al. 2022) and progno-
sis (Howard, Kanetsky, and Egan 2019). Predominant cell

“These authors contributed equally.

"Corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4864

detection methodologies embrace a instance segmentation
paradigm. Although these approaches showcase impressive
capability in capturing intricate details of cell morphology,
their training requires a formidable investment of valuable
resources due to the laborious nature of cell mask annota-
tion. As a matter of fact, the expensive annotation has long
plagued the advancement and application of mask-based cell
detection models.

To reduce the annotation cost while maintaining suffi-
cient clinical support, point-based cell detection (PCD) has
emerged as a promising and rapidly evolving frontier in
computational pathology (Zhou et al. 2018; Huang et al.
2020; Abousamra et al. 2021; Cai et al. 2021; Zhang et al.
2022; Ryu et al. 2023). The goal of PCD is to predict a
2D point set that represents the coordinates and classes of
cells present in an input image. To accomplish this, prevalent
PCD methods connect to off-the-shelf segmentation models
via carefully crafted pseudo mask labels derived from point
annotations. Subsequently, a series of post-processing steps
comprising thresholding, local maxima detection and non-
maximum suppression are applied to the predicted density
maps to locate cells. However, the heuristic post-processing
not only demands tedious hyper-parameter tuning but also
results in low throughput. To address these issues, a recent
study (Shui et al. 2022) introduced Point-to-Point Network
(P2PNet) (Song et al. 2021) to establish an end-to-end PCD
system. Specifically, P2PNet adopts a detection paradigm,
where the cell coordinates and categories can be directly ob-
tained by refining and classifying pre-defined point propos-
als on an input image. Moreover, P2PNet employs a one-
to-one matching scheme to suppress duplicate predictions,
eliminating the need for error-prone and time-consuming
post-processing. Because of these improvements, P2PNet
can achieve superior accuracy and efficiency over the main-
stream density map-based PCD methods.

Despite its successful application, we contend that the
performance and flexibility of P2PNet can be limited from
the following two aspects. (i) Unlike anchor boxes that nat-
urally account for object scales, point proposals are scale-
agnostic. As a result, P2PNet can only decode from a single-
level feature map, which is inadequate to represent multi-
scale information. Considering the substantial variability in
cell size and morphology, as well as the heterogeneity in in-
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tensity distribution (Ryu et al. 2023), decoding from hierar-
chical feature maps becomes imperative. (ii) The spatial dis-
tribution of artificially placed point proposals is inherently
sub-optimal, with many of them situated far from cell cen-
troids. This constitutes a significant challenge for achieving
high-quality localization. On the other hand, P2PNet lacks
the ability to perceive the positions of point proposals, which
restricts it to use a fixed set of point proposals to ensure
model convergence. To lift these limitations, this study pro-
poses deformable proposal-aware P2PNet, dubbed as DPA-
P2PNet. Overall, we incorporate two improvements into the
vanilla P2PNet. First, we straightforwardly extract multi-
scale decoding features for each point proposal according
to its coordinates on feature pyramid. This modification not
only enhances the model’s capability but also makes it to be
proposal-aware. Based on this, we further design deformable
point proposals to reduce the distribution bias between pro-
posals and potential cells to improve the localization quality
and categorical discriminability of extracted features.

In clinical practice, pathologists generally perform accu-
rate cell classification in two steps. They first zoom out to
comprehend broad tissue structures and then zoom in to
classify cells based on their morphology and the surround-
ing context. However, most computer-assisted PCD meth-
ods operate with a single image as input, deviating from
the authentic diagnostic procedure. To mitigate this incon-
sistency, (Bai, Xu, and Xing 2020; Bai et al. 2022; Ryu et al.
2023) adapt cell segmentation models to incorporate input of
multi-field-of-view (mFoV) images, resulting in heightened
accuracy of density map-based PCD methods. Nonetheless,
their improvements cannot be readily applied to end-to-end
PCD models, owing to the intrinsic disparities in model ar-
chitecture and operating mechanism. This study presents
mFoV DPA-P2PNet as the first end-to-end PCD model ca-
pable of utilizing mFoV images for better cell classification.

