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Abstract

Designing an appropriate loss function can enhance the dis-
criminative power on gait recognition. However, previous re-
search focuses on improving network structure and enriching
input modalities but overlooks the loss functions. Although
transferring loss functions from face recognition can address
sample-level loss, additional design is needed for part-level
loss. Therefore, we have designed a new loss function called
Waveloss, aimed at adaptively and dynamically changing the
preference for parts of different difficulties. First, the previ-
ous method treats the loss of different parts equally, which
brings the problems of difficult convergence or susceptibil-
ity to noise interference, so we propose norm-fusion to adap-
tively learn samples of different difficulties. Additionally,
since we find the exponential value represents preference for
learning different samples, we introduce the Dynamic Learn-
ing Process, which dynamically adjusts the exponential value
during iteration to focus on samples of varying difficulties at
different training stages. Finally, as the changes of the ex-
ponential value leads to significant fluctuations in the gradi-
ent, we introduce the gradient truncation and normalization
to avoid getting trapped in local optima and gradient van-
ishing or exploding by adaptively adjusting the gradient. Ex-
perimental results demonstrate that our proposed Waveloss
achieves state-of-the-art performance on various gait recog-
nition datasets and can improve the performance of different
backbones as well.

Introduction
In recent years, there has been rapid development in deep
gait recognition, with numerous methods (Chao et al. 2019;
Hou et al. 2020; Lin et al. 2021; Dou et al. 2022; Fan et al.
2023a) being proposed. Some (Lin et al. 2021; Fan et al.
2023a; Dou et al. 2023a; Ma et al. 2023) focus on improving
network structures, while others (Meng et al. 2020; Zheng
et al. 2022a, 2023; Shen et al. 2023; Cui et al. 2023; Fan
et al. 2024) concentrate on enriching input modalities. These
approaches enable deep learning models to extract discrimi-
native gait features better, thereby increasing intra-class sim-
ilarity and reducing inter-class similarity.

As mentioned above, the recent deep gait recogni-
tion methods have demonstrated commendable performance
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across various datasets, but there has been a notable lack
of research on loss functions. They simply combine triplet
loss and softmax loss to pull intra-class samples and push
inter-class samples. However, triplet loss and softmax loss
suffer from some drawbacks. For instance, Arcface (Deng
et al. 2019) highlighted the issue of combinatorial explosion
with triplet loss, leading to slow convergence, while softmax
loss is not only challenging to open-set recognition but also
leads to weak feature discriminability. Simply adding them
together may not necessarily be complementary. Therefore,
we aim to propose a more suitable loss function for deep gait
recognition.

Directly transferring the loss functions from face recog-
nition may be a feasible solution. Through this approach,
sample-level losses can be integrated. However, the horizon-
tal pooling (Chao et al. 2019) before the loss function in gait
recognition results in calculating intra-class and inter-class
similarities for each different part of different samples sep-
arately. Therefore, we also need to integrate the losses of
different parts in part-level.

The traditional part fusion approach(Chao et al. 2019; Lin
et al. 2021; Fan et al. 2023a) adopts an ostrich strategy,
wherein after obtaining losses from different parts, they are
directly averaged through pooling, referred to as post-fusion.
Figure1 illustrates the gradients of each part. As shown in
Figure1 (c)(d), in the later stages of training, most parts re-
side in regions of zero gradients, while a few challenging
parts are located in gradient regions. Despite the model’s ef-
forts to learn from difficult parts, noisy parts make it hard to
learn useful features. Typically, the solution to distinguish-
ing between low-quality samples and difficult samples in-
volves image quality assessment. However, defining image
quality for binary gait images is difficult compared to RGB
images, and introducing complex image quality assessment
makes the loss function more complex.

