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Abstract

Person re-identification (RelD) aims to retrieve pedestrians
across cameras, facing challenges from differences in per-
spective, background, and lighting, which introduce noise
and hinder key feature extraction. Existing methods, of-
ten relying on normalization or generative data augmen-
tation, suffer from limitations such as neglecting camera la-
bel information or the unreliability of two-stage learning.
To address this, we propose a one-stage architecture, M-
MBNNet, consisting of MBN (Multi Background Norm) and
MetaRep (Meta-Representation for Adaptive Metric) mod-
ules. MBN uses a camera-wise Assignment Gate and Multi-
aggregation Norm to align and normalize backgrounds,
reducing interference and enhancing person-relevant fea-
ture robustness. MetaRep bridges representation and met-
ric learning, leveraging mutual information (quality mea-
sures) to dynamically adjust asymmetric metrics for consis-
tent multi-task convergence. It also incorporates curricu-
lum learning to dynamically emphasize either inter-class
separability or intra-class compactness. M-MBNNet of-
fers a systematic approach to extracting key pedestrian fea-
tures and resolving cross-camera differences through active
alignment and adaptive optimization. We achieve strong re-
sults on two baselines—one mainly for representation and
one for metric learning—demonstrating the method’s scal-
ability.

1. Introduction

Person re-identification [15] (RelD) aims to retrieve pedes-
trians across cameras. Cross-camera scenarios introduce
significant variations in perspective [11], background ,
lighting [4], and other factors, making it a pressing chal-
lenge for RelD and similar vision tasks to optimize their
methods. Beyond addressing camera-related differences,
the process of feature learning involves additional chal-
lenges: how to align multi-task [3] convergence objectives
between representation learning and metric learning, how
to emphasize features highly relevant to pedestrian identi-
ties while ignoring low-confidence features, and how to en-
hance the discriminative power [16] of the feature space.
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Figure 1. a. Reflect the background variations introduced by dif-
ferent cameras. b. Highlight the strong semantic consistency of
images of the same pedestrian captured by the same camera. ¢ &
d. Demonstrate how we align images to approximate a Gaussian
white-noise background by eliminating camera-specific variations.

1.1. challenges in cross-camera scenarios

Some studies [13] have acknowledged the influence of non-
pedestrian factors (e.g., backgrounds captured by different
cameras), while others employ generative methods [9] to
create new images of pedestrian instances in varied back-
grounds, potentially introducing adverse effects and addi-
tional noise. Existing cross-camera RelD methods often
neglect camera label information during training, merely
exposing networks to pedestrian instances from diverse
cameras with varying backgrounds. While this implic-
itly pressures models to focus on pedestrian features, such
approaches lack systematic mechanisms to handle back-
ground interference — a critical challenge since camera-
specific perspectives, lighting and backgrounds inherently
inject noise into feature representations. We argue discrim-
inative pedestrian-specific learning requires dual-phase op-
timization. First, networks should actively acquire camera
background recognition capabilities through explicit clas-
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Figure 2. Simulation of MBN. It realizes the camera discrepan-
cyand aligns the cameras.

sification layers or implicit metric learning (e.g., camera-
aware center loss [21] or contrastive loss), leveraging the
limited yet distinct camera-specific background patterns.
Second, the framework need facilitate background-invariant
projection by leveraging learned camera characteristics to
drive adversarial filtering or style normalization, actively
suppressing background perturbations. This methodology
diverges from empirical background removal approaches,
systematically addressing cross-camera variance through
targeted camera-aware representation learning.