Self-supervised learning (SSL) aims to learn a generic
representation applicable to various downstream tasks. Re-
cent researches (Wang et al. 2021; Li et al. 2023; Kang et al.
2023) have demonstrated that domain-aligned pre-training
outperforms traditional transfer learning from ImageNet in
several medical imaging tasks. Yet, the applicability of self-
supervised domain-aligned pre-training to the dense predic-
tion task of PCD has never been explored. To remedy this
deficiency, we carry out an inaugural investigation into the
effect of four representative SSL methods for the PCD task,
including MoCo v2 (Chen et al. 2020b), SWAV (Caron et al.
2020), DINO (Caron et al. 2021), and MAE (He et al. 2022).
Aside from the difference in the downstream task com-
pared to prior studies, we are also the first to perform SSL
on a large-scale and highly valuable immunohistochemistry
(IHC) WSI dataset that involves three biomarkers, namely
Ki-67, PD-L1, and HER-2.

Related Work
Crowd Counting and Localization

Crowd counting aims to estimate the number of people in an
image. The mainstream idea is to regress a pseudo density
map generated from point annotations (Liang et al. 2022).
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The final crowd count is calculated by 2D integration over
the estimated density map.

To tackle the issues of local inconsistency (Lian et al.
2019) and weak interpretability of density map-based crowd
counting methods, recent studies (Wan, Liu, and Chan 2021;
Song et al. 2021; Liang, Xu, and Bai 2022; Liang et al. 2022;
Lin and Chan 2023) have redirected their focus towards
the localization-based crowd counting problem, where the
crowd count is represented by the number of localized hu-
man heads. Existing crowd localization methods can be cat-
egorized into two types. The first line of methods conducts
additional post-processing on the estimated density maps to
localize individual human heads. Another type of methods
comprising P2PNet (Song et al. 2021) and CLTR (Liang,
Xu, and Bai 2022) achieve end-to-end crowd localization by
directly regressing the point coordinates. Currently, P2PNet
represents the state-of-the-art in the field of crowd localiza-
tion (Lin and Chan 2023).

While crowd localization and PCD share similar high
level spirit, there are two concretized differences between
them. Firstly, in terms of localization, human heads have rel-
atively regular and consistent shapes, whereas cells typically
exhibit a wide range of shapes and sizes. This large varia-
tion poses a greater challenge for accurate cell localization.
Secondly, when it comes to classification, crowd localiza-
tion only concerns binary classes, distinguishing between
foreground (heads) and background, while PCD generally
involves multiple categories. Furthermore, classifying cells
is significantly more demanding as it requires the integration
of both coarse-grained tissue structure and fine-grained cell
morphology. These two factors stress the necessity of lever-
aging multi-scale information for accurate cell detection.

Point-based Cell Detection

PCD aims to localize and classify cells in a pathology im-
age, with each cell represented by a class-aware point. Main-
stream PCD methods (Abousamra et al. 2021; Cai et al.
2021; Zhang et al. 2022; Ryu et al. 2023) operate similarly
with density map-based crowd localization approaches but
regress multiple density maps, each corresponding to a dis-
tinct cell type. Recently, (Shui et al. 2022) introduces the
advanced P2PNet to perform PCD in an end-to-end manner.
However, the original P2PNet model can only decode from
a single-level feature map, which is insufficient to squeeze
the most out of the multi-scale information. To alleviate this
deficiency, (Shui et al. 2022) downsamples the shallow fea-
ture maps and executes feature fusion by element-wise sum-
mation, resulting in an enhanced feature map to decode.
Nevertheless, we argue that this approach would lead to a
loss of fine-grained information to some extent and the im-
proved P2PNet still suffers from the biased distribution of
pre-defined point proposals.

Leveraging Large Field of Views

Several studies (Tokunaga et al. 2019; Ho et al. 2021;
Schmitz et al. 2021; Van Rijthoven et al. 2021) extract a
large FoV region as an additional input to improve the seg-
mentation performance on smaller FoV regions. In the area
of PCD, (Bai, Xu, and Xing 2020) and (Bai et al. 2022) have
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devoted pioneering efforts in this direction. They propose a
feature aggregation module that combines visual represen-
tations extracted from two images with different FoVs to
enhance cell detection, where the tissue structure informa-
tion is learned implicitly. A recent study (Ryu et al. 2023)
incorporates the contextual knowledge explicitly via multi-
task objectives at different FoVs. Specifically, they build two
models for tissue and cell segmentation at large and small
FoVs, respectively. The predicted tissue probability map is
blended into the cell detection branch to promote cell clas-
sification. In this study, we adopt the same experimental
setup as in (Bai, Xu, and Xing 2020; Bai et al. 2022) since
the costly tissue mask annotation is unavailable in general.
However, these two pioneering methods are both based on
density map regression. So their improvements cannot be
seamlessly applied to the advanced end-to-end PCD models
due to the inherent discrepancy in model architecture and
operating mechanism.

