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Abstract

Point detection has been developed to locate pedestrians
in crowded scenes by training a counter through a point-
to-point (P2P) supervision scheme. Despite its excellent
localization and counting performance, training a point-
based counter still faces challenges concerning annota-
tion labor: hundreds to thousands of points are required
to annotate a single sample capturing a dense crowd. In
this paper, we integrate point-based methods into a semi-
supervised counting framework based on pseudo-labeling,
enabling the training of a counter with only a few anno-
tated samples supplemented by a large volume of pseudo-
labeled data. However, during implementation, the train-
ing encounters issues as the confidence for pseudo-labels
fails to be propagated to background pixels via the P2P.
To tackle this challenge, we devise a point-specific activa-
tion map (PSAM) to visually interpret the phenomena oc-
curring during the ill-posed training. Observations from
the PSAM suggest that the feature map is excessively acti-
vated by the loss for unlabeled data, causing the decoder to
misinterpret these over-activations as pedestrians. To miti-
gate this issue, we propose a point-to-region (P2R) scheme
to substitute P2P, which segments out local regions rather
than detects a point corresponding to a pedestrian for su-
pervision. Consequently, pixels in the local region can
share the same confidence with the corresponding pseudo
points. Experimental results in both semi-supervised count-
ing and unsupervised domain adaptation highlight the ad-
vantages of our method, illustrating P2R can resolve is-
sues identified in PSAM. The code is available at https:
//github.com/Elin24/P2RLoss.

1. Introduction

Crowd scene analysis has been investigated for many years
due to its significant applications in smart cities and urban
safety [2, 7, 29, 41, 46, 62, 75]. Crowd counting and local-
ization in extremely dense crowd scenes, as the fundamen-
tal task in this field, have attracted considerable attention
from researchers in computer vision [4, 5, 37, 61, 66, 68].
Although most supervised crowd counting methods fol-
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Figure 1. The workflow of semi-supervised point-based count-
ing methods. The teacher model generates pseudo labels by ex-
tracting the foreground pixels, while the student model takes the
corresponding strongly augmented image as input to construct the
computation graph. The training loss between the pseudo label
and the student’s prediction involves two steps: the proposed P2R
matching and the weighted cross-entropy computation.

low the scheme of density regression [10, 24, 38, 61, 73],
there are also relevant studies implementing point detec-
tion for crowd localization and counting [21, 31, 57], due
to its straightforwardness in indicating pedestrians’ posi-
tions. These approaches use the Hungarian algorithm to
perform point-to-point (P2P) matching between predicted
point maps and ground-truth (GT) pedestrian annotations
during training. Therefore, these matched pixels are con-
sidered as pedestrians’ positions, while the others are des-
ignated as background for loss computation. This scheme
successfully trains a point detector for crowd analysis,
yielding both good localization and counting performance.

Great progress has been made in supervised counting,
but the labor-intensive nature of annotating data has hin-
dered the development of crowd understanding for a long
time [26, 66]. Addressing this issue, semi-supervised count-
ing is gradually being developed, aiming to train a model
using large amounts of unlabeled data alongside only a few
annotated samples. Similar to supervised counting, most
semi-supervised methods also follow the procedure of den-
sity regression. Notably, the method proposed in OT-M [26]
stands out by employing a simple self-training scheme
based on mean-teacher [59] and FixMatch [56]. However,
there is no study exploring semi-supervised counting and
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localization using a point-detection method. To fill this gap,
this paper explores an approach to train a point detector with
limited annotated data.

As shown in Fig. 1, typical semi-supervised counting
methods rely on pseudo-labeling, which generates pseudo
labels to serve as learning targets for unlabeled samples us-
ing a model pre-trained on a small amount of annotated
data. During training, there is a confidence score to de-
termine whether a concerned prediction should be retained
as a pseudo label. However, if the P2P matching strategy
is applied to compute loss within the pipeline presented
in Fig. 1, there is no reasonable way to define the confi-
dence for unmatched background pixels, as P2P matching
only cares about matched foreground pixels. Specifically, a
foreground pixel can be retained for training if its matched
pseudo-label’s foreground probability exceeds a predefined
threshold, similar to the approach used in semi-supervised
classification tasks [15, 56]. However, background pixels
lack confidence scores since no pseudo-labels are assigned
to them after matching. Experimental results also demon-
strate that ignoring the background leads to the breakdown
of semi-supervised training.

To address the aforementioned issue, we propose a
gradient-based visual explanation method (akin to [48, 74,
76, 78]), termed point-specific activation map (PSAM) ,
to visualize regions of interest and the activation levels of
detected points. Using PSAM, we observe that the activa-
tion values and coverage areas of foreground pixels contin-
uously grow during semi-supervised training, causing the
model to misclassify neighboring pixels as foreground.

