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Abstract

Edge computing in person re-identification (ReID) is cru-
cial for reducing the load on central cloud servers and en-
suring user privacy. Conventional compression methods for
obtaining compact models require computations for each
individual student model. When multiple models of varying
sizes are needed to accommodate different resource con-
ditions, this leads to repetitive and cumbersome computa-
tions. To address this challenge, we propose a novel knowl-
edge inheritance approach named OSKT (One-Shot Knowl-
edge Transfer), which consolidates the knowledge of the
teacher model into an intermediate carrier called a weight
chain. When a downstream scenario demands a model that
meets specific resource constraints, this weight chain can be
expanded to the target model size without additional com-
putation. OSKT significantly outperforms state-of-the-art
compression methods, with the added advantage of one-
time knowledge transfer that eliminates the need for fre-
quent computations for each target model.

1. Introduction
Person re-identification (ReID) is pivotal for surveillance
and smart city systems [2], aiming to uniquely identify in-
dividuals across disparate camera views [37, 43]. While
deploying ReID models on edge devices is crucial for miti-
gating cloud computing burdens and safeguarding data pri-
vacy [38, 40], recent advancements in the ReID field are
often encumbered by heavy parameter loads and intensive
computational requirements [9, 12, 22], restricting their ap-
plicability in resource-constrained scenarios.

To achieve an optimal accuracy-cost trade-off, differ-
ent edge computing scenarios require carefully customized
models to maximize re-identification performance within
their resource constraints. A common approach for ob-
taining a high-performance compact model is to compress
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Figure 1. (a) Transfer knowledge from a pre-trained ResNet50
to student models of different sizes. (b) Refine knowledge into
a weight chain in a single pass, enabling adaptive expansion of
models of varying sizes meeting downstream resource constraints.

a large, well-trained teacher model into a smaller student
model through techniques such as pruning [19] and distilla-
tion [18]. Nevertheless, these methods are typically limited
to generating a single model of a fixed size at a time, requir-
ing separate and often intricate processes for each down-
stream scenario, thus consuming significant resources.

In this work, we propose a knowledge inheritance
method suitable for general model architectures. It requires
only a single computation to obtain student models of var-
ious sizes, without the need for the repetitive and compu-
tationally expensive training procedures typically required
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by traditional compression methods for each target size.
The knowledge of the teacher model is first refined into a
weight chain, which acts as an intermediate knowledge car-
rier. When a student model of a specific size is required,
the weight chain can be rapidly expanded to the target size
without additional computation. The resulting model can
be directly deployed or fine-tuned for downstream tasks.

Specifically, the weight chain maintains the same depth
(number of layers) as the teacher model, with each layer’s
weights being refined from the corresponding layer in the
teacher model. However, its width (feature dimension) is
substantially reduced compared to the teacher model, while
maintaining the flexibility to be expanded to generate mod-
els of any intermediate width between the weight chain and
the teacher model. Notably, the weight chain preserves the
complete normalization layers of the original width to ef-
fectively reuse the core feature dimensions of its output,
thereby providing richer feature representations. When a
model of specific size is required, this can be achieved by
stacking the weight matrix rows of the weight chain and cor-
respondingly merging the affine transformation parameters
of the normalization layers to attain the desired width.

The process of refining the weight chain from the teacher
model involves two key steps: initialization and progres-
sive refinement of the weight chain. Initially, we set the
weight matrix rows in the weight chain as cluster centers
from the teacher model’s corresponding rows, as these cen-
ters exhibit functional representativeness and facilitate sub-
sequent refinement processes. For progressive refinement,
we jointly train the teacher model and the smallest stu-
dent model (with width matching the weight chain) built by
the weight chain, propagating gradients back to the teacher
model and the weight chain. Serving as a bridge between
the teacher model and all student models, this approach
enables simultaneous training of both ends while implic-
itly training intermediate models, eliminating the need for
intensive training of individual student models of varying
sizes. Furthermore, we incorporate an MSE loss between
the weight chain rows and the corresponding row clusters of
the teacher model to ensure that all weight rows within the
same cluster are refined into a single core weight row. Ul-
timately, the refined weight chain can be expanded to gen-
erate models of any size between its own width and that of
the teacher model without additional computation.

Our contributions are summarized as follows:

• To our knowledge, we are the first to propose a one-shot
computation-based method for generating scalable person
ReID models, adaptable to varying resource scenarios.

