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Abstract: Lightweight crowd counting is important for real-time surveillance and resource-constrained de-
ployment, where both computational efficiency and effective supervision are required. Although teacher-
free self-distillation can improve lightweight density-regression models by guiding intermediate represen-
tations without an external teacher, the influence of composite loss weights in such frameworks has not been
sufficiently analyzed. This paper presents a focused coefficient-wise loss-weight analysis within the Light-
weight Self-Knowledge Distillation framework for single-image crowd counting. Instead of proposing a
new architecture, the study investigates how the coefficients o, 8, v, and A, affect optimization behavior and
counting accuracy under a fixed experimental setup on ShanghaiTech Part B. Specifically, a controls inter-
mediate feature alignment, 3 controls consistency supervision, y controls direct density-regression supervi-
sion, and A, controls the structural similarity term in the regression loss. The results show that moderate
values of a and (3 improve performance by providing useful internal regularization, while excessive auxil-
iary weighting can slightly degrade accuracy. The analysis also indicates that y should remain dominant
because direct density-map regression is the primary learning signal. The best observed configuration is
=6.0, p =2.0, Yy =13.0, and A, = 0.2, achieving 8.94 MAE and 11.51 RMSE on ShanghaiTech Part B. These
findings highlight the importance of balanced supervision design within the evaluated LSKD framework on
ShanghaiTech Part B.

Keywords: Crowd counting; Lightweight crowd counting; Self-knowledge distillation; Composite loss
weighting; Density map regression.
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1. Introduction

Crowd counting is a fundamental task in computer
vision with important applications in public safety surveil-
lance, intelligent transportation, event monitoring, and ur-
ban management [1]. In real-world contexts, crowd count-
ing systems need to approximate the number of individu-
als in extremely dense scenes where extreme occlusion,
scale change, background clutter, and perspective distor-
tion render localization to be inaccurate [2]. This is why
density map regression has taken the paradigm of current-
day crowd counting, as it is capable of maintaining the in-
formation of spatial distribution whilst the resulting count

can be determined by integrating the density map that the
method predicts [3]. Although significant progress has
been made in deep learning, it is still challenging to esti-
mate crowds in real-world settings with high accuracy, as
thick crowd images cannot be analyzed with either high
local or global contextual information [4].

Meanwhile, the constraints on model complexity are
very high at the time of practical deployment. Most of the
high-performing crowd counting algorithms are based on
deep backbones, multi-scale branches, or computationally
intensive modules, which are challenging to implement in
real-time and resource-limited settings. This has resulted
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in an increasing interest in lightweight models of counting
crowds [5] that minimize parameters and floating-point
computations but retain competitive accuracy [6]. Light-
weight architectures are associated with a trade-off; how-
ever, they are more efficient, but have a lower representa-
tional capacity, which may make it harder to support sta-
ble learning of multi-level features and robust density es-
timation in dense scenes [7]. This means that lightweight
crowd counting cannot be based purely on architectural
simplification, but must also have useful supervision strat-
egies that enhance internal representations without add-
ing to the cost of inference-time.

One approach that can be used to deal with this chal-
lenge is knowledge distillation [8]. Compact models are
enhanced by traditional teacher-student distillation by
copying information on a large external teacher into a
small network of students. Such methods work well in a
variety of environments, but because they add complexity
to training and are not always appropriate in the dense re-
gression problems like crowd counting, where the conti-
nuity of space and the regularity of structure are particu-
larly valuable. Teacher-free self-distillation offers a more
effective solution [9], as it allows transfer of knowledge
within a single model [10]. This concept is applied in the
Lightweight Self-Knowledge Distillation (LSKD) [11]
framework introduced above by using internal feature
alignment, and contextual enhancement, with a light-
weight backbone and a Feature Matching Block (FMB), a
Context Fusion (CoFuse) module, and a combined training
goal that includes intermediate alignment loss, con-
sistency loss, and direct density-regression loss.

The published LSKD [11] article defined the frame-
work as an effective lightweight crowd counting solution,
whereas the thesis also explored its ablation behaviour
and parameter sensitivity. Nevertheless, the behavior of
the composite loss weighting is a question that is not well-
discussed independently. In objectives of multi-term self-
distillation, the performance at the end does not only rely
on the availability of auxiliary supervision, but also the
strengths of the weighting of each term as part of the opti-
mization. When auxiliary losses are too small, they do not
give significant regularization; when they are too large,
they can over-regularize the learning of features and make
it less flexible to the actual counting goal. Such a problem
is of special concern when counting crowds with a light-
weight model, where smaller models may be advanta-
geous due to the ability to add more supervision, but
where they are also more vulnerable to unreliable optimi-
zation.

This gap motivates a focused coefficient-wise analy-
sis of loss-weight balancing in lightweight self-distilled
crowd counting. Instead of introducing a new architec-
ture, the paper explores the influence of weighting param-
eters in the LSKD objective on the optimization behavior

and counting accuracy with a fixed training configuration.
In particular, we examine the sensitivity of the intermedi-
ate alignment coefficient a, the consistency coefficient {3,
the regression coefficient y and the structural similarity co-
efficient A2. We evaluate them on ShanghaiTech Part B
with Mean Absolute Error (MAE) and Root Mean Square
Error (RMSE). This study helps analyze the balance be-
tween auxiliary supervision and direct density regression
within the LSKD framework under the ShanghaiTech Part
B setting by isolating the effect of these variables.