Self-supervised Learning in Medical Imaging

SSL has proven to be an effective method to learn a good
representation from vast unlabeled images by solving a pre-
text task. Pre-trained models from SSL are widely used in
fine-tuning downstream tasks faster or for better accuracy
(Chen et al. 2020a). For applications in medical imaging,
transfer from ImageNet has become the de-facto approach.
Yet, (Matsoukas et al. 2022) observes that domain-specific
SSL methods can further improve the performance of mod-
els fine-tuned on downstream medical image-related tasks.
This has been confirmed on numerous medical image analy-
sis tasks such as pathology image classification (Sowrirajan
et al. 2021; Wang et al. 2021; Kang et al. 2023; Chen et al.
2022a; Li et al. 2023) and retrieval (Gildenblat and Klaiman
2019), survival outcome prediction (Chen et al. 2022a), nu-
clei instance segmentation (Kang et al. 2023) and MRI brain
tumor segmentation (Zhou et al. 2022). However, the appli-
cability of self-supervised domain-aligned pre-training for
the PCD task remains unrevealed.

Approach

In this section, we first briefly review the vanilla P2PNet.
Then we elaborate the proposed DPA-P2PNet, including the
multi-scale decoding (MSD) strategy and the generation of
deformable point proposals (DPP). After that, we present
mFoV DPA-P2PNet that supports mFoV images as input for
better cell classification. Lastly, we detail the IHC dataset
collected for SSL pre-training.

Revisiting P2PNet
Similar with modern object detectors (Ren et al. 2015),
P2PNet comprises three parts: backbone, neck and heads.
Taken an image I € RS 4 input, the backbone and
neck produces hierarchical visual representations {PZ-}Z-L:Q.
Let s; denote the downsampling ratio of P;, then s; equals
2",

Since point proposals are scale-agnostic, P2PNet only se-
lects one feature map (e.g., P;) for decoding. Each location
of P; corresponds to a s; X s; patch of the input image. To
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Figure 1: Framework of DPA-P2PNet.

densely detect the cells, m X n point proposals are placed at
each patch in a grid distribution, where m and n separately
represent the number of rows and columns of point propos-
als. Conditional on P;, two task-specific convolutional heads
are employed to generate regression offset map and classi-
fication logit map of channels 2mn and (C + 1)mn while
retaining the spatial resolution. C' is the number of cell types
and the extra class is background. The 2D offsets and logits
at each location are assigned to the point proposals within
the corresponding patch.

DPA-P2PNet

Fig. 1 presents the overall framework of our proposed DPA-
P2PNet. In the following sections, we use the set S

{p:}M, to denote the pre-defined point proposals.

Decoding from feature pyramid To effectively exploit
the information at different granularities, we construct ROI
features from hierarchical feature maps based on the coor-
dinates of each point proposal. Specifically, the ROI feature

vectors {f; ; }§=2 for proposal p; are extracted from the fea-
ture pyramid via the bilinear interpolation method:

fig = ZG(Z%Q) - Pi(q), (D
q

where j denotes the feature level, ¢ enumerates all integral
spatial locations around p; in the feature map P; and G (-, -)
is the bilinear interpolation kernel. Then, we concatenate

{f:.;}2, and fed it into two dedicated MLP heads for de-
coding offsets and logits with respect to p;.

The decoding strategy described above not only facili-
tates the exploitation of multi-scale information but also en-
dows our model with a proposal-aware ability. Intuitively, in
the original P2PNet, a point proposal passively receives the
decoded content, whereas in our model, proposals actively
query the distances to potential cells. As a result, P2PNet is
confined to a fixed set of point proposals to ensure model
convergence. However, a considerable portion of these man-
ually placed proposals deviate far from cell centroids, which
could easily lead to inaccurate localization. This distribution
bias can also cause the extracted features to be less discrim-
inative for cell classification in our model. The proposal-
aware nature opens up possibilities for dynamically refining
the point proposals without concerns of model dispersion.
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Figure 2: Illustration of our proposed deformable point pro-
posals. The positions of foreground proposals before (left)
and after (right) the deformation are depicted. We highlight
some ROI regions with boxes for comparison. For a clearer
view, we encourage readers to zoom in.