• Our method can be seamlessly integrated with general
model architectures, providing highly accurate models
that outperform traditional knowledge transfer methods.

• Extensive experiments demonstrate that our approach
consistently performs well across diverse real-world sce-

narios, providing a robust solution for person ReID tasks.

2. Related Work
2.1. Person Re-Identification
In Person ReID, early methods [24, 42, 43] focused on
handcrafted features and metric learning techniques [39].
With the rise of deep learning, Convolutional Neural Net-
work (CNN)-based approaches [5, 26, 29, 30, 35] dom-
inated for a long time, significantly boosting ReID per-
formance. Recently, Vision Transformer (ViT) [8]-based
methods [14, 16, 17, 27, 28, 41, 45] have shown promis-
ing results in capturing cross-view relationships. How-
ever, these methods are developed on mainstream base
models and are not suitable for deployment in resource-
constrained edge nodes in practical applications. Recent
works [13, 20, 44] have designed lightweight models for
person ReID, but these still require extensive pre-training on
large-scale datasets like ImageNet [7] and LUPerson [11]
to achieve high performance. Therefore, achieving high
performance in different resource-limited scenarios still in-
volves repetitive computation. In contrast, our method re-
fines the knowledge from the teacher model into a weight
chain through a one-time computation. When a model of a
specific size is required, the weight chain can be instantly
expanded to the target-sized model without training.

2.2. Knowledge Transfer
Knowledge transfer involves techniques that allow transfer-
ring knowledge from one model to another, enabling effi-
cient model initialization using teacher models. We catego-
rize these methods into two types: those that use additional
guidance from teacher models and those based solely on
the weights of teacher models. The first type is primarily
represented by knowledge distillation [18, 32], while the
second includes commonly used methods such as model
pruning [10, 19, 34]. These methods often require costly
distillation or pruning with large pre-training datasets, lead-
ing to significant computational overhead when initializ-
ing scenario-specific models. Other methods in the second
category include Net2Net [4], DPIAT [6], Weight Selec-
tion [36], Weight Distillation [25], Learngene [31] and so
on. However, these methods are either not flexible enough
to generate densely-sized student models or inefficient at
transferring the knowledge of teacher models, requiring ex-
tensive computations to produce student models of various
sizes. Our method ingeniously leverages the weights of
the teacher model and incorporates a sophisticated one-shot
training strategy to derive densely-sized student models.

3. Methodology
To efficiently generate size-specific models for person ReID
across various scenarios, we propose a novel framework
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termed OSKT. As shown in Figure 4, OSKT consists of
two core components: (1) weight chain refinement from
the teacher model and (2) student model generation via the
weight chain. This section is organized as follows: First,
we unify CNN and ViT architectures for clarity. Then we
formally introduce the weight chain concept, followed by a
comprehensive technical elaboration of both components.

3.1. Unified Representation of CNNs and ViTs
Our framework is universally applicable to mainstream net-
work architectures, including both CNNs and ViTs. To es-
tablish architectural unification, we focus on the feature di-
mension (termed as channel in CNNs), which serves as a
common bridge between these architectures. Figure 2 pro-
vides a conceptual visualization of this unified representa-
tion. In CNNs, convolutional filters each generate a distinct
output feature channel, while in ViTs, each weight matrix
row produces a specific output feature dimension. We ab-
stract these feature-generating units as rows. When features
are propagated to the next layer, each dimension is indepen-
dently processed by a corresponding CNN channel or ViT
weight matrix column. We abstract these feature-processing
units as columns. Both architectures employ normaliza-
tion layers (e.g., BN in CNNs, LN in ViTs) between lay-
ers, where each feature dimension is associated with affine
transformation parameters (γ, β) that scale and shift nor-
malized features, enhancing their representational capacity.

Consider a teacher model with L layers, where Nl−1 and
Nl represent the input and output feature dimensions of the
l-th layer, respectively. Let Fl,j represent the j-th row of
the l-th layer, where Fl,j ∈ RNl−1×Ol , with Ol denoting
the number of operation parameters in the l-th layer. For
example, in convolutional layers, Ol = K × K (where K
is the kernel size), whereas in fully connected layers, Ol =
1. Then the weight matrices in the teacher model can be
parameterized as

{
Fl ∈ RNl×Nl−1×Ol , 1 ≤ l ≤ L

}
.