1.2. Challenges in Multi-Task Learning Conver-
gence and Feature Discrimination

In cross-camera scenarios, the solution [27] aims to over-
come domain biases from different data sources and unify
them into a single domain. However, this process may
inadvertently erode or weaken certain key discriminative
features for distinguishing pedestrians. In representation
learning, relative entropy [8] is used to explore the distinc-
tions in data distribution, while metric learning employs dis-
tance functions to identify separability in the metric space.
Although both methods aim to extract data discriminabil-
ity, the significant convergence inconsistency between these
two learning tasks can weaken the ability of ranking tasks to
differentiate key pedestrian features. Therefore, during fea-
ture learning, it is crucial to establish a bridge architecture
that unifies representation and metric learning, emphasiz-
ing the extraction of key discriminative features related to
pedestrian identities. Contributions. In this paper, we pro-
pose M-MBNNet, a novel system architecture designed to
extract critical pedestrian-specific features. The core of this
architecture lies in two modules: MBN and MetaRep.

1. MBN addresses camera-induced background differences
via two sub-modules: the Camera-wise Assignment
Gate, enabling asymmetric background learning, and
the Multi-Aggregation Norm Block, which aligns back-
grounds while preserving pedestrian features.

2. MetaRep employs representation learning to generate
meta-representations with mutual information, guiding
metric learning by dynamically adjusting margins. It
follows a curriculum learning approach, first focusing
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Figure 3. Illustration of MetaRep. Quality evaluation dynami-
cally adjusts adaptive granularity margins to enhance pedestrian
feature discriminability. A softened meta-representation serves as
the evaluation factor, and an asymmetric metric bridges represen-
tation and metric for multi-task convergence.

on inter-class granularity, then intra-cluster fine granu-
larity, enhancing consistency between metric and repre-
sentation learning. This system robustly extracts critical
pedestrian-specific features.

2. Related Work

2.1. Background/Camera-aware RelD

Several RelD methods have been proposed to address cross-
camera differences. In DAPRH [14], GAN-based methods
are used to generate new images of pedestrian instances
in various backgrounds as input, effectively balancing the
distribution of pedestrian data across different background
styles through data augmentation. Intra-Camera [26] uses
independently annotated labels within single camera views
and proposes a multi-task multi-label learning approach to
discover identity correspondences across cameras. MgCA-
Model [18] employs binary segmentation masks to create
RGB-Mask pairs and designs a mask-guided contrastive at-
tention model (MGCM) to separately learn features from
body and background regions, ensuring feature embeddings
focus on pedestrian features while reducing background in-
terference. In msi-RelD [2], a spatial alignment module
(SPM) is introduced to help the network focus on identity-
related features during training, ignoring non-identity fac-
tors like lighting and background. CBN [27], a camera-
based normalization approach leverages camera label infor-
mation, significantly improving performance. However, it
has limitations, such as the inability to actively learn back-
ground information and insufficient refinement of normal-
ization layers, which may lead to performance degradation.
Additionally, generative methods [14] expand pedestrian
image data in specific camera backgrounds to balance back-
ground frequency. However, the two-stage training process
is complex, and the reliability of the method depends on the
accuracy of the generated data.



2.2. Discriminative feature for RelD

Extracting discriminative features is a core objective in per-
son re-identification (ReID) and related tasks. Early meth-
ods relied on handcrafted features (e.g., color histograms,
texture), but these struggled with environmental and view-
point variations. DeepRelD [5] pioneered CNN-based end-
to-end feature learning, significantly boosting ReID perfor-
mance. Recent advances focus on enhancing feature ro-
bustness and discriminability. Metric learning methods like
Triplet Loss [17] and Contrastive Loss [1] optimize dis-
tance relationships between feature vectors, while rank-in-
rank loss [23] addresses class imbalance. Viewpoint-aware
contrastive loss [6] learns viewpoint-invariant features, and
background interference is mitigated by Background Con-
sistency Constraint (BCC) and Object-Centric Feature Re-
finement (OCFR) losses [24]. TSNT [8] develop noise-
robust mechanism for reliability discrimination. Attention-
based methods (e.g., BAM [12], CBAM [22]) and self-
attention networks (e.g., Transformers) further improve fea-
ture representation by focusing on discriminative image
regions. Techniques like PCB (Part-based Convolutional
Baseline) [20] and MSINet [2] refine attention consistency
across images, significantly boosting RelD accuracy.