Deformable point proposals Improving the quality of ob-
ject proposals has been a long-standing research topic in the
field of object detection (Zhu et al. 2020). In this paper, we
propose a structurally simple yet highly potent solution to
mitigate the positional bias between pre-defined point pro-
posals and potential cells.

As illustrated in Fig. 1, we deform the pre-set point pro-
posals to shift them towards neighboring cells. To achieve
this, we use a MLP layer to generate the deformation offsets
from f; o, informed by that the high-resolution P, contains
the finest-grained features essential for small object local-
ization (Lin et al. 2017; Liu et al. 2021). It is noteworthy
that the offsets are learned implicitly without direct supervi-
sion. Based on the deformed point proposals S " we proceed
with the decoding procedure, as described in the preceding
section, to perform classification and finer localization.

Fig. 2 presents an intuitive demonstration of the defor-
mation process. Clearly, the pre-defined point proposals are
adaptively transported onto nearby cells by this transforma-
tion. On the basis of S ', we can extract more discriminative
features for classification. Moreover, through additional re-
finement during the subsequent decoding stage, the localiza-
tion quality can be further improved.

mFoV DPA-P2PNet

Concentric images {I k}le with the same resolution yet
captured at different objective magnification can be inter-
preted as having multiple FoVs. In this paper, we use [ K
to represent the image with the highest magnification yet
smallest FoV, while {I*}7;" to denote the set of images
with larger FoVs. Following the setup of (Bai, Xu, and Xing
2020; Bai et al. 2022), the magnification of [ ¥ is twice that
of I*7!

Fig. 3 presents the framework of mFoV DPA-P2PNet.
Specifically, we first use a separate backbone and neck to
construct the feature pyramid {PF}~, for image I”. After
that, we aggregate the contextual information extracted from
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Figure 3: Schematic of mFoV DPA-P2PNet.

IHC biomarker | # WSIs | # Patches | Organs
Ki-67 403 233,308 | breast, stomach
PD-LI 1,208 | 607.302 lung
HER2 1,101 597,563 breast

Table 1: IHC data for pre-training.

large FoV images into the feature maps {PiK}Z-L:Q obtained
from [ K, which can be expressed as:

K-1
le = Conv (PiK + Z Upsample (Crop (Pf))) 2)

k=1

where Crop(-) is the center square crop operation. For Pik,
the cropping limit normalized by dividing the height or

K-k
—1 2Kk
width is [W’W

). Then we upsample the cropped

region with a factor of 2 K=k to match the resolution of

Pf and fuse the mFoV features by element-wise summa-
tion. Unless specified otherwise, the upsampling process is
completed by a shared ConvTranspose2d layer in this work.
Thereafter, in order to eliminate the aliasing effect of up-
sampling (Lin et al. 2017), we employ a 3X3 convolution on

the merged map to generate the final feature map ]:’iK. Fi-

nally, we utilize the enhanced feature pyramid {P/* } 2, for
decoding.

Data Collection for SSL

Tab. 1 provides an overview of the immunohistochemistry
(IHC) dataset used for pre-training. We first collect 2,712
WSIs that cover three types of IHC biomarkers: Ki-67, pro-
grammed death-ligand 1 (PD-L1), and human epidermal
growth factor receptor 2 (HER2). To increase the diversity
and informativeness of the pre-training dataset, we extract at
most 500 patches of resolution 512 X 512 pixels and objec-
tive magnification 40x (0.25 pm/px) from each WSI. More-
over, a pre-trained cell detector is deployed to guarantee that
each preserved patch contains at least 30 cells. As a result,
we collect a total of 1.4M patches, slightly exceeding the
scale of the ImageNet-1K training set (Deng et al. 2009).

Broader impact Beyond assessing the effect of various
SSL algorithms on the PCD task, we are the first to con-
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Objective No. of patches No. of cells No. of .
Datasets AR : - . Image resolution Organs
magnification | train  val  test train val test categories
CoNSeP 20X 22 5 14 13,040 2,515 8,777 3 500500 colon
BCData 40x 803 133 402 | 93,838 21,804 65,432 2 640x640 breast
PD-L1 40%x 1215 405 405 | 358,832 116,148 116,418 10 1024x1024 lung
OCELOT 50% 252 78 70 41,645 13,574 10,618 2 1024x1024 kidney, etc.