Another intuitive and straightforward method is to per-
form fusion pooling on the parts obtained from horizontal
pooling before calculating the loss. This helps remove addi-
tional part dimensions generated by horizontal pooling. Sub-
sequently, the loss is directly obtained through the loss func-
tion, referred to as pre-fusion. As shown in Figure 1 (a)(b),
pre-fusion aggregates all parts before computing the loss, so
the gradient of all parts is the gradient of the centroid. The
advantage of pre-fusion is that it enhances robustness against
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Figure 1: The toy scenario (only a single Sn and Sp of each part) of the gradient of each part (black points) during the back-
propagation for pre-fusion and post-fusion. Sn and Sp represent the intra-class similarity and inter-class similarity of parts
respectively. (a)(b) Pre-fusion aggregates the gradients of all part points’ centroids (blue point) and equally backpropagates
them to all part points. This causes the model to get trapped in local optima and fail to converge in the later stages of training.
(c)(d) Post-fusion aggregates the gradients (red arrows) of all parts before backpropagation, focusing on the samples that are
not converged. Additionally, gradients become larger farther from the convergence region, making the model more susceptible
to unidentifiable samples.

noisy samples. However, due to the margin of the loss func-
tion, it is easy to be trapped in local optima during the later
stages of training.

Therefore, a natural idea is to combine the advantages of
pre-fusion and post-fusion to create a new loss function. As
shown in Formula 3, we find the two ends of it precisely
correspond to pre-fusion and post-fusion. Inspired by it, we
propose norm-fusion as an intermediate form of two expres-
sions. Norm-fusion obtains the base weights by applying a
nonlinear transformation followed by l2-norm on the loss of
each part. We take l as the exponent of the base weight. The
norm loss can be obtained by calculating the weighted sum
of the weight and the original part’s loss. When l = 0, it
represents the form of post-fusion. When l < 0, it reduces
the gradients of samples with high loss to avoid interference
from noise, thus achieving the advantages of pre-fusion.

Furthermore, based on the viewpoint of dynamic learn-
ing(Bengio et al. 2009; Dou et al. 2022), learning different
preferences for samples of varying difficulty during differ-
ent training stage can effectively enhance model efficiency
and accuracy. To this end, we propose the Dynamic Learn-
ing Process, where the exponential l is adjusted during train-
ing to enable the model to learn more effectively. Since the
base weight is sensitive to l, inspired by ISR (Dou et al.
2023b), we introduce gradient normalization to compensate
for the scaling effect of different exponential l on the loss
function. We also introduce the gradient truncation to ensure
convergence. Experimental results demonstrate that our pro-
posed loss function achieves state-of-the-art performance on
current benchmark datasets. Furthermore, our loss function

brings improvements on different backbones as well.
In summary, the contributions of this paper include:

• To combine the advantages of part-level pre-fusion and
post-fusion, we propose norm-fusion as an intermediate
form between the post-fusion and pre-fusion. This allows
us to obtain a function whose exponential l can be ad-
justed to adaptively focus on parts with varying levels of
difficulty.

• To enable the model to focus on parts of varying dif-
ficulty at different stages, we introduce the Dynamic
Learning Process, which allows to dynamically adjust its
preference for different parts by change the exponential l,
thereby enhancing learning efficiency and performance.

• To prevent the gradient explosion or vanishing and to
avoid getting stuck in local optima, we propose gradi-
ent normalization and truncation to reduce the sensitivity
of the loss to the exponential l.

• Experimental results demonstrate that our proposed
Waveloss achieves state-of-the-art performance on dif-
ferent gait datasets. Moreover, integrating Waveloss into
other backbones can also improve performance.