Inspecting PSAMs reveals that each point in GT is im-
plicitly associated with a local region rather than a sin-
gle pixel in the prediction. Accordingly, we propose
to replace the P2P with a point-to-region (P2R) strategy,
which matches local regions to points in the pseudo-label.
This allows all pixels within a matched region, including
background pixels, to share the confidence of the corre-
sponding pseudo-point. Experimental results and visual-
izations demonstrate that P2R can effectively train a semi-
supervised point-based counter and achieve expected per-
formance. Experimental results show that P2R effectively
trains semi-supervised point-based counters with compara-
ble performance to P2P but at significantly reduced com-
putational cost. Unlike P2P [57], P2R eliminates the need
for the Hungarian algorithm by assigning each ground-truth
or pseudo-point a local ”dominated zone” and selecting a
representative foreground pixel based on a predefined cost
matrix.

The contributions of our paper are as follows:
• We formulate a pipeline of semi-supervised counting

with a point-detection method, but find a problem lead-
ing the training breakdown.

• We propose Point-Specific Activation Map (PSAM) to

visualize the regions of interest and the activation val-
ues of each point detected by the point-based crowd
counter. Through PSAM, we observe that the sur-
rounding pixels of each expected foreground pixel are
over-activated, causing the decoder to recognizes these
pixels as instances different from the concerned one.

• Based on insights from PSAM, we propose replac-
ing the P2P with a P2R matching strategy for semi-
supervised learning in point-based crowd counting.
This not only makes the training process work as ex-
pected, but also brings additional benefits of reducing
computational requirements.

• The proposed P2R achieves outstanding performance
in several experiments, including semi-supervised
counting and unsupervised domain adaptation. Abla-
tion study shows that P2R excellently tackles the prob-
lem caused by P2P in semi-supervised counting.

2. Related Works
Object counting in dense scenes. The development of
deep learning has significantly influenced crowd counting.
Prior to this, detecting body parts [16, 17] was the common
pipeline for crowd understanding in computer vision, al-
though some methods implemented counting models with-
out explicit object segmentation or tracking information [4–
6]. Beyond specific crowd scenarios, class-agnostic count-
ing [14, 27, 30, 45, 49, 71] has also been developed to esti-
mate the distribution of objects in the same category. Most
recent counting methods implement neural networks fol-
lowing the density map regression scheme [3, 8, 20, 50,
60, 65, 67, 69, 73]. In addition to continuous innovations
in model architecture design [3, 20, 24], new loss functions
have also been developed, including Bayesian Loss [38],
loss functions based on balanced [63] and unbalanced opti-
mal transport [22, 39, 61], and characteristic function loss
computed in the frequency domain [51, 52]. A study ana-
lyzes the relationship between current loss functions from
the perspective of proximal mapping [28]. Some meth-
ods also perform crowd analysis via instance segmenta-
tion [1, 9] and point detection [21, 31, 47, 57]. The latter
is the scheme adopted in our semi-supervised model.

Semi-supervised counting. Semi-supervised counting
has attracted broad attention recently [18, 19, 23, 25, 26,
32–34, 36, 42, 54]. L2R [32, 33] introduces a ranking
rule for unlabeled crowd images based on the principle
that cropped images should have smaller counts than full
images. GP [54] iteratively updates pseudo-labels using
Gaussian Processes. IRAST [34] and SUA [42] enhance
models by incorporating a segmentation branch. DAC [23]
uses learnable density agents to capture varying crowd
densities. OT-M [26] transforms density maps into point
maps as pseudo-labels, achieving strong performance with
a density-to-point loss function [61]. Our method also em-
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ploys pseudo-labeling but uses a point detector for count-
ing, avoiding the need for density map transformations as
in [26]. Additionally, uncertainty is directly measured by
the scores of extracted points, without any additional learn-
able structures like those in [42].

Visual Explanation. Visualizing the importance of ex-
tracted image features is a straightforward way to inter-
pret a model. The mainstream of visual explanation fo-
cuses on methods producing activation maps [13, 44, 48,
64, 74, 76–78], which are the products of feature maps from
some intermediate layer and weight maps indicating the
corresponding feature’s importance. For example, Grad-
CAM [13, 48] defines the weights using the correspond-
ing gradient maps, generated via backpropagation. Beyond
the focus on classification tasks, ODAM [74, 76] extends
gradient-based CAM to object detection, visualizing the lo-
cal impact of features on the detector’s decisions. In this
paper, we propose PSAM to visualize how the activation
map changes for each predicted point in an ill-posed semi-
supervised counting framework. Based on the observations
from PSAM, we design a P2R matching strategy to avoid
the over-activation of pixels in local regions, which effec-
tively resolves the drawbacks of P2P and enables the suc-
cessful training of a semi-supervised point detector.

3. Point Counter in Semi-Supervised Counting
This section formulates a simplified point-based counter by
removing the regression branch in P2PNet [57], and then
presents the training scheme and challenges when training
with labeled and unlabeled data, respectively.