The contributions of this paper are summarized as
follows. First, this work presents a focused analytical
study of the composite loss weights used in the existing
LSKD framework. Second, it examines the coefficient-wise
effects of a, 3, Y and A2 on counting accuracy under a con-
trolled one-factor-at-a-time experimental setting on
ShanghaiTech Part B. Third, it reports the best observed
configuration within the evaluated coefficient sweep and
discusses the relative roles of intermediate alignment, con-
sistency supervision, direct density regression, and struc-
tural similarity in the LSKD objective. This work does not
introduce a new architecture, module, or training objec-
tive; rather, it provides an empirical analysis of how indi-
vidual loss coefficients influence the behavior of the exist-
ing LSKD framework under the evaluated ShanghaiTech
Part B setting.

The remainder of this paper is organized as follows.
Section 2 reviews related work on crowd counting, light-
weight crowd-counting models, knowledge distillation,
and self-knowledge distillation. Section 3 presents the
LSKD objective and describes the loss coefficients ana-
lyzed in this study. Section 4 explains the experimental
setup, dataset, evaluation metrics, and coefficient-wise
sensitivity-analysis protocol. Section 5 reports and dis-
cusses the effects of a, 3, v, and A, on counting perfor-
mance. Section 6 and Section 7 present the main discus-
sion, limitations, and future research directions. Finally,
Section 8 concludes the paper.

2. Related Work
2.1. Crowd Counting

Crowd counting has undergone 3 major paradigms
namely: detection-based methods, regression-based meth-
ods and density map estimation. The early detection-
based methodologies tried to locate individual persons di-
rectly, however, their analysis performance seriously de-
clined in a crowded scene due to extreme occlusion, over-
lap, and cluttering of the background [12]. Regression-
based algorithms minimized the use of explicit localiza-
tion, but instead learned a mapping between image char-
acteristics to the total count, but still relied heavily on
handcrafted representations and could offer limited spa-
tial clues [13]. Density map regression has become the for-
mulation of choice with the emergence of deep learning,
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as it computes a spatially interpretable density surface the
integral of which gives the final crowd count. The given
formulation works especially well with congested scenes
due to the fact that it maintains spatial structure without
directly separating instances.

The latest models of crowd counting have enhanced
density estimation by using multi-scale feature extraction
[14], contextual reasoning, encoder-decoder [15], dilated
convolution and attention [16]. With these developments,
it is now possible to deal with variations in scale, distor-
tion of perspective, and unclear background patterns in a
better way. Simultaneously, they also demonstrate that ef-
fective crowd counting performance relies not only on net-
work depth or feature richness [17], but also on the effec-
tiveness with which a model integrates local detail and the
higher-level semantic and contextual information [18].

2.2. Lightweight Crowd Counting

Whereas the recent density-regression approaches
have reached an impressive accuracy, most of the most
successful crowd counting models are computationally
costly and inapplicable in practice in real-time or under re-
source constraints. The constraint has sparked a growing
interest in lightweight crowd counting networks that min-
imize parameters and floating-point operations at the cost
of competitive performance. Current lightweight methods
have delved into the exploration of efficient backbones
[19] like MobileNetV2 and GhostNet, lightweight multi-
scale modules, compact encoder-decoder designs [20],
channel attention and dynamic convolution.

These works demonstrate that there can be large com-
pression in computation [21], but they also reveal a com-
mon constraint: when dealing with dense and highly clut-
tered scenes, compact architectures can be difficult to sup-
port any robust contextual reasoning and consistent multi-
level features. That is, scaling models down is not the sole
solution to the issue, as lightweight models might lose rep-
resentational richness at the point of crowd counting most
challenging. It is one of the primary reasons why light-
weight models frequently need more powerful supervi-
sion strategies along with the simplification of architec-
ture.

2.3. Knowledge Distillation for Crowd Counting
Knowledge distillation is another popular approach
to enhancing smaller neural networks by transferring
knowledge contained in a more powerful teacher model to
a smaller student. This concept is particularly appealing to
crowd counting, as lightweight models can tend to be
more sensitive to richer supervision to maintain semantic
distinctions and spatial coherence in density estimation.
Previous research has investigated feature-level distilla-
tion, attention transfer, structured knowledge transfer,
and hybrid schemes that reconcile between local and

global supervision [22]. These experiments demonstrate
that distillation has the potential to enhance counting ac-
curacy and generalization especially in dense regression
environments where small models would otherwise fail to
capture the structure of complex scenes.

Nevertheless, there are also significant practical and
methodological constraints of teacher-student distillation.
It needs an extra teacher network, complicates training,
and can bias or density-map artifacts onto the student.
Such concerns are particularly pertinent in terms of crowd
counting, where spatial consistency is a factor, and light-
weight deployment is a significant goal in many cases.
Consequently, despite the fact that compact models can be
enhanced with teacher-student distillation, it is not neces-
sarily the most effective or stable method of lightweight
density estimation.