Related Work
Loss function in metric learning. In recent years, many
loss functions in metric learning have been proposed, such
as CosFace(Wang et al. 2018), ArcFace(Deng et al. 2019),
AdaFace(Kim et al. 2022), CircleLoss(Sun et al. 2020).
These loss functions are designed to increase intra-class sim-
ilarity and decrease inter-class similarity through hard ex-
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Figure 2: (a) Diagram of different fusion methods for parts. After horizontal pooling, each batch will obtain the part-level
features F. By calculating the distance between each sample, the distance vector S can be obtained for each part. The Pre-
fusion and Post-fusion adopt different methods to obtain the loss Lpre and Lpost. Our Waveloss is calculated by weighting the
part-level vector B using the exponent value l to obtain the final loss Lnorm. (b) Diagram of the Dynamic Learning Process.
The exponent value l is changed through the sine strategy during iteration. The change in exponent value l affects the preference
of the model for parts of different difficulty.

ample mining or changing the distance metric. Despite their
prevalence in related fields, none of them have been explored
for use in gait recognition. This could be attributed to the rel-
atively scarce research in gait recognition. Besides, the final
horizontal pooling operation in gait recognition brings about
unique challenges when it comes to incorporating such loss
functions. This is, the introduction of extra dimensions in
gait recognition makes it arduous to transplant loss func-
tions that have been successful in face recognition. This pa-
per aims to introduce a part-level loss function based on the
sample-level loss function from face or gait recognition and
improve it according to the characteristics of gait recogni-
tion.
Deep gait recognition. Since the proposal of GaitSet(Chao
et al. 2019), many deep gait recognition representation
methods(Lin et al. 2021; Dou et al. 2022; Fan et al. 2023a)
have been introduced, which have made many improve-
ments in spatiotemporal representation. For example, from
aspects such as local and global (Lin et al. 2021), long-
term and short-term (Huang et al. 2021), dynamic and static
(Wang et al. 2023), they have achieved remarkable results.
However, these methods basically use triplet loss and cross-
entropy as loss functions, and they do not focus on studying
metric loss functions. Due to the long development of loss
functions in face recognition, this paper draw on the loss
functions in face recognition and gradually refine them into
loss functions tailored for gait recognition.
Dynamic learning method. The dynamic learning method
can be divided into curriculum learning (Bengio et al. 2009)
and hard sample mining (Shrivastava et al. 2016), focusing
respectively on the learning processes of starting with easy
and progressing to difficult tasks and starting with difficult
and progressing to easy tasks. GaitMPL (Dou et al. 2022)
and CurriculumFace (Huang et al. 2020) propose methods
based on curriculum learning to converge models better, ap-

plied respectively to gait recognition and face recognition.
Hard sample mining implies that difficult samples are rich
in information. As a result, methods for hard sample min-
ing lay more emphasis on difficult samples to extract more
discriminative information. Nevertheless, this often brings
about the problem that distinguishing between hard samples
and low-quality samples is difficult and often requires the
introduction of additional image quality assessment. This
paper simply defines the difficulty level of samples based
on the magnitude of the loss values. By adaptively and dy-
namically adjusting the model’s preference for samples of
different difficult, it ingeniously combines the advantages of
curriculum learning and hard sample mining.

Proposed Approach
Revisit Part Fusion on Deep Gait Recognition
As shown in Figure 2, in gait recognition, input gait se-
quences are processed through a backbone network and
horizontal pooling (Chao et al. 2019), resulting in part-
level features F ∈ RP×N×C, where P, N, and C repre-
sent the number of parts, the batch size and the channel di-
mension, respectively. F are used to calculate the distance
S = {s1, s2, ..., sP} ∈ RP×(Dpos+Dneg) for each pair of
samplers, where Dpos and Dneg represent the number of dis-
tances for positive and negative sample pairs, respectively.
Previous gait recognition methods employ the post-fusion
strategy for S. In this approach, the distance obtained for
each part is first pooled using a distance fusion function
F(·). The part features B ∈ RP×1 are aggregated by sum-
ming or averaging function ⊙(·) to gain the final loss Lpost.
The formula is as follows:

Lpost = ⊙(F(S)). (1)
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(a) The curve of the Lnorm without the gradient normalization.

𝑙 = 0

𝑙 = −1

𝑙 = 1

𝑙 = 2

𝑙 = 3

𝑝(si)

|
𝜕ℒ

𝜕𝑝(si)
|

(b) The curve of the Lnorm with the gradient normalization.