Table 2: Profiles of four histopathology datasets. A 20X objective magnification corresponds to approximately 0.5 pm/px.

duct self-supervised pre-training with large-scale IHC im-
age data. In contrast to HE data that is widely adopted in
previous relevant works, IHC staining allows the detection
and localization of specific proteins or antigens within tissue
sections, which is particularly valuable for identifying spe-
cific cell types, biomarkers, or pathological changes associ-
ated with diseases. In clinical practice, pathologists usually
combine the complementary merits of HE and IHC stained
WSIs to obtain a more comprehensive understanding of tis-
sue samples. By making the pre-trained weights publicly
available, we hope to advance the development of the com-
putational pathology community.

Experiment
Experimental Setup

Dataset In this study, we evaluate the advantages of
DPA-P2PNet over the state-of-the-art counterparts on three
histopathology datasets with varied staining types, including
the HE stained CoNSeP (Graham et al. 2019), IHC Ki-67
stained BCData (Huang et al. 2020) datasets, and an inter-
nal IHC PD-L1 dataset. To validate the efficacy of our pro-
posed mFoV DPA-P2PNet, we conduct comprehensive ex-
periments on the OCELOT (Ryu et al. 2023) dataset, which
offers the mapping from annotated patches to their source
WSIs in TCGA (Hutter and Zenklusen 2018) so that we can
crop patches at arbitrary FoVs. We divide the PD-L1 and
OCELOT dataset into training, validation, and test subsets
at a ratio of 6:2:2. To avoid information leaking among the
subsets, we randomly split the dataset per WSI, ensuring
that different patches from the same WSI are not included
in multiple subsets. Tab. 2 provides the statistics of these
datasets, and detailed cell categories are available in the sup-
plementary material.

Implementation Details The interval of pre-defined point
proposals is set to 8 pixels on the CoNSeP dataset while 16
pixels on the other three datasets. By default, we use ResNet-
50 (He et al. 2016) and FPN (Lin et al. 2017) as the trunk
and neck networks, respectively. All MLPs are structured
as FC-ReLu-Dropout-FC. With the same label assignment
scheme and loss functions as P2PNet (Song et al. 2021), we
adopt the AdamW optimizer with weight decay le-4 to op-
timize our proposed models. During the training stage, data
augmentations including random scaling, shifting and flip-
ping are applied on the fly. For the pre-training, we utilize
the configurations recommended in (Kang et al. 2023) to ex-
ecute various SSL algorithms on our collected IHC dataset.
All models are trained on NVIDIA A100 GPUs.
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Evaluation Metrics We adopt macro-average F1-score
and average precision (AP) as metrics to measure the cell
detection performance of all models. If a detected cell is
within a valid distance from an annotated cell and the cell
class matches, it is counted as a true positive (TP), other-
wise a false positive (FP). Following the official evaluation
protocol, we set the matching distance as 6 and 10 pixels
for the CoNSeP and BCData datasets. As for the OCELOT
and PD-L1 datasets, we apply thresholds of 9 and 12 pixels,
respectively.

Experimental Results

In the following parts, we first compare the capability of
DPA-P2PNet with the state-of-the-art PCD and crowd local-
ization competitors, which encompass density map (DM)-
based approaches containing U-Net (Ronneberger, Fischer,
and Brox 2015), DeepLabV3+ (Chen et al. 2018; Ryu
et al. 2023), U-CSRNet (Huang et al. 2020), MCSpatNet
(Abousamra et al. 2021), FIDT (Liang et al. 2022) and OT-M
(Lin and Chan 2023), as well as end-to-end methods includ-
ing P2PNet (Song et al. 2021), CLTR (Liang et al. 2022)
and E2E (Shui et al. 2022) on the CoNSeP, BCData and PD-
L1 datasets. Subsequently, we demonstrate the superiority of
mFoV DPA-P2PNet over the precursor studies (Bai, Xu, and
Xing 2020; Bai et al. 2022) on the OCELOT dataset. There-
after, we conduct several ablation experiments to show the
effectiveness of MSD and DPP. Finally, we test the validity
of diverse SSL methods on the PCD task.