2.4. Self-Knowledge Distillation for Crowd Counting

Self-knowledge distillation offers a teacher-free solu-
tion where supervision is passed in-network across layers
or stages [23]. In contrast to traditional distillation, self-
distillation does not need an external teacher, and hence it
minimizes the training overhead, but still enables deeper
representations to teach shallow ones. Previous research
has established that self-distillation can enhance generali-
zation, stabilize optimization, and enhance the quality of
features without making inference-time more complex.
The property renders it especially applicable to dense pre-
diction tasks, such as crowd counting, where more seman-
tic and contextual information is captured in deeper layers
and the more detailed spatial information is captured in
earlier layers.

Internal feature consistency can be used in crowd
counting to enable the network to generate more con-
sistent and spatially coherent density maps. It is also pro-
posed in the literature that self-distillation is more effec-
tive when applied together with contextual modeling [24]
as ambiguous local patterns in crowded scenes can usually
be resolved with global information about a scene. Simul-
taneously, self-distillation is not free of difficulties: inter-
mediate and deep features can vary in channel dimension,
semantics, and spatial resolution and naive alignment can
disrupt learning. This is why the key to self-distillation in
dense regression lies not just in feature adaptation, but
also in a loss design that trades internal alignment with the
main density-estimation goal [25].

2.5. Research Gap

In spite of the fact that previous research has led to
lightweight crowd counting and self-distillation, it has
mostly focused on architecture, efficiency, and final bench-
mark outcomes but not the optimization behavior of com-
posite training objectives. In models like LSKD, the opti-
mization of the intermediate alighment, consistency su-
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pervision, and direct density regression is done together
and the performance is highly dependent on the weighting
of these terms with each other. Weak auxiliary weighting
may provide insufficient regularization, whereas exces-
sive weighting may over-constrain feature learning and
reduce counting fidelity. Although this problem is signifi-
cant, the weight distribution of composite loss functions in
teacher-free lightweight crowd counting is not studied
sufficiently. This paper addresses this gap through a fo-
cused coefficient-wise analysis of the LSKD loss coeffi-
cients under a fixed experimental setting. The analysis is
conducted as a one-factor-at-a-time parameter sweep,
where one coefficient is varied while the remaining coeffi-
cients and training configuration are kept unchanged.

3. LSKD Objective and Analysis Scope

The framework used in the current study is LSKD [11]
for single-image crowd counting, which was proposed
earlier. In the original architecture, a lightweight density-
regression network is combined with teacher-free self-dis-
tillation to enhance feature learning without using an ex-
ternal teacher model. The backbone first extracts hierar-
chical feature representations from the input image. The
Feature Matching Block (FMB) then transforms intermedi-
ate feature maps so that they become more compatible
with the deeper guidance feature used for self-distillation.
This step is necessary because intermediate and deep fea-
tures may differ in channel dimension, semantic level, and
spatial representation, making direct alignment less stable.
After feature adaptation, the Context Fusion (CoFuse)
module further refines the transformed intermediate fea-
tures by incorporating contextual information from
deeper representations. As a result, the features used for
intermediate supervision contain both local spatial details
and stronger semantic guidance. Finally, the regression
head generates the predicted density map from the deeper
representation. These components are the primary archi-
tectural contribution of the original LSKD paper. In the
present paper, however, the framework serves only as the
analytical basis for studying the composite training objec-
tive and its weighting coefficients. Therefore, FMB and
CoFuse are briefly described here because they construct
the transformed feature used in the intermediate align-
ment loss, but they are not treated as new contributions of
this study.

3.1. Minimal Framework Context

Given an input image I, the lightweight backbone
produces a set of intermediate feature maps {H;}/_; and a
deeper semantic feature map H;. The final density predic-
tion D, is obtained by a regression head from deeper rep-
resentation and the final crowd count is the accumulation
of all the values in the predicted density map. In training,
self-distillation is used to make deeper representations

guide shallower and intermediate layers to enable the net-
work to enhance internal semantic consistency without
adding higher inference-time complexity.

Since intermediate and deep features vary in terms of
channel dimension and semantic level, FMB initially
adapts every intermediate feature after which CoFuse re-
fines it before applying supervision. These modules play a
significant role in the initial LSKD framework since they
specify the feature paths in terms of internal supervision.
In the present study, however, they are not treated as new
contributions or independent objects of analysis. Their role
here is only to provide the feature representations on
which the loss terms operate. The main question of this pa-
per is therefore not how the architecture is built, but how
the existing supervision terms should be balanced during
optimization.

3.2. Composite Loss Formulation

The training goal for LSKD includes the combination
of three types of supervision, which are intermediate fea-
ture alignment, deep-feature consistency, and direct den-
sity-regression supervision [11]. All of these losses are op-
timized simultaneously, which implies that the ultimate
performance of the system is influenced by the weight
given to each loss type.