Figure 3: (a) The loss without the standard strategy. During the Dynamic Learning Process, the norm value l is adjusted, causing
significant fluctuations in the loss function values. When l ≤ 0, the loss function values for low-confidence samples are very
high, and when l > 0, the loss function values for low-confidence samples are very low. (b) Scaling the loss function by standard
strategy, which does not fluctuate dramatically with change in the l.

Another method of fusing parts, as shown in Figure 2,
is called pre-fusion. The calculated distance S for sampled
pairs undergoes part pooling before passing through the dis-
tance fusion function F , ultimately yielding the pre-fusion
loss Lpre. The formula is as follows:

Lpre = F(⊙(S)). (2)

The two fusion methods exactly correspond to the two
ends of Formula 3 when the number xi is replaced with the
distance si, where i ∈ {1, 2, ...,P} and the function f is
replaced with the distance fusion function F .
Jensen’s inequality. For a real convex function f , numbers
x1, x2, ..., xn in its domain, Jensen’s inequality can be stated
as:

f(

∑
i xi

n
) ≤

∑
i f(xi)

n
. (3)

For the pre-fusion, which is left of the Formula 3, it com-
putes the average of the feature of all part points to obtain
the gradient. As illustrated in Figure 1 (a)(b), each part’s
point in the gradient space corresponds to a gradient value.
Pre-fusion calculates the centroid of all points and updates
parameters based on the centroid’s gradient. Although it can
avoid the influence of outliers, for margin-based loss func-
tions, once the majority of part points fall into the zero-
gradient region, the centroid will also fall into that, resulting
in zero gradient and preventing parameter updates.

The post-fusion, the right end of the Formula 3, contin-
ues to learn hard samples even in the later stages, as shown
in Figure 1 (c)(d), making it more discriminative compared
to the pre-fusion. However, as the existence of low-quality
samples, the model struggles to learn useful information,
leading to unstable convergence in the later stages of train-
ing. Therefore, we aim to integrate the advantages of both
ends of the Formula 3 (i.e. pre-fusion and post-fusion) to
find a more discriminative loss function. To address this is-
sue, we propose part norm-fusion.

Part Norm Fusion
We define the norm-fusion function as:

Gnorm(s1, s2, ..., sP, l) =
P∑
i

(
ai

||ai||2
)lF(si), (4)

where l is the exponential value, ||ai||2 represents the nor-
malization of weight ai by l2-norm and si ∈ R(Spos+Sneg) is
the distance vector of each part.

Through the Formula 4, we can adjust the value of the
weight to influence the learning of the model. The applica-
tion of l2-norm to ai serves the purpose of restricting exces-
sive fluctuations in its value, which in turn facilitates more
efficient model training. When l > 0, the magnitude rela-
tionship among each weight will not change. However, when
l < 0, it will be reversed. Consequently, we can achieve the
effect of controlling weights by changing l.

Furthermore, we impose restrictions on ai. In order to
perform weighted calculations adaptively, we define ai =

exp( F(si)
||F(si)||2 ). Similarly, the l2-norm is for the sake of train-

ing stability, and the exponentiation with e is to increase the
difference in weights. We define p(si) = 1

a
||F(si)||2
i

, where

p(si) ∈ (0, 1) obviously, as a difficult sample judgment
function because it is negatively correlated with the part
level loss function F , indicating that the larger the loss, the
smaller its value, and the more difficult the sample is.

With this definition of ai, we can adaptively obtain the
value of ai. And when l = 0, Formula 4 is equivalent to post-
fusion. When l < 0, the weight is more inclined to the parts
with smaller loss values, which can reduce the interference
of the noisy part. In addition, by adjusting l, we can make
the model focus on parts with different difficulty levels. As
l increases, the model will pay more attention to difficult
parts, that is, parts with higher loss values, and vice versa.