2.3. Multitask Consistent Convergence for ReID

Multitask Consistent Convergence refers to ensuring that
multiple tasks (e.g., representation and metric learning) co-
optimize within a unified framework, achieving stable and
aligned convergence to enhance overall model performance.
PMT-Net [25] proposes a progressive multi-task network
architecture to enhance recognition capabilities by gradu-
ally integrating complementary tasks. Huang et al. [3] de-
signed a multi-task learning framework that constructs sep-
arate branches for distinct recognition tasks, effectively cap-
turing discriminative body information in cross-modality
RelD scenarios. More fundamentally, existing ReID meth-
ods often combine representation learning and metric learn-
ing losses, but their inconsistent convergence boundaries
can lead to suboptimal solutions. To address this, we
propose MetaRep, which bridges representation and met-
ric learning with adaptive soft margins [7], replacing fixed
margins. MetaRep leverages metadata enriched with mu-
tual information from representation learning to guide met-
ric learning. It incorporates curriculum learning [19], pro-
gressing dynamically from easy to hard tasks, and adapts
step sizes for both representation and metric learning. Dur-
ing training, MetaRep prioritizes inter-class separability in
early stages and shifts to intra-class compactness and fine-
grained semantic relationships as the model converges. This
approach achieves refined, discriminative feature represen-
tations tailored for ranking tasks.

3. Method

We propose an end-to-end person re-identification (RelD)
model composed of two core modules: Multi-Background
Normalization (MBN) and Meta-Representation Learning
for Adaptive Metrics (Meta-Rep). This model addresses
cross-camera background interference and the inconsis-
tency between representation learning and metric learning
through proactive background alignment and an integrated
feedback mechanism.

3.1. Multi-Background Normalization (MBN)

In cross-camera scenarios, differences in camera viewpoints
and backgrounds introduce significant noise. The MBN
module mitigates this issue through two key components:

Camera-wise Assignment Gate (CAG). This compo-
nent employs an asymmetric background learning strat-
egy by aligning each sample’s features to its corresponding
camera’s background center. Initially, the distance is com-
puted as:

D(fi, Ci) = ||fi — Cill, 1)

To account for the varying importance of samples within the
same camera, a dynamic weight (indicator) is introduced,
modifying the distance to (Asymmetric Center Loss):

Lasyc = D(fi,C;) = indicator(zc;) o || fi — Cill, (2)

The indicator is dynamically adjusted based on the
model’s predicted probability distribution and the corre-
sponding true labels. This mechanism enables the module
to evaluate the representativeness of each sample within its
respective camera domain. Guided by a curriculum learn-
ing strategy, the influence of the indicator is progressively
enhanced, ensuring more accurate background alignment.

Here, we adopt the fused meta-representations described
in Section 3.2 (refer to details) as the basis for the indica-
tor. The central theoretical rationale is to allow the model
to synthesize its current understanding and the true labels
to dynamically determine the strength of metric learning to-
ward the centers.

Multi-Aggregation Norm(MN). To further reduce sta-
tistical discrepancies among different cameras, the Multi-
Aggregation Norm employs independent Batch Normaliza-
tion (BN) layers for each camera:

z-I(c=i)—Blz-I(c=i)]
ety TP (3)
where i=1,2,...,n

BNs(x) =

The variable i represents the camera index, and the formula
illustrates that statistics and learned parameters are calcu-
lated based on data corresponding to each specific camera.
I(e) represents discrete impulse function, which is 1 when
the input condition is true, otherwise it is 0.
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Figure 4. M-MBNNet overview. MBN collect camera-wise information and eliminate the camera Discrepancy. MetaRep leverages soft
meta-representations (prob) that incorporate quality measures to perform asymmetric metric learning.

Statistical Considerations Related to MBN. The BN
layer approximates overall data statistics using sample esti-
mates. For these estimates to be reliable, the samples must
be consistent and numerous. Previous studies have shown
that BN performance can degrade when the batch size is too
small or when training and inference statistics differ.