First, after feature adaptation and context enhance-
ment, each intermediate feature representation is aligned
with the deeper semantic feature. Let H; denote the i-th in-
termediate feature map, H; its aligned version after FMB,
and Hf its context-enhanced version after CoFuse. The in-
termediate supervision is defined through a feature-align-
ment loss:

; 1
@ _

where B is the batch size, and C, H, and W denote the chan-
nel, height, and width of the aligned feature representa-
tion. The notation | - |3 represents the squared Frobenius
norm. Therefore, LSQ is computed as the element-wise
mean squared difference between the transformed inter-
mediate feature and the deep guidance feature and the to-
tal intermediate alignment loss is obtained by averaging
across all supervised intermediate stages:

N
1 .
— @
Ly = N 21 Lix (2)
i=

This term acts as an internal teacher-free distillation
signal, encouraging intermediate layers to learn semanti-
cally stronger representations under the guidance of
deeper features.

Second, a consistency loss is introduced to strengthen
the relationship between the deep semantic feature and
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the final density prediction D,. In the original LSKD for-
mulation, the deep feature is transformed into a density-
like representation through channel-wise averaging and
then compared with the predicted density map:

1
Leons = BHW |Avg(Hg) — Dp|12~" 3)

where Avg(-) denotes channel-wise averaging of the deep
feature H,. This operation converts the multi-channel deep
feature into a single-channel density-like representation.
B, H, and W denote the batch size, height, and width of the
resulting map respectively. The notation |- | represents
the squared Frobenius norm. Therefore, L.,,s is computed
as the element-wise mean squared difference between the
averaged deep feature representation and the predicted
density map. Since the channel dimension is removed by
Avg(+), the normalization term is BHW, not BCHW. This
loss encourages the final density prediction to remain con-
sistent with the semantic structure captured by the deep
feature representation.

Third, direct supervision is applied to the predicted
density map through a regression loss that combines pixel-
wise numerical fidelity and structural similarity:

Lyeg = 14|D, — D|? + A, (1 - SSIM(DP,D)) (4)

where D is the ground-truth density map, A1 controls the
numerical regression term, and A2 controls the contribu-
tion of structural similarity. In the original training setup,
Al is fixed to 1.0, while A2 is treated as a supporting coef-
ficient rather than a dominant one.

The overall training objective is therefore written as:

Ltotal = aLIA + ﬁLcons + yLreg (5)

where o, 3, and y determine the relative importance of in-
termediate alighment, consistency supervision, and direct
regression, respectively. In this paper, the coefficient A2 is
also analyzed because it governs the internal balance of the
regression objective itself. The four parameters considered
in the sensitivity study therefore play distinct roles:
e « controls the strength of intermediate self-distil-
lation through feature alignment;
e [ controls the consistency constraint between
deep features and predicted density;
e vy controls the dominance of direct density regres-
sion in the total objective;
e A2 controls the contribution of structural similar-
ity within the regression loss.
This formulation makes the LSKD objective more ex-
pressive than a standard density-regression loss, but it also

makes optimization more sensitive. Performance depends
not only on whether all of the supervision terms are pre-
sent, but also on whether their relative strengths match the
actual hierarchy of the crowd-counting task.

3.3. Analytical Motivation

The main idea of this study is that, within the evalu-
ated LSKD framework, auxiliary supervision should act as
a controlled regularizer rather than as a competing objec-
tive. If a is too small, intermediate alignment may provide
limited benefit; if it is too large, the network may be overly
constrained to follow deeper representations. A similar
trade-off exists for (3. Weak consistency supervision may
not help stabilize things very much, while too much con-
sistency pressure may make it harder to reach the final
counting goal. The role of v is different because direct den-
sity regression should remain the primary learning signal
in the crowd-counting objective. Lastly, A2 determines
how much structural similarity should affect the regres-
sion objective compared to pixel-wise density matching.

Therefore, these coefficients should not be treated as
interchangeable hyperparameters. Each one controls a dif-
ferent part of supervision, and good optimization depends
on keeping the right balance between them. The goal of
this study is to identify the observed operating region
where this balance improves performance within the eval-
uated LSKD framework on ShanghaiTech Part B.

3.4. Scope of the present Analysis

The contribution of this paper is analytical rather than
architectural or methodological. The study does not intro-
duce new modules, replace the backbone, propose a new
loss function, or aim to establish a new state-of-the-art re-
sult across multiple datasets. Instead, it uses the existing
LSKD framework as a fixed experimental platform to ex-
amine the coefficient-wise behavior of the composite loss
objective under a fixed training setting on ShanghaiTech
Part B. The reported best setting should therefore be inter-
preted as the best observed configuration within the cur-
rent one-factor-at-a-time coefficient sweep, rather than as
a universally optimal setting or a new method. This scope
allows the effect of each loss coefficient to be examined in-
dividually while keeping the architecture and training
protocol unchanged. Because the analysis is conducted on
the authors’ previously proposed LSKD framework, inde-
pendent validation on other frameworks is required be-
fore drawing broader conclusions.

4. Experimental Design

The present work evaluates the influence of compo-
site loss coefficients within a fixed LSKD training configu-
ration. To ensure transparency, reproducibility, and con-
trolled comparison, all major experimental settings are
kept unchanged across the sensitivity experiments. The
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Table 1. Summary of the ShanghaiTech Part B dataset used in the sensitivity study.