However, it is difficult for us to possess the advantages of
both pre-fusion and post-fusion simultaneously. Therefore,
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(c) The gradient curve with the standardiza-
tion and truncation.

Figure 4: (a) Without the standardization, the gradients will fluctuate dramatically with changes in the exponent l. For low-
confidence samples, this can result in gradient explosion and vanishing. (b) Without truncation, the gradient is not monotonic,
which becomes zero at certain points. This can easily lead to getting stuck in local optima, affecting convergence. (c) With
normalization and truncation, modifying the exponent l can adjust the preference of parts with different difficulties.

we introduce the Dynamic Learning Process so that the loss
function can have different advantages at different training
stages.

Dynamic Learning Process
Inspired by curriculum learning and hard sample mining,
learning samples with different difficulty levels at different
stages can effectively improve efficiency and performance.
Therefore, we propose the Dynamic Learning Process that
dynamically adjusts the exponent l. By scaling the weights,
the model can focus on parts of different difficulty levels at
different stages.

We define lmin as the minimum exponent value and lmax

as the maximum exponent value. As the number of iterations
increases, the exponent value l changes between lmin and
lmax. The formula is as follows:

l = (lmax − lmin)sin(
πtC

2T
)− lmin, (5)

where t is the current iteration, T is the total iteration and C
represents the number of cycles. As shown in Figure 2 (b),
l exhibits periodic changes during iterations, allowing the
model to switch between difficult sample preferences and
simple sample preferences multiple times, which is more
conducive to its learning.

However, the Dynamic Learning Process introduces that
the value of the loss is highly sensitive to the change of l, as
shown in Figure 3 (a). The gradient curve without the nor-
malization is shown in Figure 4 (a), extremely large or small
gradients can easily cause gradient explosion or vanishing.
Besides, as shown in Figure 4 (b), it is also easy to fall into
a local optimum, which is unfavorable for model training.

To address this, inspired by ISR (Dou et al. 2023b), we
first introduce the gradient truncation strategy, where the
gradients of the weights are excluded from backpropagation.
Comparing Figure 4 (b) and 4 (c), after applying this strat-
egy, the gradients become smoother, and there will no longer
be extreme points, ensuring that the weights do not affect the
convergence of the model. The formula is as follows:

Lt = −(
ai

||ai||2
)l↚log(p(si)), (6)

where (·)↚ represents the gradient truncation applied to (·),
which does not participate in backpropagation.

Subsequently, we introduce the gradient normalization
strategy. By normalizing and scaling the loss function val-
ues, we can reduce the variance of gradient values across
different parts and facilitate controlling the step size of gra-
dient descent with a single learning rate. The formula for
loss function value normalization is as follows:

Lnorm =
m

N

∑N
i=0Lt(si), (7)

where m = (
∑N

i=0 Ll=0(si))/
∑N

i=0 Lt(si)) .This helps us
adaptively calibrate the gradient step size so that the differ-
ent exponent values l affect only the preference for parts of
different difficulties, rather than the step size of the gradi-
ents. As shown in Figure 3 (b), Because the shape of the loss
function changes like waves when the exponent l changes,
we named our loss function Waveloss.