Our Multi-Aggregation Norm employs both BN1d and
BN2d, as they are well-suited for our CNN backbone, with
statistics computed along the channel dimension.

BN1d: For input shaped (N, C) (with N as the batch size
and C as feature dimensions):

1 N
He = N 7; Tn,c (4)
1 N
U%:NZ(‘T?@C NC) 5)
n=1

BN2d: For input shaped (N,C, H, W) (where H and W
are spatial dimensions):

1 N H W
He = N 2 2 2 T

n=1h=1w=1

(6)

1 N H W
2 2
UC - N . H . W ngl }; wgl (-In,c,h,w MC)
BN1d uses N samples per channel, whereas BN2d uses N -
H - W. Typically, N is limited by memory, and  and W
decrease with network depth.
Additionally, BN layers update global statistics with a
moving average:

)

®)

Znew = (1 — momentum) - & + momentum - 4

Since overall statistics depend on the dataset scale, we
propose dynamically configuring the Multi-Aggregation
Norm. If the statistical scale exceeds a threshold ¢ €
(3072, 12288), the block is used, otherwise discarded.

3.2. MetaRep (Meta-Representation Learning for
Adaptive Metrics)

Ranking is one of the core tasks in person re-identification.
Its basic form is:
* Input: query

{91,92,- - gn}.
e Goal: Sort the query image q and each candidate image

according to their similarity, so that the images corre-
sponding to the same person are ranked as high as pos-
sible.

The currently popular deep person re-identification
model combines representation learning with metric learn-
ing. Representation learning extracts robust pedestrian fea-
tures, and metric learning optimizes similarity metrics to
improve ranking performance. Robust pedestrian features
promote stable input for metric learning, and reasonable
metrics in turn promote the expression of pedestrian fea-
tures in feature space. The usual combination method is to
embed features into a metric space while training the clas-
sifier using representation learning methods, and establish
a multi-task loss function, such as the loss function of the
commonly used RelD strong baseline [10]:

image q and candidate set G:

L=\ Lclassification + A2+ Linetric &)

This adopts a simple representation and metric loss func-
tion superposition, which is simple and effective, but lacks a
direct feedback mechanism between the two tasks, and it is



difficult to converge to a high-quality solution for the rank
task.

Representation learning uses relative entropy to mea-
sure the similarity between the embedding distribution and
the target distribution.Deep metric learning methods often
employ margin-based losses, such as contrastive loss and
triplet loss (see the formula below). The fundamental idea is
to pull samples of the same class closer into a cluster while
ensuring that samples of different classes are separated by
an absolute or relative distance greater than the margin.

L = max(0,dgp — dan + @), (10)

dqp: Anchor-positive distance. dg,: Anchor-negative dis-
tance. a: Margin parameter.

In a training epoch, representation learning locates the
distribution of the current input within the global categories,
while metric learning, such as Triplet Loss, is often lim-
ited by the batch size and restricted to measuring within
a local cluster. As a result, many other clusters are un-
seen during the current epoch’s training. Furthermore, met-
ric learning uses a fixed metric pattern from the start to
the end of the training phase (with adjustments primarily
to the learning rate, while other parameters remain largely
fixed), without following a curriculum learning approach
that progresses gradually. Additionally, there is no dy-
namic adjustment of the margin based on individual sam-
ples. Moreover, while representation learning and metric
learning are highly collaborative tasks in RelD, they still
have very different objectives. Finally, ReID is a rank-
ing task that utilizes metric learning features for instance
retrieval, typically discarding the classification layer af-
ter representation learning. Recently, RelD generally em-
ploys a combined training approach with cross-entropy loss
and triplet loss. We view each input’s probability distribu-
tion as a meta-representation (Meta-Rep), and each distance
set of metric inputs (such as the triplet (a,p,n) in triplet
loss) as a meta-metric. Within a single training round, the
meta-representation measures the input distribution from a
global perspective, while the meta-metric evaluates the in-
put’s cluster membership from a local perspective.