3.1. Preliminary on A Simplified Point Counter

Common point-based crowd counters like P2PNet [57] con-
tain a classification and a regression branch. However, we
find a simplification can be achieved by removing the off-
set regression branch. On one hand, the crowd count can
be estimated by counting foreground pixels with scores
greater than 0.5, a process that does not involve the re-
gression branch. On the other hand, pixel coordinates
alone are sufficient to locate pedestrians, as demonstrated
in STEERER [10] and GL [61], which use the coordinates
of local maxima to indicate pedestrians locations.

As a result, P2PNet can be simplified to:

FpI,Θf q Ñ F P Rcˆhˆw, (1)

DpF,Θdq Ñ D P Rhˆw (2)

Ñ P “
␣

p P Rn,x P Rnˆ2
(

, (3)

where F is the image encoder with learnable parameters
Θf , and D denotes the density decoder with learnable pa-
rameter Θd. Notably, the offset regression branch is ex-
cluded in this simplified formulation. The pixel set p P Rn

represents the flattened values in D, and its corresponding
coordinate set is denoted as x P Rnˆ2, where n “ h ˆ w.

3.2. Training with Labeled Data via P2P Matching

The GT with m points can be denoted as x1 P Rmˆ2, where
x1

rjs P R2 represents the location of the j-th pedestrian.
Using P and x1, the loss computation involves two parts:
P2P matching and binary cross entropy (BCE) calculation.

The former aims to obtain a matrix-based solution M P

t0, 1unˆm that minimize the bipartite-graph matching cost
between x and x1 within the cost matrix C P Rnˆm:

Crijs “ τ}xris ´ x1
rjs}2 ´ Spprisq, (4)

where Sp¨q is defined as the inverse sigmoid function
Sppq “ ´ logp1{p ´ 1q, rather than the identity operator
used in the vanilla P2PNet [57], for improved performance.

To compute BCE loss, the learning objective of p is for-
mulated as p̂ “ M1m, and the BCE loss is calculated for
optimization as follows:

Ll “ ´λp̂J log p ´ p1n ´ p̂qJ logp1n ´ pq (5)

where λ is a re-weighting factor for matched pixels [57].

3.3. Problem in Training with Unlabeled Image

Here we consider training with unlabeled data following
the standard pseudo-labeling procedure [15, 56]. As illus-
trated in Fig. 1, it requires the cooperation of a student and
teacher model that share the same structure described in
(1)„(3). The difference lies in that the teacher model is up-
dated via exponential moving average (EMA) [59], while
the student is optimized via gradient descending. During
training, the teacher and student process the weakly and
strongly data-augmented versions of an unlabeled image,
producing Pt “ tpt,xtu and Ps “ tps,xsu, respectively.
After that, foreground points are extracted from Pt to con-
struct pseudo-labels:

P 1
t “ tp1

t, x
1
tu “

␣

ptrjs, xtrjs

ˇ

ˇ ptrjs ą 0.5
(

, (6)

where x1
t is treated as the pseudo hard label to estimate the

matching matrix Mst via Hungarian algorithm, and the loss
is obtained by substituting p̂t “ Mst1m and ps into (5).

However, some pseudo-labels may not be reliable. A
common solution is to only consider points in P 1

t with high
scores [15, 56], i.e., using a confidence vector ζ to mask out
elements whose score is below a threshold η:

ζ “ 1
`

p1
t ą η

˘ map to p̂t by Mst
ÝÝÝÝÝÝÝÝÝÝÑ z “ Mstζ. (7)

Note η is greater than 0.5 and (7) only let pseudo points with
score greater than η be reliable. Subsequently, Z “ diagpzq

is incorporated into the BCE loss for supervision:

Lu “ ´λp̂J
t Z log ps ´ p1n ´ p̂tq

JZ logp1n ´ psq. (8)
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However, the second item of (8) in P2P is identically zero:

Lu[P2P] “ ´λp̂J
t Z log ps ´ 0, (9)

regardless of ζ (embedded in Z). Consequently, no gra-
dients are back-propagated from the losses associated with
background pixels, which is ill-posed. Utilizing (9) as the
loss function is similar to training a two-class classifier with
only samples from the category “1”, which will lead the
trained model to output “1” regardless of the input.

4. Visual Explanation with PSAM
In addition to the theoretical analysis, we implement a
framework that supervises a model using labeled and un-
labeled data via (5) and (9), respectively, to empirically in-
vestigate the behavior of P2P-based semi-supervised count-
ing. Subsequently, PSAM is designed to visualize how the
prediction is influenced by (9) during training. Thus, we
can design an effective confidence scheme accordingly to
counteract the effects revealed by PSAM, thereby enabling
semi-supervised learning to function as expected.