Experiments
Dataset
To assess the effectiveness of the Waveloss, we will eval-
uate it on three popular gait datasets, including two indoor
datasets, CASIA-B (Yu et al. 2006) and OU-MVLP (Take-
mura et al. 2018), and one outdoor dataset, GAIT-3D (Zheng
et al. 2022b).
CASIA-B. The CASIA-B dataset stands as one of the most
widely used repositories for gait analysis, comprising data
from 124 subjects. Each subject’s data in the CASIA-B
dataset consists of 10 sets of gait sequences, captured un-
der three different conditions: normal walking (NM), walk-
ing with a bag (BG), and walking in coats (CL). These se-
quences are labeled NM#01-06, BG#01-02, and CL#01-02,
respectively. Furthermore, each set contains 11 videos, each
filmed from various view angles ranging from 0◦to 180◦.
OUMVLP. The OUMVLP dataset stands as one of the most
extensive repositories for gait recognition, boasting a vast
collection of data from 10,307 subjects. Each subject’s data
comprises two sets of gait sequences labeled Seq#00 and
Seq#01. Within each set, gait sequences are captured from
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Method Probe View Mean0◦ 15◦ 30◦ 45◦ 60◦ 75◦ 90◦ 180◦ 195◦ 210◦ 225◦ 240◦ 255◦ 270◦
GaitSet 79.5 87.9 89.9 90.2 88.1 88.7 87.8 81.7 86.7 89.0 89.3 87.2 87.8 86.2 87.1
GaitGL 84.9 90.2 91.1 91.5 91.1 90.8 90.3 88.5 88.6 90.3 90.4 89.6 89.5 88.5 89.7
DANet 87.7 91.3 91.6 91.8 91.7 91.4 91.1 90.4 90.3 90.7 90.9 90.5 90.3 89.9 90.7

DeepGaitv2 - - - - - - - - - - - - - - 91.9
Ours 89.7 92.9 92.8 93.0 94.0 92.1 91.9 92.0 92.5 92.2 92.3 92.2 91.3 91.0 92.1

Table 1: Rank-1 accuracy on OUMVLP under all view angles, excluding the identical-views cases.

Method Prob View Mean0◦ 18◦ 36◦ 54◦ 72◦ 90◦ 108◦ 126◦ 134◦ 162◦ 180◦

NM

GaitSet 90.8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96.8 85.8 95.0
GaitGL 96.0 98.3 99.0 97.9 96.9 95.4 97.0 98.9 99.3 98.8 94.0 97.4
GaitMPL 97.2 98.3 99.5 98.3 96.5 95.2 97.2 98.5 99.1 98.5 93.8 97.5
DyGait 97.4 98.9 99.2 98.3 97.7 96.8 98.2 99.3 99.3 99.2 97.6 98.4
Ours 98.5 99.2 99.3 98.7 98.4 98.1 98.9 99.4 99.4 99.7 97.7 98.7

BG

GaitSet 83.8 91.2 91.8 88.8 83.3 81.0 84.1 90.0 92.2 94.4 79.0 87.2
GaitGL 92.6 96.6 96.8 95.5 93.5 89.3 92.2 96.5 98.2 96.9 91.5 94.5
GaitMPL 92.3 96.8 95.8 95.4 93.8 89.5 92.5 95.8 98.4 97.1 91.8 94.5
DyGait 94.5 96.9 97.4 96.1 95.4 94.0 94.8 97.6 98.5 97.7 94.9 96.2
Ours 95.2 97.4 97.9 96.7 94.9 93.6 95.1 98.5 98.9 98.0 94.0 96.4

CL

GaitSet 61.4 75.4 80.7 77.3 72.1 70.1 71.5 73.5 73.5 68.4 50.0 70.4
GaitGL 76.7 90.0 90.3 87.1 84.5 79.0 84.1 87.0 87.3 84.4 69.5 83.6
GaitMPL 83.8 85.5 96.3 93.0 89.8 83.2 87.3 92.3 91.4 88.7 76.7 88.0
DyGait 82.2 93.0 95.2 91.6 87.1 87.1 87.2 90.1 92.4 88.2 75.8 87.8
Ours 83.3 93.1 95.0 91.0 89.5 86.4 88.4 89.7 92.4 91.7 78.7 89.0

Table 2: Rank-1 accuracy on CASIA-B under all view angles, excluding the identical-views cases.

14 different angles, ranging from 0◦to 90◦and from 180◦to
270◦, with intervals of 15◦.
Gait3D. The Gait3D dataset is a substantial repository com-
prising data from 4,000 subjects, with over 25,000 se-
quences captured from an unconstrained indoor scene us-
ing 39 cameras. Notably, it offers 3D Skinned Multi-Person
Linear(SMPL) models recovered from video footage. To en-
sure compatibility with other algorithms, the dataset is parti-
tioned into a training set containing 3,000 subjects and a test
set comprising 1,000 subjects.