The standard classification loss (Softmax Loss). For a
sample z;, its classification probability is:

) exp(W]f; + b))
P(y = jlai) = I (n

C
Z exp(W,jfi + bk)
k=1

Where: W is the weight vector of class j, f; is the feature
vector of sample ¢, and b; is the bias. The cross-entropy loss
(i.e. softmax loss) is:

N
Lois = — ZlogP(y = yilz;) (12)
=1

2|~

The notation P(y = j|;) is abbreviated as P/, which rep-
resents the model’s confidence in the current sample be-
longing to class j. P; denotes the entire probability distri-
bution for the current sample during forward propagation.
As the model trains and gradually converges, the model’s
confidence in j = Ground truth increases, indicating that
the model’s representation fit to the training data improves.
However, unlike the deterministic label distribution, the fea-
ture distributions of samples from the same class exhibit in-
trinsic variability even under model convergence. This vari-
ability reflects the model’s similarity assessment between
input samples and class prototypes, a critical mechanism for
effective forward propagation. This judgment is particularly
crucial when a converged model, trained on the training set,
is tested on the test set, as it allows the model to flexibly
handle ambiguous samples.

To ensure that the meta-representation contains as
much accurate information as possible, we fuse the meta-
representation with the label. To ensure physically plausible
fused distributions, we apply two normalized weights (sum-
ming to unity) to balance the meta-representation and label
distribution components. The fused meta-representation is
denoted as Pred. Since we are only concerned with the
mutual information of the correct classification for the cur-
rent sample, the meta-representation is simplified to binary
classification. It can be simplified to:

Pred = \; - P; + Ao yf

(13)
st. M+ X € [0,1]/\)\1+)\2 =1

The above equation is no longer a probability distribution,
but a single value.

Following the concept of curriculum learning, progress-
ing from easy to difficult tasks, the idea is to dynamically
adjust the learning intensity for each meta-metric and also
attempt to dynamically adjust the margin. In fact, a straight-
forward approach is to multiply the margin o by an adjust-
ment factor, and allow factor to dynamically adjust accord-
ing to the current learning difficulty, thereby directly adjust-
ing a.

L =maxz(0,dap — dan + o - factor) (14)

In the above equation, f(z,) represents the feature of an-
chor a. The derivative of the equation is independent of
factor, meaning its influence on features during the opti-
mization process is extremely limited. It only affects the op-
timization process through the threshold at which the triplet
loss takes effect. in practice, factor can be designed as a
function of the features, i.e.:

factor = factor (f (x)) (15)

However, in this case, when calculating gradients, the influ-
ence of factor on the distance function d is unclear, which



is unfavorable for metric learning. The factorfactorfactor
we introduced aims to dynamically adjust the metric for
each triplet (see Eq. (16)), but factor is not integrated mul-
tiplicatively with d, meaning it does not directly guide the
learning of d during backpropagation. In fact, further mod-
ification is straightforward: design a multiplicative factor
for d. This factor should indicate the learning intensity of
the meta-metric, adjust the margin, and adapt to curriculum
learning as the training progresses.

L = max(0, factoray - dap — factory, - don + @) (16)

Although the above equation does not directly multiply «
by a factor, scaling d is effectively equivalent to inversely
adjusting «. Furthermore, since the anchor a is the core
of the meta-metric, factor,, and factor,,,, can be simpli-
fied into a single factor,. The remaining task is to design
a reasonable factor,. Implementing curriculum learning
in this context is straightforward, such as using a scheduler
to adjust factor, over epochs, similar to the paradigm of
learning rate scheduling. However, we aim for factor, to
dynamically adjust both the learning intensity of the meta-
metric and the margin. This can be achieved by directly
using the meta-representation pred, of anchor a instead
of factor, in 16, eventually Eq. (17) (Asymmetric Triplet
Loss) derived. We deem each triplet (24, T, Z5,) (2, Ci)
while for camera-wise assignment gate) as a metric meta,
and the meta-metric establishes relative positional relation-
ships based on the anchor as a reference. The quality of
meta-metric convergence is closely related to the represen-
tation quality of the anchor.