4.1. PSAM: Point-Specific Activation Map

An activation map is a heat map with the same spatial res-
olution as the image features, where local regions with rel-
atively high values are interpreted as being discriminative
(informative) for the current output [48, 74, 78]. Most tech-
niques obtain activation maps by linearly aggregating fea-
tures with their corresponding gradients, as [53, 58] have
shown that the partial derivative with respect to a specific
element can reflect its contribution to the final prediction.

Unlike [48, 78], which compute gradients at the image
level, crowd counting requires a point-specific activation
map (PSAM) to visually explain the regions of interest for
every element in p of (3). Thus, the Jacobian matrix of p
with respect to image feature F is required:

JD “
Bp
BF “

“

∇pr1s,∇pr2s, ¨ ¨ ¨ ,∇prns

‰J
. (10)

Afterwards, the q-th heat map Hrqs in PSAM is derived by
filtering out negative influences on the aggregated feature:

Hrqs “ max
`

ÿc

k“1
∇prqs d F, 0

˘

P Rhˆw, (11)

where the summation operator is applied along the channel
dimension, and d denotes the Hadamard product.

In a naı̈ve implementation, the computation of JD P

Rnˆhwc requires a large memory and involves n back-
propagations through the computational graph, posing a
challenge for visual explanation in pixel-level tasks. How-
ever, this issue can be resolved by computing gradients only
between prqs and features within its receptive field. Gradi-
ents in other areas are zero, as there is no path connect-
ing them in the computational graph. Thus, an efficient ap-
proach can be implemented, as illustrated in Fig. 2.
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Figure 2. The generation process of PSAM.

In this implementation, the forward process begins with
extracting sliding local blocks F̃ according to the receptive
field r of D, and then decoding F̃ through (2) in parallel.
The final prediction p is generated by stacking pixels lo-
cated at the center of r ˆ r patches denoted as in D̃:

F P Rhˆwˆc Ñ F̃ P Rphwqˆprˆrˆcq, (12)

DpF̃ ,Θdq Ñ D̃ P Rnˆprˆrq center of patches
ÝÝÝÝÝÝÝÝÑ p P Rn. (13)

The remaining r2 ´ 1 pixels in each patch are discarded.
Denoting the sum of the output as ξ “ 1J

np, the gra-
dient ∇ξ “ Bξ{BF̃ can be obtained via just one back-
propagation, and the q-th gradient block, ∇ξrqs, is equal to
the gradient of prqs with respect to F̃rqs:

∇ξrqs “
Bξ

BF̃rqs

“
Bξ

Bprqs
¨

Bprqs

BF̃rqs

“
Bprqs

BF̃rqs

, (14)

since Bξ{Bprqs “ 1. After that, we can parallel compute the
PSAM (denoted as H̃rqs) within the receptive field of prqs,
by substituting (14) into the formulation presented in (11):

H̃rqs “ max
`

ÿc

k“1
∇ξrqs d F̃rqs, 0

˘

. (15)

As illustrated in the bottom of Fig. 2, the complete PSAM
Hr1,...,ns in (11) can be obtained by filling H̃r1,...,ns back
into the corresponding regions of a fully zero matrix:

Hrq,ts “

#

H̃rq,t1s, if t P Ωq

0, otherwise
, (16)

where Ωq represents the index set of prqs’s receptive field,
and t1 P R2 is the transformed coordinate of t P R2 in H ,
ensuring Frts ” F̃rq,t1s. In this way, the matrix memory re-
quired to obtain all Hrqs is reduced from Rnˆhwc to Rnˆr2c

(r2 ! hw), and only one back-propagation is needed to ob-
tain PSAMs for all pixels.
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(c) Local PSAM mean (model-L)

(d) Local PSAM mean (model-U)

(e) aggregated PSAM (model-L)

(f) aggregated PSAM (model-U)

(a) MAE/MSE during training

(b) Sorted average PSAM

Figure 3. Observations in PSAM. (a) The training process, where
model-L and model-U are extracted from the 100th and 200th
epochs, respectively. (b) Comparing sorted values of PSAMs in
the two models. (c) & (d) Visualizing the average of local PSAM,
and (e) & (f) the aggregated PSAM to compare model-L and
model-U from a global perspective.

4.2. Observation in PSAM

We next apply PSAM to visualize the model during semi-
supervised counting. The semi-supervised loss function
combines (5) and (8):

L “ αLu ` p1 ´ αqLl, (17)

where α is a hyperparameter to balance the training of la-
beled and unlabeled data. Following [15], we set α “ 0
during the first 100 epochs to generate valid pseudo labels.
After that, α is gradually increased to 1. In Fig. 3(a), we
plot how the MAE/MSE changes on the validation set dur-
ing training. The training failed as evinced by both metrics
increasing significantly when unlabeled data were involved
in training (after epoch 100). We denote ‘model-L’ as the
model at the 100-th epoch that is trained only on labeled
data, and ‘model-U’ as the model at the 200-th epoch that
was trained with both labeled and unlabeled data.