Dataset Images (Train/Test)

Annotations

Count Range Avg Count

ShanghaiTech Part B 716 (400/316)

~90,000

9-578 123

‘ @ 1. Input Image

2. Fixed LSKD Model
Lightweight Self-Knowledge Distillation (LSKD)

Backbone — Feature Matching Block (FMB) -
Context Fusion (CoFuse) Module — Regression Head

S

n 3. Predicted Density Map

@ controls

( 1
} 1
¢ ‘—-4: Intermediate Alignment |
( §. ) Loss (Lj4) i
.y - . i Y
et 4. Composite Loss Function | SRR
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 2 | Eeme—m s -

-4 B controls

I
i
7 Consistency Loss
i
i

(Lcons)

L4 = Intermediate Alignment Loss

Leons = Consistency Loss L | SR
i

N
Lyey = Regression Loss --L Y controls 3
_________________________________________ Regression Loss |
Regression loss: L,y = A; Lysp + Az Lggiy -~ (whole Lyeg) !
= Mean Squared Error Loss ‘ ! ’::::::::::;

Lggsiy = Structural Similarity Loss i i A controls

i
i

i

! =+ Structural Similarity
! | Lossinside Lyeg

i

= 1.0 fixed; /12 varied

Change one coefficient at a time:
a, B, y, or A
Keep all other settings fixed

v

6. Training
ShanghaiTech Part B

ﬁ (7
7. Evaluation
V= MAE and RMSE

e

8. Result Analysis

5. Coefflcnent Test

Best observed setting and
coefficient trend

Figure 1. Methodological workflow of the coefficient-wise loss-
weight analysis in the fixed LSKD framework. One coefficient is
varied at a time, while the remaining settings are kept fixed, and
each configuration is evaluated on ShanghaiTech Part B using
MAE and RMSE.

experiments are conducted using the PyTorch framework
on the ShanghaiTech Part B dataset, which contains 400
training images and 316 testing images. During training,
input images are randomly cropped to 512x512 and hori-
zontally flipped for data augmentation. Ground-truth
density maps are generated using a fixed Gaussian kernel
with a kernel size of 15. The model is optimized using the
Adam optimizer for 150 epochs with a batch size of 2 and
an initial learning rate of 1x10 The evaluation is per-
formed using MAE and RMSE. All experiments are con-
ducted on an NVIDIA GeForce RTX 4080 GPU. For the ref-
erence configuration, the loss coefficients are set as a=6.0,
[=2.0, v=13.0, A1=1.0 and A2=0.2. In each sensitivity analy-
sis, only one target coefficient is varied while the remain-
ing coefficients and all other training settings are fixed. To

make the methodology clearer, the overall research stage,
fixed LSKD framework, and coefficient-wise testing strat-
egy are summarized in Figure 1. The dataset and analysis
setting are as follows.

4.1. Dataset and Analysis Settings

ShanghaiTech Part B, introduced by Zhang et al. [3],
is used as the controlled benchmark in this study. The da-
taset has 716 street-scene images, as indicated in Table 1,
and a 400/316 train-test split and almost 90,000 annota-
tions. ShanghaiTech Part B offers a medium-density envi-
ronment, in which the effect of loss coefficients can be
more evident, compared to more irregular and highly con-
gested datasets. With an average crowd of 123 and a range
of counts between 9 and 578, it provides a relatively stable
setting for examining coefficient-wise performance trends.
In this paper, ShanghaiTech Part B is used not to claim a
new state-of-the-art result, but to provide a controlled set-
ting in which the effect of each loss coefficient can be ex-
amined.

4.2, Training and Configuration

The same training configuration is maintained across
all experiments. Training images are augmented using
random cropping and horizontal flipping, following the
original LSKD configuration [11]. For ShanghaiTech Part
B, the cropped image size is 512x512, and the ground-truth
density maps are generated using a fixed Gaussian kernel
with a kernel size of 15. The model is implemented in
PyTorch and optimized using Adam for 150 epochs with a
batch size of 2. All experiments are conducted on an
NVIDIA GeForce RTX 4080 GPU. The initial learning rate
is set to 1x10-* and is reduced in later training stages to sup-
port convergence. The reference operating point is based
on the original LSKD setup; a=6.0, 3=2.0, y=13.0, A1=1.0,
and A2=0.2. In each coefficient-wise analysis, only one pa-
rameter is varied while all other coefficients and training
settings are kept fixed to isolate the effect of the selected
coefficient. Each coefficient configuration is trained and
evaluated once under the same training protocol; there-
fore, the reported MAE and RMSE values are single-run
results rather than averages over multiple independent ex-
periments. Random seeds and explicit deterministic
CUDA settings are not enforced in the current study;
therefore, minor stochastic variation may remain due to
random initialization, data augmentation, and GPU-level
operations. This limitation is considered when interpret-
ing the results as best observed single-run values rather
than averages over repeated independent trials.
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4.3. Evaluation Metrics

The evaluation of performance is carried out by Mean
Absolute Error (MAE), Root Mean Square Error (RMSE)
which are conventional measures of performance in crowd
counting. Here, N is the number of test images and
DP™*%(x,y) and D?*(x,y) are the predicted and ground-
truth values of the density at location (x, y) in the i-th im-
age. The measures are calculated in the following way:

N

1
MAE = Nz DY (x,y) — Z DY (x,y) (6)
X,y xy

i=1

2
N
RMSE = %Z (Z DP™ (x,y) — Z DY (x, y)> )
i=1 \ x,y x,y

MAE quantifies the mean counting error but RMSE is
more severe on large deviations and is employed to test
robustness and stability.