Implementation Details
We preprocess the original gait sequences by normalizing
the size of each frame to 64 × 44 for CASIA-B, OU-MVLP,
and Gait3D datasets. Unless otherwise specified, our exper-
imental settings follow the settings of the OpenGait (Fan
et al. 2023b). All of our experiments were conducted on the
GeForce RTX 2080 Ti or 2080.

On the CASIA-B dataset, we use GaitGL as the backbone
network with channel sizes set to [64, 128, 256] and circle
loss as the base loss function. The number of iterations is
set to 10,000, with a learning rate of 1e-4. We employ the
MultiStepLR strategy, reducing the learning rate by a factor
of 10 at iterations 80,000 and 95,000. We utilize the Adam
optimizer with a weight decay of 5e-4. Data augmentation
techniques such as random flipping and occlusion are also
applied. Cosine similarity is used for probe matching.

On the OUVMLP dataset, we employ DeepGaitV2 as the
backbone network. A triplet loss with a margin of 0.2 and
cross-entropy are used as the base loss functions. The num-
ber of iterations is 150,000. The learning rate is set to 0.1,
with a weight decay of 5e-4. We set the batch size to [32, 8].
Data augmentation strategies include perspective transfor-
mations, flipping, and rotation. Probe matching is performed
using Euclidean distance.

On the Gait3D dataset, we utilize DeepGaitV2 as the
backbone network. We employ a triplet loss with a margin of
0.2 and cross-entropy as the base loss functions. The learn-
ing rate is set to 0.1, with a weight decay of 5e-4. The to-
tal number of iterations is 120,000, and we adopt the Mul-
tiStepLR strategy, where the learning rate is reduced by a
factor of 1/10 at iterations 40,000, 80,000, and 100,000.
Data augmentation strategies include perspective transfor-
mations, flipping, and rotation. Probe matching is performed
using Euclidean distance.

Comparison with State-of-the-art Methods
In this section, we will compare our Waveloss with other
state-of-the-art methods on different datasets.
Evaluation on OU-MVLP. Table 1 shows the experimental
results of our Waveloss on the OUMVLP indoor dataset. Our
method achieves state-of-the-art (SOTA) performance on
this dataset, demonstrating its excellent capability in cross-
view feature extraction on large-scale datasets. Compared
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Methods Rank-1 Rank-5 mAP mINP
GaitSet 36.7 58.3 30.0 17.3
GaitGL 29.7 48.5 22.3 13.3

SMPLGait 46.3 64.5 37.2 22.2
DyGait 66.3 80.8 56.4 37.3

DeepGaitv2 74.4 88.0 65.8 -
Ours 75.6 88.4 66.5 46.5

Table 3: Rank-1 accuracy (%), Rank-5 accuracy (%), mAP
(%) and mINP on the Gait3D dataset.

l NM BG CL Mean

Static
-1 98.7 96.1 88.3 94.4
0 98.6 96.1 87.9 94.2
1 98.6 96.2 88.4 94.4

Dynamic
[-1,0] 98.4 96.3 89.0 94.6
[0,1] 98.2 96.0 88.9 94.4
[-1,1] 98.7 96.4 89.0 94.7

Table 4: Ablation study on the exponent value l.