We next compare explanations of model-L and model-
U using PSAM. We visualize the concerned regions of the
crowd by extracting the PSAMs corresponding to the fore-
ground pixels (prqs ą 0.5). In Fig. 3(c & d) the element-
wise mean of the PSAM patch (

ř

q H̃rqs ¨ pprqs ą 0.5q) is
displayed to illustrate how the area of the concerned regions
changes between model-L and model-U, while Fig. 3(b)
presents a detailed value comparison using a line chart.
On one hand, Fig. 3(b) shows that the values in model-U’s
PSAM are larger than those of model-L; on the other hand,
Fig. 3(c & d) shows that model-L’s PSAM is more concen-
trated when compared to model-U. These observations re-
veal how (8) in P2P scheme affects the trained model: Lu

leads to over-activation in the PSAM of foreground pixels,
causing the decoder D to falsely identify surrounded pixels
as foreground pixels as well.

Next, we visualize the global PSAM of both models

by compressing Hrqs corresponding to foreground pixels:
H̄ “

řn
q“1pprqs ą 0.5q¨Hrqs. As displayed in Fig. 3(e & f),

the aggregated PSAM of model-L is sparser than that of
model-U, which is consistent with the observation for indi-
vidual points presented in Fig. 3(c & d). Another observa-
tion is that the background regions do not change signifi-
cantly, indicating that almost all false positives occur in the
neighborhood of the initial foreground pixels. This suggests
that Lu does not alter the hyperplane separating crowd and
non-crowd features in the high-dimensional space.

5. P2R Matching

The observations described in last section reveal that Lu

over-activates the values and enlarges the area of the PSAM
corresponding to foreground pixels, which should be sup-
pressed by the supervision of background part in (5), but is
actually zero in (8) (Lu[P2P] in (9)). This over-activation
also confirms two important functions of the background
item in (5): it not only guides the model to classify the
crowd and non-crowd regions in the image, but also sup-
presses the surrounding person region from being activated.
The latter is important since the neighboring pixels of a de-
tected foreground pixel have similar features to the fore-
ground pixel due to the CNN architecture, and thus may
become activated if suppression is not applied. This inter-
pretation makes more sense because each person in a crowd
image is represented by tens to thousands of pixels, not
just one. Supervising the region around the positive pixel
with labels of 0 is crucial to a point-based counter. There-
fore, during training, it would be more effective to adopt a
point-to-region (P2R) matching strategy instead of a point-
to-point (P2P) approach. Moreover, as suggested by the
above interpretation, P2R is not limited in training with un-
labeled data, but can also work in supervised learning with
point supervision.

5.1. Training with Labeled Data via P2R

Recalling the notation of the prediction P “ tp,xu in (3)
and ground truth x1, the matching matrix M in our P2R
matching is the Hadamard product of two items:

M “ Mf d pβJ1mq P Mnˆm. (18)

The first item Mf P t0, 1unˆm is a many-to-one matrix that
assigns each pixel in P to its nearest point in x1:

Mf rijs
“

#

1, if l2pi, jq ă l2pi, kq @k ‰ j

0, otherwise
, (19)

where l2pi, jq “ }xris ´ x1
rjs}2 is the l2-distance between

the i-th pixel’s and the j-th point’s coordinates. β P t0, 1un

in the second item of (18) is a vector marking foreground
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(a) P2P scheme

𝒫𝑠 ෠𝒫𝑡

(d) P2R scheme

𝒫𝑠 ෠𝒫𝑡

(b) matched point

(e) matched region

(c) semi-supervised points 

(f) semi-supervised regions

Figure 4. Difference between P2P and P2R matching. (a) and (d)
demonstrate an overall difference. P2P focuses only on foreground
pixels in Ps, while P2R considers background pixels as well. (b)
and (e) show how the matching is performed in P2P and P2R, re-
spectively. P2R segments out local regions for each pseudo-label,
whereas P2P only detects one point. (c) and (f) illustrate how un-
trusted predictions are filtered. P2P retains only foreground pixels
for loss computation, while P2R also keeps pixels in the neighbor-
hoods of their corresponding pseudo points.

regions, by setting those pixels in P far from any points in
x1 as zero:

βris “

#

1, if minj l2pi, jq ă µ

0, otherwise
, (20)

in which µ is a hyper parameter indicating the radius if the
neighborhood of each GT point is considered as a circle.
As displayed in Fig. 4(e), M segments out a coarse local
region that is consistent with the location of the GT point.
After that, the learning objective p̂ is derived by defining
the cost matrix C P Rnˆm:

Crijs “

#

τ l2pi, jq ´ Spprisq, if Mrijs “ 1

8, otherwise
. (21)

Then, the pixel with the minimum cost in each column of C
is marked as the potential foreground pixel:

M̂rijs “

#

1, if Crijs ă Crkjs @k ‰ i

0, otherwise
. (22)

Finally, the learning objective p̂ is derived as p̂ “ M̂1, and
the loss Ll is computed between p and p̂ according to BCE
loss formulated as (5) during training with labeled data.