4.4. Sensitivity Analysis Protocol

The sensitivity analysis follows a one-factor-at-a-time
protocol. In each experiment, only one coefficient is varied
while the remaining coefficients are fixed at the reference
setting. First, o is varied to examine the influence of inter-
mediate feature alignment. Second, f3 is varied to evaluate
the effect of consistency supervision. Third, vy is varied to
study the role of direct density-regression supervision. Fi-
nally, A2 is varied while Al is fixed to observe the contri-
bution of the structural similarity term. This protocol does
not aim to perform exhaustive hyperparameter optimiza-
tion; rather, it is designed to isolate the individual effect of
each coefficient within the LSKD objective.

4.5. Controlled Comparison Principle

In each experiment, only one coefficient is modified,
while the backbone, feature modules, crop size, optimizer,
learning schedule, training epochs, and evaluation proto-
col are kept constant. This design helps ensure that the ob-
served trends are mainly due to loss-weight sensitivity ra-
ther than architectural or procedural differences.

4.6. Purpose of the Experimental Design

The experimental design is intended to answer a fo-
cused question: what balance of auxiliary and direct su-
pervision yields stable optimization in the evaluated
LSKD framework on ShanghaiTech Part B? The next sec-
tion presents the coefficient-wise results for o, 3, v, and A2
, and interprets what these trends reveal about effective
loss balancing in LSKD.

5. Coefficient-wise Analysis of Loss Weights
This section examines how the composite loss coeffi-
cients affect crowd-counting performance in the LSKD

framework under the fixed ShanghaiTech Part B experi-
mental setting. Since «, 3, Y and A2 represent different as-
pects of the training objective, their effects are discussed
separately to clarify their respective contributions to opti-
mization. Since each coefficient setting was evaluated
without repeated independent runs, the reported MAE
and RMSE values represent single-run results within the
current controlled coefficient-wise sweep, rather than av-
erages over multiple random seeds.

5.1. Overall Best Setting

The best observed results in this controlled setting are
achieved at a=6.0, 3=2.0, ¥=13.0, and A2=0.2, yielding 8.94
MAE and 11.51 RMSE on ShanghaiTech Part B. This con-
figuration is used as the reference point for the coefficient-
wise analysis. The observed trend suggests that the objec-
tive performs better when auxiliary supervision is strong
enough to regularize learning, while the regression term
remains dominant. The changing values of these coeffi-
cients can be visualized in Figure 2.

5.2. Effect of

The sensitivity analysis of a is given in Table 2. When
(3=2.0 and y=13.0 are fixed, the best observed performance
is obtained at a=6.0. In particular, MAE decreases from
9.43 to 8.94, and RMSE decreases from 12.18 to 11.51.
When a is increased further, there is a slight decrease in
performance, to MAE 9.05 and RMSE 11.66 at 8.0 and MAE
9.28 and RMSE 11.94 at 10.0.

These findings indicate that intermediate feature
alignment is helpful when it provides sufficient semantic
guidance to shallower layers. However, excessive align-
ment may over-constrain intermediate features and re-
duce their flexibility in supporting the main density-re-
gression task. Therefore, a should be treated as a regulari-
zation coefficient rather than a dominant supervision fac-
tor.

5.3. Effect of 3

Table 3 shows sensitivity analysis of . With a=6.0
and y=13.0 fixed, 3=0.5 gives 9.24 MAE and 11.93 RMSE,
while 3=1.0 improves performance to MAE 9.08 and RMSE
11.71. The best observed result in this sweep is obtained
when (=2.0, where the model achieves 8.94 MAE and 11.51
RMSE. When {8 is increased further, performance de-
creases slightly to MAE 9.01 and RMSE 11.61 at 3=3.0 and
MAE 9.16 and RMSE 11.79 at 3=4.0.

This trend indicates that consistency supervision is
helpful when used in a moderate range. A small value of-
fers a little regularization, but a large value causes the aux-
iliary consistency constraint to be too restrictive. The best
observed value of [ is therefore obtained when con-
sistency supervision enhances training stability without
dominating the overall loss.
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Figure 2. Sensitivity analysis of loss coefficients on ShanghaiTech Part B.

Table 2. Sensitivity analysis of a on ShanghaiTech Part B.

a B Y MAE  RMSE
2.0 2.0 13.0 9.43 12.18
40 2.0 13.0 9.17 11.82
6.0 2.0 13.0 8.94 11.51
8.0 2.0 13.0 9.05 11.66
10.0 2.0 13.0 9.28 11.94

Table 3. Sensitivity analysis of 3 on ShanghaiTech Part B.

a B Y MAE  RMSE
6.0 0.5 13.0 9.24 11.93
6.0 1.0 13.0 9.08 11.71
6.0 2.0 13.0 8.94 11.51
6.0 3.0 13.0 9.01 11.61
6.0 40 13.0 9.16 11.79

5.4. Effect of y
The sensitivity analysis of y is reported in Table 4.
When a=6.0 and [3=2.0 are kept constant, the performance

improves as v increases from 7.0 to 13.0 to give the best
observed result of 8.94 MAE and 11.51 RMSE at y=13.0.
When v is increased further, performance again declines
slightly, with MAE 9.03 and RMSE 11.64 at y=16.0 and
MAE 9.19 and RMSE 11.86 at y=19.0.