Comparison with SOTA Methods Table 3 shows the
quantitative comparison results of our approach with the
counterparts. Briefly, our proposed DPA-P2PNet achieves
the highest F1 and AP scores on all datasets. The DM-based
methods generally exhibit inferior performance because they
rely on post-processing to localize cell centroids on the
predicted density maps. However, finding a set of post-
processing parameters that work well in all scenes is im-
possible. For example, setting the confidence threshold too
large inevitably filters out cells with weak intensity, while
using a small confidence threshold makes it difficult to sep-
arate overlapping cells. The inferior performance of P2PNet
compared to our method can be attributed to its insufficient
utilization of multi-scale information and the sub-optimal
distribution of pre-defined point proposals. E2E unifies the
resolutions of multi-level feature maps and performs feature
fusion by element-wise summation, which mitigates the for-
mer drawback of P2PNet but somewhat leads to a loss of
information. In comparison, DPA-P2PNet can fully utilize
multi-scale features via instant decoding from the uncom-
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Datasets Metrics DM-based Methods End-to-end Methods

U-Net DeepLabV3+ U-CSRNet MCSpatNet FIDT OT-M | P2PNet CLTR E2E Ours
CoNSeP F1 61.8 65.7 42.5 68.2% 70.3 36.7 70.0 40.8 702 711
AP - 53.7 27.7 52.2% 57.7 - 60.5 21.8 599 629
BCData Fl1 85.7 85.8 85.7* 85.3 85.9 66.5 86.3 84.8 863 86.7
AP 80.1 82.1 - 79.2 81.3 - 83.8 81.0 833 844
PD-L1 F1 46.0 53.7 25.7 43.6 51.9 27.1 54.4 543 548 559
AP 334 41.3 21.1 30.8 36.4 - 42.1 43.0 425 437

Params(M) | 31.0 40.3 10.1 26.1 21.5 66.6 27.3 41.0 289 323

PD-L1 MACs(G) 876 184 1371 277 579 432 100 105 107 151

FPS 14 28 3 12 10 2 41 22 42 39

Table 3: Quantitative comparison on three datasets. * indicates the previously publicly reported best results on the dataset. The
best and second-best performance are highlighted in bold and underlined, respectively.

\ Methods | Fl AP

Baseline 58.8 42.7

DeepLabV3+ | MFoVCE-Net | 59.3 435
MFoVCE-Net+ | 59.8 44.2

Baseline 593 444

DPA-P2PNet Ours (BI) 619 489
Ours (TC) 62.6 49.1

Table 4: Performance comparison of various PCD methods
with mFoV inputs on the OCELOT dataset. K is set as 2.
The baselines represent using only the small FoV patch. BI
and TC indicate bilinear interpolation and transposed con-
volution, respectively.

pressed feature pyramid. Although the transformer-based
CLTR model employs a more elegant query-based paradigm
compared to our method, it requires a larger amount of la-
beled data to unleash its potential because vision transformer
(ViT) based models have weaker inductive bias than CNNs
in modeling visual structures and thus require much more la-
bels to learn such bias implicitly (Xu et al. 2021). However,
obtaining cell annotations on a large scale demands special-
ized expertise, and incurs a huge cost. From this perspective,
our model is more label-efficient. Additionally, the capacity
of CLTR, quantified by the number of queries, cannot scale
with resolutions of input images, which greatly curtails its
practical applications.

We also analyze the model size, computational cost and
inference efficiency of different methods on the PD-L1
dataset in Tab. 3. The DM-based methods demonstrate high
computational complexity because they need to regress the
high-resolution cell density maps. In contrast, the end-to-
end models operate with hidden features of lower resolution
and directly output cell coordinates and categories without
the need for time-consuming post-processing. Consequently,
they require fewer computational resources and generally
exhibit faster inference speeds compared to the DM-based
methods. The CLTR model, however, stands as an exception
due to the considerable time complexity of the multi-head
self-attention layers. Despite a slight sacrifice in speed, our
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No. of FoVs | Fl1 AP  FPS
1 593 444 25
2 62.6 49.1 18
3 64.2 514 11
4 64.6 51.6 8

Table 5: Performance of mFoV DPA-P2PNet on the
OCELOT dataset as K increases from 1 to 4.

MSD DPP | FI AP
70.0 60.5

v 70.7  61.7
v v | 711 629

Table 6: Effect of MSD and DPP on the CoNSeP dataset.
P2PNet serves as the baseline.

proposed DPA-P2PNet outperforms the original P2PNet no-
tably by 1.5% on F1 and 1.6% on AP.