An extra benefit is that computing M and M̂ in P2R re-
quires only finding the minimum of each row or column
in the matrices, which is significantly faster than executing
the Hungarian algorithm — a time-consuming component
of the P2P matching strategy [57].

5.2. Training with Unlabeled Data via P2R

Recalling the pseudo-label P 1
t “ tp1

t,x
1
tu from the teacher

and the supervised student output as Ps “ tps,xsu, the

matching matrix Mst between Ps and P 1
t is computed via

(18) in P2R, and then combined with the confidence in (7) to
mask unreliable pseudo labels. Additionally, pixels far from
any pseudo points can be directly marked as reliable back-
ground pixels, as suggested by observations from the aggre-
gated PSAM in Fig. 3(e & f). Thus, the confidence diagonal
matrix Z is formulated as follows with ζ “ 1pp̂1

t ą ηq:

Z “ diag rMstζ ` p1n ´ βqs (23)

The final loss supervising unlabeled data Ps with pseudo
labels is derived by substituting Z in (23) into (8).

As displayed in Fig. 4(f), the confidence for each pseudo
point is propagated to it corresponding region. On one
hand, reliable foreground parts (blue) contain a pixel whose
pseudo-label is 1, while the pseudo-labels of its surround-
ing pixels are marked as 0. On the other hand, all pixels in
the reliable background parts (khaki) are assigned pseudo-
labels of 0 to train the counter with unlabeled data. The
uncolored regions are ignored because their confidence is 0.

The pseudo code and flow chart of the proposed P2R loss
can be found in the supplemental material.

6. Experiments
This section explores how the proposed P2R training
approach enhances a point-based counting model using
both labeled and unlabeled data across three parts: semi-
supervised crowd counting, unsupervised domain adapta-
tion (UDA) for crowd counting, and ablation studies.

In the semi-supervised experiments, our method is
implemented on four crowd counting datasets: ShTech
A/B [73], UCF-QNRF [12], and JHU++ [55]. Following
DAC [67] and OT-M [26], three protocols are applied: 5%,
10%, and 40% of labeled data, with the remaining crowd
images involved in training without annotations. In the
UDA part, labeled data from one domain, e.g., ShTech A,
is used to initialize a counting model, while unlabeled data
from another domain is utilized to capture the domain char-
acteristics of the application scenes. In the ablation study,
we test different hyperparameters to demonstrate their im-
pact on the performance of P2R.

6.1. Semi-Supervised Counting

Tab. 1 presents the experimental results of semi-supervised
counting. Our method achieves the best performance in
nearly all protocols across all crowd datasets. Besides, us-
ing 5% data with P2R surpasses the fully-supervised learn-
ing with 10% data and is even equivalent to other semi-
supervised learning methods using 10% data. Similar per-
formances are also observed between the semi-supervised
training with 10% and 40% labeled data. These results
demonstrate that P2R is label-efficient and advantageous in
semi-supervised learning. In Fig. 5, we visualize predic-
tions of DAC [67], OTM [26], and our P2R. The 3rd row is
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Label Methods ShTech A [73] ShTech B [73] UCF-QNRF [12] JHU++ [55]
Pct. MAE MSE MAE MSE MAE MSE MAE MSE

5%

label-only 93.7 155.2 13.1 24.0 132.7 231.7 104.1 383.5
MT [59] 104.7 156.9 19.3 33.2 172.4 284.9 101.5 363.5

L2R [32] 103.0 155.4 20.3 27.6 160.1 272.3 101.4 338.8
GP [54] 102.0 172.0 15.7 27.9 160.0 275.0 98.9 355.7

DAC [23] 85.4 134.5 12.6 22.8 120.2 209.3 82.2 294.9
OT-M [26] 83.7 133.3 12.6 21.5 118.4 195.4 82.7 304.5
P2R (ours) 69.9 119.5 9.1 16.6 100.1 182.5 77.8 293.5

10%

label-only 84.0 138.3 10.7 19.2 112.4 186.8 78.7 305.5
MT [59] 319.3 94.5 15.6 24.5 156.1 245.5 250.3 90.2

L2R [32] 90.3 153.5 15.6 24.4 148.9 249.8 87.5 315.3
IRAST [34] 86.9 148.9 14.7 22.9 135.6 233.4 86.7 303.4

DAC [23] 74.9 115.5 11.1 19.1 109.0 187.2 75.9 282.3
OT-M [26] 80.1 118.5 10.8 18.2 113.1 186.7 73.0 280.6

CU [18] 70.7 116.6 9.7 17.7 104.0 1644.2 74.8 281.6
P2R (ours) 65.2 114.6 8.4 14.5 94.9 167.2 68.7 272.3