The coefficient v, unlike a and (3, regulates the main
regression goal. This trend suggests that direct density re-
gression should remain the prevailing learning signal in
the evaluated setting. When v is too small, the model re-
ceives insufficient direct task supervision; when it is too
large, the contribution of auxiliary self-distillation terms
becomes less effective.

5.5. Effect of A2

Table 5 shows the sensitivity analysis of A2. With
Al1=1.0 fixed, performance improves from MAE 9.10 and
RMSE 11.73 at A2=0.1 to the best values MAE 8.94 and
RMSE 11.51 at A2=0.2. When A2 is increased further, per-
formance decreases slightly to MAE 9.01 and RMSE 11.60
at A2=0.3, MAE 8.99 and RMSE 11.57 at A2=0.4 and MAE
9.11 and RMSE 11.74 at A2=0.5.
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Table 4. Sensitivity analysis of y on ShanghaiTech Part B.

« B Y MAE  RMSE
6.0 2.0 7.0 9.31 12.03
6.0 2.0 10.0 9.12 11.77
6.0 2.0 13.0 8.94 11.51
6.0 2.0 16.0 9.03 11.64
6.0 2.0 19.0 9.19 11.86

Table 5. Sensitivity analysis of A2 on ShanghaiTech Part B.

A1 A2 MAE RMSE
1.0 0.1 9.10 11.73
1.0 0.2 8.94 11.51
1.0 0.3 9.01 11.60
1.0 0.4 8.99 11.57
1.0 0.5 9.11 11.74

These findings indicate that the structural similarity
term is useful when it acts as a supporting refinement term
within the regression objective. However, it should remain
secondary to the pixel-wise regression component. Over-
emphasis on structural similarity may shift optimization
away from numerical counting fidelity.

5.6. Joint Interpretation

Overall, the coefficient-wise results show that the
LSKD objective is sensitive to the relative weighting of its
supervision terms. Moderate values of o and 3 improve
the observed performance, while larger values reduce ac-
curacy, indicating that auxiliary supervision is useful only
when it remains controlled. The results for y show that di-
rect density regression should retain the largest contribu-
tion within the objective. The A2 sweep further indicates
that structural similarity is helpful as a supporting term
but should not dominate the pixel-wise regression compo-
nent. The best observed setting in the current controlled
sweep, a=6.0, 3=2.0, y=13.0 and A2=0.2, reflects this bal-
ance.

6. Discussion
6.1. Supervision Balance in LSKD

The results suggest that the composite LSKD objec-
tive benefits from a clear hierarchy among its loss terms.
In the evaluated setting, auxiliary feature alignment and
consistency supervision improve performance when they
support the main density-regression task, but excessive
weighting can shift optimization away from the final
counting objective. This behavior is particularly relevant
for lightweight models, where additional supervision can
help compensate for limited representation capacity but
may also over-constrain feature learning. Therefore, the
observed trend supports the use of auxiliary losses as con-
trolled regularizers rather than competing optimization
targets.

6.2. Implications for the Evaluated LSKD Setting

In the evaluated LSKD setting on ShanghaiTech Part
B, the results indicate that supervision design remains im-
portant even when the network architecture is fixed. The
findings suggest that lightweight self-distilled models
may benefit from internal supervision, but the contribu-
tion of each loss term should be controlled according to its
role in the objective. This supports the view that improv-
ing performance in the evaluated LSKD framework is not
only a matter of architectural efficiency, but also of appro-
priately balancing the training signals used to guide the
model.

6.3. Computational Overhead and Training Dynamics

Changing the loss coefficients a, {3, Y and A2 does not
modify the LSKD network architecture, backbone, FMB,
CoFuse module, or regression head. Therefore, the coeffi-
cient changes do not increase the number of model param-
eters or inference-time computational cost. However, dif-
ferent loss weights can affect the training process by
changing the relative contribution of each loss term to the
total optimization objective. For example, larger auxiliary
weights may increase the influence of intermediate align-
ment or consistency supervision, which can affect gradient
balance, training stability, and convergence behavior. Sim-
ilarly, increasing y strengthens the direct density-regres-
sion term and may guide the model more strongly toward
the final counting objective.

In the current study, the analysis focuses on final
MAE and RMSE values rather than detailed training dy-
namics. Therefore, convergence speed, training curves,
gradient magnitudes, and epoch-wise stability are not ex-
plicitly analyzed. Future work will include training-loss
curves, convergence comparisons, and gradient-level
analysis to better understand how loss-weight changes af-
fect optimization behavior.