3.2. Weight Chain as the Knowledge Carrier
Building on the observation of feature dimension redun-
dancy [1, 3, 21], we propose using refined rows from
the teacher model’s weight matrices as knowledge car-
riers. The weight chain preserves the teacher model’s
depth while containing a significantly reduced number
of refined rows per layer compared to the teacher’s
width. Formally, the weight chain is parameterized as{
FC

l ∈ RMl×Nl−1×Ol , 1 ≤ l ≤ L
}

, where Ml denotes the
number of refined rows in the l-th layer. The normalization
layers in the weight chain share weights with their teacher
counterparts, enabling multiple (γ, β) pairs to reuse the core
feature dimensions generated by the corresponding refined
rows. By leveraging the weight chain as an intermediate
knowledge carrier, our method is built on three key insights:
Insight 1. Leveraging teacher model weights for ef-
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Figure 2. (a) In CNNs, a filter is abstracted as a row, while a
channel in the weight matrix is abstracted as a column. (b) In
ViTs, the weight matrix is also abstracted into rows and columns.
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Figure 3. (a) Achieving identity transformation by merging iden-
tical rows and summing corresponding columns in the next layer.
(b) Extracting lightweight principal features by averaging the nor-
malization layer’s affine transformation parameters.

ficient knowledge transfer. Well-trained model weights
encapsulate substantial knowledge, and their effective uti-
lization can significantly enhance knowledge transfer ef-
ficiency. Our analysis reveals that traditional distillation
methods, which rely solely on teacher model guidance, un-
derperform on mainstream person ReID datasets. In con-
trast, our approach employs cluster centers of the teacher
model’s weight rows combined with a progressive strategy
to efficiently transfer knowledge to the weight chain.
Insight 2. Neural identity transformation. In a neural
network layer with multiple identical rows, if we ignore the
subsequent normalization layers, merging these rows into
one and summing their corresponding columns in the next
layer preserves the network’s function, as shown in Figure
3a. This matrix multiplication property allows progressive
refinement of knowledge into core weight rows, enabling
the student model to approximate the teacher model’s func-
tion. In practice, normalization layers must be addressed.
Each feature dimension is associated with an affine trans-
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loss and ReID loss to infuse core knowledge into the weight chain. (c) Reuse and stack the refined rows proportionally to achieve the
required layer width for the student model. Average the (γ, β) pairs within each normalization layer and sum the column weights of each
subsequent layer accordingly to generate the student model. This is an O(1) operation that does not require additional computation.

formation pair (γ, β), and identical rows may correspond to
distinct pairs, representing diverse feature transformations.
To reduce feature dimensions by merging identical rows,
their corresponding (γ, β) pairs must also be merged. As
shown in Figure 3b, averaging these pairs retains critical
information, leveraging the representativeness and minimal
distance within clusters to enhance fine-tuning efficiency.
Insight 3. Weight chain as a bridge between teacher and
student models. The weight chain serves as a knowledge
carrier, expandable to create student models ranging from
the teacher model’s size at maximum to its own width at
minimum. Each layer’s width in these student models can
vary continuously within this range, positioning the weight
chain as a bridge connecting the teacher model to a spec-
trum of student models. At the bridge’s ends lie the teacher
model and the smallest expandable student model. By ex-
tending the weight chain to these two endpoint models and
training with ReID loss, gradients propagate back to the
weight chain. This approach trains only the two endpoint
models while providing indirect training for all intermediate
models. Like lifting a string of beads by their ends, training
the endpoints elevates all intermediate models in between.

3.3. Refinement of the Weight Chain
3.3.1. Row Clustering for the Weight Chain Initialization
The weight matrix of the teacher model encapsulates rich
knowledge, which effectively initializes the weight chain,
accelerating the refinement process. As illustrated in Figure
4a, at each layer, we cluster the weight rows of the teacher
model, setting the number of clusters to match the width
of the weight chain. The cluster centers, being representa-
tive and exhibiting smaller intra-cluster distances, initialize

the corresponding rows in the weight chain, facilitating pro-
gressive refinement and enhancing knowledge transfer.

In layers with residual connections, where outputs from
multiple layers are aggregated, we cluster these layers to-
gether to align the number of distinct feature dimensions
with the number of weight chain rows in each layer. This
enables us to initialize student models by summing the col-
umn weights in subsequent layers, effectively mimicking
the functionality of the teacher model.