40%

label-only 64.5 105.6 8.1 14.0 99.2 174.7 68.8 283.5
MT [59] 88.2 151.1 15.9 25.7 147.2 249.6 121.5 388.9

L2R [32] 86.5 148.2 16.8 25.1 145.1 256.1 123.6 376.1
SUA [42] 68.5 121.9 14.1 20.6 130.3 226.3 80.7 290.8
DAC [23] 67.5 110.7 9.6 14.6 91.1 153.4 65.1 260.0

OT-M [26] 70.7 114.5 8.1 13.1 100.6 167.6 72.1 272.0
P2R (ours) 55.6 95.0 6.8 11.0 86.0 144.3 63.3 271.1

100% P2PNet [57] 52.74 85.06 6.25 9.90 85.32 154.50 61.25 258.65
P2R (ours) 51.02 79.68 6.17 9.84 83.26 138.11 58.83 253.10

Table 1. Comparison with other recent methods on four bench-
mark datasets under different labeled protocols.

a failure case of P2R due to crowd motion blur. However,
the overall performance of P2R is best.

The last row of Tab. 1 also compares P2P and P2R un-
der a fully-supervised learning scheme (100% labels); P2R
performs better than P2PNet on all crowd counting datasets.
Additionally, as described in Section 5.1, P2R is faster than
P2P due to the absence of the Hungarian algorithm. We
compared the efficiency using an image with a resolution
of 576 ˆ 960 and 775 annotated points — P2P requires
an average of 0.4307 seconds for loss computation, while
P2R only needs 0.0064 seconds, which is nearly 68 times
faster than P2P. These comparisons demonstrate that P2R
surpasses P2P in both effectiveness and efficiency.

6.2. Unsupervised Domain Adaptation (UDA)

UDA aims to transfer knowledge learned from a source do-
main to a target domain by designing modules or learning
objectives that capture domain-agnostic features [11, 29,
43, 65, 70, 72]. Unlike semi-supervised learning, where la-
beled and unlabeled data originate from the same domain,
UDA typically involves a domain gap between the labeled
(source domain) and unlabeled crowd data (target domain).
This gap often manifests as differences in crowd distribu-
tion, density levels, and perspectives. Our P2R can also be
applied to UDA. When an unlabeled image from the target
domain is provided, the threshold automatically partitions
its corresponding pseudo points into two categories: higher-
score (ą η) and lower-score (ă η). The higher-score class
is considered to be closer to the source domain, while the
lower-score class is considered to be farther from the source
domain. Thus, the higher-score pseudo points can partici-
pate in the training to gradually guide the model to learn to
count in the target domain.

ground truth: 1242 DAC [23]: 1059.52 OTM [26]: 1206.83 P2R (ours): 1234.0

ground truth: 61 DAC [23]: 49.21 OTM [26]: 51.43 P2R (ours): 60.0

ground truth: 61 DAC [23]: 146.09 OTM [26]: 126.11 P2R (ours): 227.0

Figure 5. qualitative comparison with other models.

METHODS A Ñ B A Ñ Q B Ñ A B Ñ Q
MAE MSE MAE MSE MAE MSE MAE MSE

DG
DCCUS [40] 12.6 24.6 119.4 216.6 121.8 203.1 179.1 316.2

MPCount [43] 11.4 19.7 115.7 199.8 99.6 182.9 165.6 290.4

UDA

BL [38] (w/o DA) 15.9 25.8 166.7 287.6 138.1 228.1 226.4 411.0
RBT [35] 13.4 29.3 175.0 294.8 112.2 218.2 211.3 381.9

C2MoT [70] 12.4 21.1 125.7 218.3 120.7 192.0 198.9 368.0
FGFD [79] 12.7 23.3 124.1 242.0 123.5 210.7 209.7 384.7
FSIM [80] 11.1 19.3 105.3 191.1 120.3 202.6 194.9 324.5

UDA
P2R (w/o DA) 25.6 35.7 155.1 286.8 130.2 229.1 173.3 329.8
P2R (w/ DA) 10.6 18.7 105.3 194.8 89.3 176.0 139.5 243.1

Table 2. Unsupervised domain adaptation for crowd counting. The
LHS and RHS of “Ñ” represent adaptation direction. Q, A, and
B indicate UCF-QNRF [12], ShTech A, and ShTech B [73]. DG
indicates domain generalization. The training of UDA requires
samples from the target domain, whereas DG does not.

We conduct experiments on four protocols following
[70]. The results are presented in Tab. 2. The last two
rows demonstrate the results of the proposed P2R. The poor
performance obtained without domain adaptation highlights
the domain gap between the source data and target data.
However, when the unlabeled data from the target domain
is involved in training, the estimation errors are signifi-
cantly reduced, and the results surpass previous methods
with complex network structures for domain adaptation.
These advanced experimental results demonstrate that the
threshold works as expected to capture samples close to the
source domain and gradually teaches the model to count in
the target domain.