Effect of mFoV DPA-P2PNet We compare the perfor-
mance of our proposed mFoV DPA-P2PNet with MFoVCE-
Net (Bai, Xu, and Xing 2020) and its upgraded version
MFoVCE-Net+ (Bai et al. 2022) on the OCELOT dataset.
The comparison results are shown in Tab. 4. It can be seen
that mFoV DPA-P2PNet that uses transposed convolution
for upsampling achieves the highest performance, surpass-
ing the currently SOTA method MFoVCE-Net+ by a re-
markable margin of 2.8% on F1 and 4.9% on AP.

In Tab. 5, we further investigate the scalability of mFoV
DPA-P2PNet by utilizing more patches with larger FoVs as
model input, which has not been previously investigated.
Overall, the model performance keeps growing as the num-
ber of FoVs increases. As a trade-off, the inference speed
gradually slows down. Specifically, when K equals to 4, our
approach achieves a substantial performance gain of 5.3%
on F1 and 7.2% on AP compared to the baseline model that
only sees the patch with the smallest FoV. However, the in-
ference efficiency reduces by 68% as more images need to
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Figure 4: Qualitative comparison results on the OCELOT dataset. The symbol * indicates that the predictions come from
MFoVCE-Net+, while the rest are from our proposed mFoV DPA-P2PNet. Cyan: tumor cells. Yellow: background cells.

Metrics ResNet-50 ViT-B/16
Random IN MoCov2 SwAV DINO \ Random IN DINO MAE
F1 52.3 55.9 57.4 56.4 56.6 56.7 58.0 60.8 61.7
AP 39.3 43.7 454 447 45.0 44.0 47.0 49.9 51.6

Table 7: Downstream evaluation of various SSL algorithms on the large-scale and real-world PD-L1 dataset. IN stands for
using ImageNet-supervised pre-trained weights as model initialization.

be processed. To facilitate a straightforward comparison, we
visualize the cell detection results under different input con-
ditions in Fig. 4.

Ablation Studies 'We conduct ablation experiments on the
CoNSeP dataset to validate the effectiveness of our proposed
modules: multi-scale decoding (MSD) and deformable point
proposals (DPP). The results are summarized in Tab. 6.
When using only the MSD, our model achieves a perfor-
mance gain of 0.7% on F1 and 1.2% on AP compared to the
original P2PNet. When combined with the DPP, further im-
provements can be obtained with 1.1% and 2.4% on F1 and
AP, respectively.

Effect of SSL. To evaluate the transferability of learned
weights by SSL, we apply the full fine-tuning protocol
to train DPA-P2PNet with a pre-trained backbone on the
PD-L1 dataset. Two architectures of backbones including
ResNet-50 and ViT-B/16 (Dosovitskiy et al. 2020) are tested
in our experiments. Moreover, to make the plain ViT model
suitable for the dense prediction tasks (e.g., PCD), we intro-
duce ViT-Adapter to inject the image-related inductive bi-
ases into the model and construct hierarchical features.

The downstream performance is shown in Table 7. We
observe that supervised ImageNet pre-training is better
than training from scratch but lags behind domain-specific
SSL pre-training for both ResNet-50 and ViT-B/16 mod-
els, which aligns with the conclusions drawn in (Kang
et al. 2023). Of the ResNet-50 based SSL methods, MoCo
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v2 achieves the most favorable results, outshining the
ImageNet-supervised pre-training by 1.5% on F1 and 1.7%
on AP. Regarding the ViT-B/16 based SSL methods, MAE
demonstrates the best performance and it surpasses the
ImageNet-supervised pre-training remarkably by 3.7% on
F1 and 4.6% on AP. We attribute the superiority of MAE
over DINO to the fact that contrastive learning primarily
captures global relationships, while masked image model-
ing captures local relationships that is specially beneficial
for dense prediction tasks (Park et al. 2023).

Conclusion

In this study, we present DPA-P2PNet for point-based cell
detection. The key improvements of DPA-P2PNet over the
prototype model are multi-scale decoding and deformable
point proposals, which are designed to promote the utiliza-
tion of multi-scale information within histopathology im-
ages and mitigate the distribution bias between pre-defined
point proposals and potential cells, respectively. The abla-
tion studies validate their efficacy and extensive comparison
experiments on three histopathology datasets with various
staining styles demonstrate the effectiveness and generaliza-
tion of our proposed DPA-P2PNet model. Based on this, we
also design mFoV DPA-P2PNet, the power and scalability of
which are validated on the OCELOT dataset. Moreover, we
execute the first self-supervised pre-training on large scale
IHC image data and evaluate the efficacy of various SSL
methods on the PCD task specially.
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