For normalization layers, we directly share affine trans-
formation weights between the weight chain and the teacher
model, enabling a single row in the weight chain to corre-
spond to multiple affine transformation pairs. While these
parameters are few, they are critical for generating models
of varying sizes through different levels of merging. This
design also prevents student models from representing iden-
tical functions and stagnating in the same local optima.

3.3.2. Progressive Refinement of the Weight Chain

After obtaining teacher weight centers as initial weight
chain rows, further optimization is needed because these
centers, while representative, may not fully capture shared
functionalities and can be affected by noisy weights. We
employ a progressive refinement process by simultaneously
training the teacher model and the smallest student model
(S-Student), both constrained by the weight chain. The S-
Student shares the same width as the weight chain, enabling
the effective transfer of shared knowledge from the teacher
model to the weight chain throughout the training process.
Serving as a bridge, the weight chain connects the teacher
model with student models of all widths. By training only
the two models at either end of this bridge—the teacher
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model and the S-Student—we can achieve strong perfor-
mance across all intermediate student models.

Specifically, we use Mean Squared Error (MSE) loss to
tighten the clusters, aligning the weight rows more closely
in the same cluster within the teacher model:

Lref =
1

L

∑
1≤l≤L

1

Ml

∑
1≤j≤Ml

k∈I(j)
l

(Fl,k −FC
l,j)

2, (1)

where Fl,k and FC
l,j are the weight rows in the l-th layer of

the teacher model and the weight chain, respectively, and
I(j)
l indexes the clustered teacher weight rows associated

with the j-th row of the weight chain. To preserve essen-
tial ReID knowledge during refinement, we train the teacher
model using both ID loss (Lid) and hard triplet loss (Ltri).
The overall loss on the teacher model, LT , is given by:

LT = Lid(p
T ) + Ltri(f

T ), (2)

where pT and fT are the logits and features generated by
the teacher model, respectively. The overall loss function
on the S-Student, LS , is given by:

LS = Lid(p
S) + Ltri(f

S), (3)

where pS and fS are the logits and features generated by
the S-Student. It is important to note that the gradients de-
rived from the losses applied to the S-Student are backprop-
agated to the weight chain, thereby optimizing it.

The total loss, L, integrates the refining loss Lref with
ReID losses LT and LS to optimize the weight chain:

L = LT + LS + αLref . (4)

In ViTs, α is a progressive coefficient set as α = iter
n iter ,

with iter being the current iteration and n iter the total it-
erations. For CNNs, α is fixed at 1.

3.4. Student Generation with the Weight Chain
In this section, we illustrate the student model generation
process using the l-th layer of the student model as an ex-
ample, as illustrated in Figure 4c. In the teacher model,
the l-th layer has Nl rows, while the weight chain’s l-th
layer has Ml refined rows. If the student model requires Cl

rows in this layer (Ml ≤ Cl ≤ Nl), we stack refined rows
in the l-th layer of the weight chain proportionally to the
number of corresponding teacher weight rows to achieve Cl

rows. This results in a student-weight chain-teacher rows
matcher, where each student row corresponds to multiple
teacher rows. We then sum the weights of the correspond-
ing columns in subsequent layers to preserve similar func-
tionality as before merging. For the followed normalization
(γ, β) pairs associated with the same student row, we aver-
age these pairs to initialize the corresponding normalization
layer in the student model. This averaging retains the most
essential information from the refined features, enabling en-
hanced optimization in downstream scenarios.

Table 1. Results of transferring knowledge from ResNet50 to stu-
dent models on the Market1501 dataset.

Method Res-50-S1 Res-50-S3 Res-50-S5

mAP R1 mAP R1 mAP R1

Scratch 30.6 53.3 47.4 70.9 60.7 80.9
WTSel 48.5 72.3 63.0 81.5 84.1 93.0
KD++ 41.5 65.7 59.9 80.4 71.4 86.9
DepGraph 61.3 80.7 83.2 92.7 86.3 94.3
OSKT 75.7 89.4 84.7 93.3 87.6 94.5

Table 2. Results of transferring knowledge from ViT-B and ViT-S
to their respective two student models on the Market-1501 dataset.
Results are reported in terms of mAP/Rank-1.