6.4. Practical Implication

In the evaluated LSKD framework, loss-weight selec-
tion should not be treated as a minor implementation de-
tail because it affects final counting performance under the
current ShanghaiTech Part B setting. The observed results
suggest that direct density regression should remain the
primary supervision signal, while feature alignment, con-
sistency supervision, and structural similarity should be
used as supporting terms. This provides a practical refer-
ence for selecting loss weights when applying the existing
LSKD framework under similar experimental conditions.

6.5. Comparison with previous studies

Previous crowd-counting studies have improved per-
formance through different strategies. Multi-column
methods such as MCNN address scale variation, but their
accuracy is limited compared with later models. Deeper
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density-regression methods such as CSRNet improve per-
formance in congested scenes, but they require higher
computational cost. Lightweight models such as Mo-
bileCount, LSANet, and Lw-Count reduce parameters and
FLOPs for efficient deployment, but compact networks
may still have limited representation capacity in complex
crowd scenes. Teacher-student distillation methods can
improve small models, but they require an external
teacher during training and may introduce teacher-de-
pendent bias. In contrast, the LSKD framework uses
teacher-free internal supervision. Unlike these previous
studies, the present work does not propose a new architec-
ture; instead, it analyzes how the loss weights in the exist-
ing LSKD objective affect counting performance. There-
fore, its main strength is the focused analysis of supervi-
sion balance, while its limitation is that the study is re-
stricted to LSKD on ShanghaiTech Part B.

7. Limitations and Future Work

This study has several limitations. First, the sensitiv-
ity analysis is conducted only on the ShanghaiTech Part B
dataset. Although this dataset provides a stable and com-
monly used benchmark for crowd-counting evaluation,
the best observed setting, a=6.0, 3=2.0, y=13.0 and A2=0.2
should not be assumed to be universally optimal for all da-
tasets. Crowd-counting datasets differ in crowd density,
image resolution, perspective distortion, annotation distri-
bution, and scene complexity, which may affect the rela-
tive importance of each loss component. Therefore, the
conclusions of this study are limited to the LSKD frame-
work under the ShanghaiTech Part B experimental setting.
Future work will extend the analysis to additional datasets
such as ShanghaiTech Part A, UCF-QNRF, and UCF-CC-
50.

Second, the current study uses a one-factor-at-a-time
sensitivity analysis, where one coefficient is varied while
the remaining coefficients are fixed. This design helps iso-
late the effect of each loss coefficient, but it does not fully
capture possible interactions among a, 3, v, and A2. Future
studies may use a broader grid search or factorial experi-
mental design to analyze joint coefficient interactions
more comprehensively.

Third, the reported results are based on the fixed
LSKD framework proposed in previous work. Therefore,
the conclusions are specific to this framework and may not
directly generalize to other lightweight crowd-counting
architectures or self-distillation methods. Future research
should validate whether similar loss-weight trends appear
in other teacher-free or lightweight density-regression
models.

Fourth, this study is based on the authors’ previously
proposed LSKD framework [11]. Since the same internal
framework serves as the experimental platform for all co-
efficient-wise analyses, the findings may be influenced by
framework-specific design choices, including the light-
weight backbone, FMB, CoFuse, and the original compo-
site loss structure. Therefore, the observed loss-weight
trends should be interpreted as specific to the evaluated
LSKD setting rather than as independently validated con-
clusions for all lightweight self-distilled crowd-counting
models. Future work should involve independent valida-
tion by applying similar coefficient-wise analyses to other
lightweight crowd-counting architectures and teacher-free
self-distillation frameworks.

Finally, the present work mainly focuses on final
counting accuracy measured by MAE and RMSE. The re-
ported results are not based on repeated independent tri-
als, confidence intervals, or statistical significance testing.
Therefore, small numerical differences, such as 8.94 MAE
versus 9.01 MAE, should be interpreted cautiously. In this
paper, the term “best observed” refers to the lowest MAE
and RMSE obtained within the current controlled coeffi-
cient-wise sweep, rather than a statistically verified opti-
mum. Future work will include repeated trials with differ-
ent random seeds, standard deviation reporting, confi-
dence intervals, and convergence analysis to provide
stronger statistical and optimization-level evidence. In ad-
dition, this study does not explicitly report convergence
speed, training-loss curves, gradient magnitudes, or train-
ing-time changes caused by different loss-weight settings.

8. Conclusion

This paper presented a focused coefficient-wise anal-
ysis of the composite loss weights in the existing LSKD
framework under the ShanghaiTech Part B setting. Instead
of introducing a new architecture or training objective, the
study examined how «a, {3, v, and A2 affect counting per-
formance under a fixed experimental protocol. The best
observed configuration in the current controlled sweep is
0=6.0, 3=2.0, y=13.0, and A2=0.2, yielding 8.94 MAE and
11.51 RMSE. The results suggest that, within the evaluated
LSKD setting, the composite objective benefits from bal-
anced loss weighting, where auxiliary self-distillation
terms support but do not dominate the main density-re-
gression supervision. This study complements the original
LSKD method paper by providing an empirical analysis of
loss-weight behavior. Future work will validate these ob-
servations using additional datasets, repeated random
seeds, and independent lightweight self-distillation
frameworks.
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