6.3. Ablation Study

We next conduct ablation studies to investigate the influence
of hyperparameters in P2R, including τ in (21), the thresh-
old η, µ in (20), and α in (17). The results are in Fig. 6

The impact of τ in (21). τ is a hyperparameter to bal-
ance the distance and foreground score when selecting the
foreground pixel from the matched region. When τ Ñ 8,
the predicted score is ignored, which is equivalent to com-
puting cross-entropy between the prediction and the ground
truth point map. If τ “ 0, the pixel with the highest score
is chosen as the foreground in p̂. However, Fig. 6(a) shows
that neither extreme is optimal. The best performance is
achieved when τ “ 8.
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(a) errors vs. τ (b) errors vs. η

(c) errors vs. µ (d) errors vs. α
1´α

Figure 6. The estimation errors vs. various hyperparameters. (a) is
conducted on the fully-supervised ShTech A since it is irrelevant
to semi-supervised counting, while (b)-(d) are conducted with 5%
labeled data in ShTech A.

The effect of threshold η. η defines the threshold to
distinguish reliable and unreliable regions. Since all pseudo
points are selected by picking pixels whose score is greater
than 0.5 in the prediction, the threshold should also be
greater than 0.5. Moreover, a lower η introduces unreliable
pseudo-labels into training, while a higher η cannot fully
utilize the unlabeled data as most parts cannot participate in
training. As shown in Fig. 6(b), the estimation errors exhibit
a trend of first decreasing and then increasing within the
range of 0.6 to 0.9, with the lowest errors occurring when
the threshold is set to 0.7.

The radius of each point µ. The vector β in (20) de-
rived from µ marks the foreground points’ neighborhood
and background regions. It not only restricts the positions
where foreground pixels appear by substituting β into (18),
but also directly identifies reliable background parts via the
second item in (23) based on the observation of PSAM in
Section 4.2. Fig. 6(c) presents how µ affects the counting
performance. It shows the MAE remains around 68 when µ
increases from 32 to 256, indicating that a larger µ does not
significantly affect the results. This is consistent with the
observation in PSAM since pixels far from the foreground
points are less likely to be activated during training.

The weight of unlabeled loss. Fig. 6(d) presents how
α in (17) affects the performance. A large α focuses more
on unlabeled data, leading to training failure, while a small
α may cause the model to overfit on labeled data. In the
experiments with ShTech A and 5% labeled data, α

1´α “ 2,
i.e., α “ 2{3, results in the best performance. Addition-
ally, as long as α is not 0, the point-based counter can ben-
efit from unlabeled data, as the maximum MAE/MSE in
Fig. 6(d) are smaller than 80/150, which is much better than
the model trained with only 5% labeled data (MAE: 93.7,
MSE: 155.2).

m
o

d
el-L

(a) sorted average PSAM (b) Local & aggregated PSAM

m
o

d
el-U

_P
2P

m
o

d
el-U

_P
2R

Figure 7. The comparison of PSAMs among different training
schemes. Model-L (green) is trained with only labeled data;
model-U P2P (blue) is trained with both labeled data and unla-
beled data using the P2P scheme, while model-U P2R (orange) is
trained with the proposed P2R scheme.

PSAM comparison. Fig. 7 visualizes the PSAMs of
models trained with the P2P and P2R schemes. Comparing
model-L (green) and model-U P2R (blue), the latter effec-
tively restricts the PSAM to the neighborhood of the con-
cerned foreground pixel, and its aggregated PSAM is also
sparser than that of model-L, demonstrating the effective-
ness of P2R. Comparing model-U P2P and model-U P2R
in Fig. 7(a), the values of the PSAM are similar at the non-
peak indexes, but the latter has a higher activation at the
peak position compared to the former, indicating that semi-
supervised learning further enhances the identification abil-
ity of the point-based counter.

7. Conclusion
This paper presents a P2R scheme to train a point-based
counter for semi-supervised crowd counting. At the be-
ginning, we establish a pseudo-labeling framework based
on P2P matching, but its formulation is ill-posed since the
confidence is only applicable to foreground pixels and can-
not be propagated to backgrounds. To observe how the
foreground and background feature are learned, we propose
PSAM to visually interpret the concerned region and acti-
vation value of all foreground pixels. From the visualized
activation map, it is observed that the neighborhood of each
foreground pixel is over-activated and falsely recognized as
instances by the decoder. Based on this observation, we re-
place P2P with P2R by segmenting the prediction into mul-
tiple regions containing the corresponding instances. Thus,
pixels in the neighborhood of the concerned pseudo points
can share the weights with the corresponding pixels. Ad-
ditionally, the time-consuming Hungarian algorithm is no
longer necessary in P2R. Several outstanding experimen-
tal results in semi-supervised counting and unsupervised
domain adaptation demonstrate the advantages of our P2R
matching strategy.
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