Analysis. For different meta-representations during the
same training stage, the probability of correctly predicting
the true class varies, reflecting the model’s differing levels
of fit for different samples. A higher probability of predict-
ing the true class indicates that the sample has high label
purity, while a lower probability suggests that the sample
is of lower quality or has high noise. For high-purity sam-
ples, we strengthen the learning intensity, while the influ-
ence of low-quality, high-noise samples is weakened. For
the same meta-representation at different training stages,
the probability of correctly predicting the true class also
varies. Moreover, as pred,, increases, it effectively reduces
the triplet loss margin «. This shift means that the model
transitions from pursuing coarse-grained inter-class separa-
bility to focusing on fine-grained intra-class compactness
and semantic correlations between embeddings.

L psyr = max(0,pred, - dgp — predg - don + ) (17)

To facilitate the model’s learning and control of the scale of
d, we use the exponential function and introduce a temper-
ature coefficient constant into the exponent. Thus, pred,, is
rewritten as Pred,:

Pred, = €™ P % : pred, = A\ - P; + Ao (18)

Finally, Our model’s loss is composed of:
L = Leis + Laysm + 7L ayst (19)

Lcis, Laysyr and L gys7. The more general formula for
MetaRep is:

Lyr (zi,25) = Pred (z;) - D (f (z3), f (z5))  (20)
3.3. The Concept of MetaRep (main) and MBN

MetaRep and Mutual Information: The meta-representation
reflects the classification probability P(Y = }A/) , represent-
ing the likelihood of the model’s prediction ¢ matching the
true class y . Mutual Information I(Y;Y’), which quanti-
fies the shared information between the true label Y and the
prediction Y, is expressed as:

I(V;Y)=H(Y) - H(Y|Y) @

Here, H(Y') is the entropy of the true labels, representing
their inherent uncertainty, whereas H(Y|Y') quantifies the
residual uncertainty conditioned on the model predictions.
Treating H(Y") as a constant A and ignoring it, the expres-
sion is simplified to:

I (Y;Yf) - H (Y|Y) =E,v.1) [1ogp(Y|Y)} 22)

If the prediction is almpst correct A(i.e., PY = Q, Y =
Q) =~ 1, then P(Y,;Y) = P(Y=Y) =~ 1. Also,
PY|Y) = ;g’:}g) X5 (371:9)' Substituting this into the
mutual information expression, we obtain:

I (Y; Y) ~P (Y - Y) logP (Y)

A (23)

~—Lep x P (Y)

LcE represents the cross-entropy loss. As P(Y =Y)
approaches 1, the mutual information I(Y’; Y) becomes
higher, indicating that the model has captured more infor-
mation consistent with the true label. In fact, the variant of
cross-entropy commonly used in contrastive learning is the
InfoNCE (Information Noise-Contrastive Estimation) loss:

exp (sin (z;,y;) /T)

L X
Linfonce = —E N ; log

N

exp (sin (z3,y;) /7)

24
In 24, the numerator represents the correlation measure be-
tween the positive sample pair (z,y), while the denom-
inator sums the correlation measures between the current
sample and all other samples (for normalization). Through
transformation, this ratio corresponds to the probability

Jj=1

~ Lcg



of correctly clustering positive samples. Minimizing this
loss function is fundamentally equivalent to maximizing
the correct clustering probability of positive samples (see
Eq. (25)), a process that information-theoretically equates
to maximizing mutual information.

—Linonce < P(Y = Y) o I(Y;Y) (25)

Curriculum Learning: Through the training process,
MetaRep’s representations progressively improve in accu-
racy, as evidenced by the increase in correct class proba-
bility and mutual information, ultimately reaching a stable
state. Concurrently, the step sizes of the meta-metric learn-
ing initially increase and then gradually stabilize, maintain-
ing a consistent learning intensity. This behavior aligns with
the principles of curriculum learning, which adopts a pro-
gressive difficulty scheduling approach to enhance training
efficiency and effectiveness.