with the baseline method DeepGaitV2, our Waveloss also
achieves an improvement of 0.2%.
Evaluation on CASIA-B. Table 2 shows the experimental
results of our Waveloss on the CASIA-B dataset. It can be
observed that compared to other models, ours achieve state-
of-the-art performance. Specifically, we achieve accuracy
rates of 98.7%, 96.4%, and 89.0% on NM, BG, and CL, re-
spectively, with an average accuracy of 94.7%. Besides, our
Waveloss achieves SOTA, with higher accuracy on challeng-
ing samples (CL), which demonstrates that our loss function
can better increase intra-class similarity and reduce inter-
class similarity. Our proposed norm-fusion strategy makes
Waveloss can better extract features from difficult samples.
Evaluation on Gait3D. As shown in Table 3, compared
to other methods, our Waveloss has achieved the state-
of-the-art. Specifically, we achieve 75.6%, 88.4%, 66.5%,
and 46.5% on Rank-1, Rank-5, mAP, and mINP, respec-
tively. This is attributed to the adaptability of our loss
function in distinguishing parts. For low-quality outdoor
datasets, different parts exhibit varying quality differences.
Our Waveloss can dynamically and adaptively focus on im-
portant parts. Therefore, Our Waveloss can lead to greater
improvements on the low-quality dataset.

Ablation Study
Effect of Hyperparamemter l. To thoroughly investigate
the effects of the Dynamic Learning Process, we conducted
comparative experiments with different parameter values for
l, as shown in Table 4, dividing them into static and dynamic
groups. We found that when l is fixed at values such as -1,
0, or 1, the performance is not as good as with the dynamic
approach (94.4%, 94.2%, and 94.4% v.s. 94.6%, 94.4%, and
94.7%). This is because the model focuses only on samples
of the same difficulty level during training, whereas the dy-
namic process can adapt to samples of varying difficulty lev-
els, thereby better capturing distinguishable features and re-
sulting in improved performance.

Methods NM BG CL Mean
Pre-fusion 92.7 84.7 63.7 80.4
Post-fusion 98.6 96.1 87.9 94.2
Norm-fusion 98.7 96.4 89.0 94.7

Table 5: Comparison of different fusion ways on CASIA-B
dataset.

Methods NM BG CL Mean
Softmax Loss 98.1 93.9 80.6 90.9
Triplet Loss 98.7 96.9 86.8 94.1
Circleloss 98.6 96.1 87.9 94.2

Circleloss+Norm 98.8 96.3 88.1 94.4
Circleloss+DLP 98.7 96.2 88.3 94.4

Ours 98.7 96.4 89.0 94.7

Table 6: Ablation study on the loss function.

Effect of Part Fusion Method. As shown in Table 5, we
explored the impact of different fusion methods on perfor-
mance and found that using the pre-fusion strategy led to
gradients becoming small in the later stages of training. This
impeded the model from learning the features of hard sam-
ples, and the average accuracy on the CASIA dataset was
only 80.4Although the effect on simple samples (NM) is ex-
cellent, reaching 92.7%, the effect on difficult samples is
rather poor, only 63.7%. Pre-fusion has difficulty learning
the features of difficult parts, and this phenomenon is in line
with our previous judgment. Norm fusion led to a 0.5% im-
provement compared to post-fusion and increased accuracy
on challenging samples (CL) by 1.1%. This indicates that the
reweighting approach of norm fusion significantly enhances
the model’s ability to discriminate difficult samples.
Effect of Norm Fusion and Dynamic Learning Process.
As shown in Table 6, we conducted ablation experiments
comparing our proposed norm fusion and the Dynamic
Learning Process to validate the effectiveness of the two
modules. By adding our proposed modules to Circleloss,
the average accuracy on the CASIA-B dataset increased by
0.2% and 0.2%, respectively. This demonstrates the effec-
tiveness of our modules. Additionally, the accuracy on chal-
lenging samples (CL) improved by 1.1%, indicating that our
proposed modules can better handle difficult samples.

Conclusions
This paper introduces an adaptive dynamically loss func-
tion for part-level fusion called Waveloss. Unlike traditional
sample-level loss functions, our Waveloss fills the gap in the
research of part-level loss fusion. Compared to traditional
post-fusion and pre-fusion, our Waveloss has several advan-
tages in terms of performance without additional training
parameters. It shows improvements under different datasets
and different backbone networks. We hope that our proposed
loss function can provide a new perspective for gait recog-
nition and garner more attention to the research of the loss
function.
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