Incremental Learning: MBN preserves pedestrian fea-
tures while removing camera-induced background biases.
Its asymmetric alignment gate leverages converged rep-
resentations (historical knowledge) to dynamically adjust
metric alignment when adapting to new data, ensuring
seamless integration of old/new domains.

Asymmetric Metric: Representation-based indicators
(weighted by mutual information) enable adaptive learning
paces, creating non-uniform metrics. This contrasts with
symmetric metric distances:

d(xi,xj) = d(l‘j,ﬂ?i) (26)

changes to the asymmetric:

’

d (z;,x;) = pred; - d(x;, x;) # d (xj,2:) 27

Multi-task Convergence: MetaRep establish direct com-
munication between metric and representation learning.
The meta-representation represents the probability of cor-
rect classification in a binary classification (correct or in-
correct), which reflects the mutual information between the
model parameters and the sample input. However, it is in-
versely proportional to the relative entropy of representa-
tion learning, while the distance of the meta-metric is di-
rectly proportional to the metric learning loss. Thus, when
the meta-representation and meta-metric are multiplied to-
gether as a factor, they form a negative feedback mechanism
between the representation loss and the metric loss. When
the model optimizes the meta-representation factor and the
meta-metric factor, and backpropagates for gradient com-
putation:

OPred

OLnR
oD

D(f(xi), f(x)) (28)

= Pred(z;) (29)

Specifically, for MetaRep, the meta-representation factor
Pred in this paper is Eq. (18). As for the meta-metric fac-
tor, in MetaRep and the camera-wise module, they are re-
spectively distance sets in Eqs. 10 and 1: In MetaRep’s
framework, the co-optimization of the meta-representation
and meta-metric factors establishes a dynamic feedback
mechanism. When optimizing the meta-metric factor, a
higher-confidence meta-representation amplifies the step
size, prioritizing metric learning for high mutual informa-
tion (high-quality) samples. Conversely, when optimizing
the meta-representation factor, a larger meta-metric (indi-
cating greater deviation from the positive cluster center) in-
creases the step size, but the inverse relationship between
meta-representation and classification loss counteracts this
growth, reducing the classification loss step size. This cre-
ates an adaptive mechanism where samples farther from
the positive cluster center incur larger classification losses,
while closer samples have smaller losses. The resulting neg-
ative feedback between representation and metric losses en-
ables consistent multi-objective convergence.

4. Experiments

4.1. Implementation

The datasets cover a diverse range of scenarios (de-
tails in Appendix), including Market1501, MSMT17,
DukeMTMC, and CUHKO3. We use ResNet50 pre-trained
on ImageNet as the backbone. To demonstrate our method’s
effectiveness, we tested it on CBN and LightMBN base-
lines, focusing on fair ablation studies rather than engi-
neering tricks. Evaluation metrics include mAP and CMC
curves, with optimal results highlighted in bold.

CBN baseline maintains the default configuration [27].
For LightMBN, input images are normalized and resized
to 384x128. Data augmentation includes resizing, random
cropping, erasing, and horizontal flipping (p = 0.5). Train-
ing runs for 120 epochs, with a batch size of 64 (4 samples
from 16 identities per batch). Adam optimizer is used with
a = le 8, B1 = 0.9, and B2 = 0.999. Baseline losses in-
clude softmax and TriHard Loss, with MBN and MetaRep
added for further validation.

4.2. Ablation of the M-MBNNet

Feature Distri Different Cameras

Bandwidth: 0.008 | §

Distr_DisyBanawidth: 0.711

Figure 5. Visualization of camera-domain variance with /without
MBN. To maintain a consistent scale, the x-axis was fixed.
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Figure 6. Ablation study on MN (Multi-Aggregation Norm). we
replace the BatchNorm (BN) in ResNet50 with MN. However,
since the normalization layer is influenced by the scale of the
dataset, it is necessary to discard MN in certain layers with smaller
statistical scales. Therefore, we conduct ablation experiments by
removing the last one, last two, and last three MN blocks in layer4,
as well as the last one, two, and three MN blocks in the final lay-
ers.
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Figure 7. Weight ablation of Asy-Center Loss (of CAG).

First, we integrate MBN into the CBN (in Appendix
Tab.A.5) and LightMBN baselines (Alation of CAG in
Fig. 7, MN in Fig. 6) and compare the performance before
and after the integration in fully supervised learning. Ad-
ditionally, We further visualize the camera-domain gap be-
fore and after the integration, as shown in Fig. 5. The y-axis
origin was set at the bandwidth point corresponding to the
highest peak (y value: peak x 0.707). The results show that
MBN reduces the domain gap, aligning all domains into a
unified common space. Compared to the baseline, the max-
imum domain gap is reduced to 1/4, and the bandwidth is
reduced to 1/6, indicating a more compact distribution. The
increase in y-values (equivalent to probability density) fur-
ther confirms a more concentrated distribution.

Secondly, MetaRep serves as a direct bridge connecting

representation learning and metric learning, and is evalu-
ated. It is worth mentioning that this method is also highly
effective for direct transfer and semi-supervised tasks, as
meta-representation can effectively leverage the knowledge
from the previous training phase.

Thirdly, We gradually integrate MBN and MetaRep into
the LightMBN baseline to validate the effectiveness of our
approach (detail in Tab. 1). The experimental results show
an average improvement of 5.5

Table 1. Ablation of M-MBNNet. Mkt represents market1501.

MBN ‘ MR ‘ Datasets
CAG MN | | Mkt Duke MSMT17 CUHKO03
86.2(94.3 76.8/87.1 47.1/65.8 61.2|63.3
vV 86.8/95.0 77.5/88.2 48.1/67.3  62.6/65.1
i 87.1194.5 77.4/87.7 522(69.9 72.8|75.4
Vv | 87.4/94.6 77.6/87.8 47.9(66.5 62.7|64.6
Vv 87.6/95.1 78.0/88.7 52.5/70.0 73.2|75.3
i Vv | 88.1/954 78.9/88.7 529|703 73.5|75.5

Last, to further demonstrate the potential of our method
in weakly supervised and transfer learning tasks, we con-
ducted direct transfer experiments and compared the results
with the baseline. The experiments show the effectiveness
of our method, as weak supervision closely approximates
direct transfer followed by fine-tuning. Since this is highly
consistent with the direct transfer task, we will not elaborate
further. Additional ablations are provided in the appendix.

Table 2. Alation of M-MBNNet for direct transferring. Training
and Testing use different data.

Trai TestSet ‘ Mkt Duke MSMT17 CUHKO03
rainset
Method ‘ mAP|Rank1
market base 86.2|194.3 14.9|27.7 1.6/4.9 2.62.8
ours 88.1|195.4 34.1|53.1 32194 7.9(7.5
Duke base 219|478 76.8|87.1 3.119.2 4.6/4.3
ours 32.5160.1 79.0|188.7  4.8/13.8  11.5|]11.7
MSMT base 285|553  34.2|50.7 47.1|65.8 10.7|10.5
ours 41.9|68.4 48.0/684 52.9|70.3 23.223.9
cuhk03 base 18.8|40.8  9.8|20.3 1.13.7 61.2|163.3
ours 30.5155.1  19.7]37.3  2.0/6.7 73.5|75.5

5. Conclusion

We propose M-MBNNet, which integrates MBN and
MetaRep. MBN addresses domain shifts caused by vary-
ing camera backgrounds, normalizing data as if from a sin-
gle background. MetaRep leverages meta-representation
factors to guide metric learning, utilizing prior knowledge
(e.g., mutual information or quality measures) to dynam-
ically adjust category margins and ensure consistent con-
vergence. This approach significantly enhances supervised
learning for RelD tasks, achieving an average improvement
of 5.53, and direct transfer learning, with an average gain of
9.09 for mAP.
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