Method ViT-S-S1 ViT-S-S2 ViT-B-S1 ViT-B-S2

Scratch 13.9/23.9 18.3/31.2 22.2/37.4 21.9/36.3
WTSel 41.0/60.5 54.8/75.1 16.8/31.7 58.7/78.2
KD++ 22.6/38.7 25.0/41.2 25.9/41.7 28.2/44.4
DepGraph 56.5/74.1 69.0/84.2 15.3/30.1 81.5/91.7
OSKT 74.2/87.1 77.2/89.0 81.6/91.9 82.9/92.4

4. Experiments

4.1. Experimental Designs

Datasets and evaluation metrics. We evaluate on three
prominent person ReID benchmarks: Market1501 [42],
MSMT17 [33], and CUHK03 [23], which are referred to
as M, MS, and C, respectively. Evaluation metrics include
Cumulative Matching Characteristic (CMC) and mean Av-
erage Precision (mAP), which are standard for comprehen-
sive performance assessment.

Teacher and student models. We leverage pre-trained
ResNet50 [15] from LUPerson [11] for CNN architecture
and pre-trained ViT-B/ViT-S from PASS [45] for ViT archi-
tecture, fine-tuning them on person ReID datasets as teacher
models. For ResNet50, we design six progressively scaled
student models (Res-50-S1 to S6), each doubling its prede-
cessor’s parameters, while establishing two student models
each for ViT-B (ViT-B-S1, S2) and ViT-S (ViT-S-S1, S2),
with detailed specifications provided in the appendix.

Comparison methods. Our study compares training from
scratch, knowledge distillation (using KD++ [32] for fea-
ture alignment and norm enhancement), model pruning
(evaluating DepGraph [10] for dependency-based group
sparsity and fine-tuning), weight selection [36] (referred to
as WTSel), and our OSKT, systematically assessing student
model performance across these methods.
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Table 3. Results of transferring knowledge from ResNet50 to student models. K.T.: knowledge transfer using the source dataset. F.T.:
fine-tune on the downstream dataset. k: # of student models. m: # of weight chains refined from the teacher model. In this table, m = 3.

Method Epoch Res-50-S1 Res-50-S2 Res-50-S3 Res-50-S4 Res-50-S5 Res-50-S6

K.T. F.T. mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1

M
S→

M WTSel - 100·k 41.3 64.0 54.6 76.5 60.1 80.2 73.1 88.5 77.4 90.7 86.1 94.0
KD++ 200·k 100·k 54.6 76.7 63.2 82.5 71.2 87.5 77.5 90.5 78.9 91.0 80.9 92.2
DepGraph 100·k 100·k 61.6 81.0 75.0 89.2 77.3 90.3 82.4 92.8 82.3 92.7 82.1 92.5
OSKT 100·m 100·k 72.3 87.5 74.4 89.6 82.6 92.6 82.9 92.7 85.6 93.9 86.1 94.1

M
S→

C WTSel - 100·k 16.6 15.5 24.8 24.6 22.2 21.3 38.9 40.1 45.1 45.5 68.9 71.8
KD++ 200·k 100·k 26.8 27.0 34.3 35.4 41.6 42.9 52.0 53.3 53.6 55.1 56.1 57.6
DepGraph 100·k 100·k 31.3 31.7 49.0 51.5 54.8 57.8 62.4 64.4 65.0 68.7 65.8 69.9
OSKT 100·m 100·k 45.7 47.3 49.2 52.2 62.5 65.1 63.1 65.8 68.6 71.7 69.8 71.6

M
→

C

WTSel - 100·k 18.0 15.9 27.4 27.1 28.0 27.9 45.3 47.4 55.0 56.9 65.7 68.3
KD++ 200·k 100·k 21.1 21.1 31.8 32.1 37.5 37.5 46.1 47.3 50.3 52.1 55.9 58.4
DepGraph 100·k 100·k 23.4 22.7 47.7 49.9 53.4 56.4 65.1 68.2 65.8 68.3 67.0 70.5
OSKT 100·m 100·k 44.6 47.4 47.9 50.9 60.9 64.1 63.5 66.5 68.0 70.6 69.5 72.3

Table 4. Results of transferring knowledge from ViT-S and ViT-
B to their respective student models under three across-scenario
settings. Results are reported in terms of mAP/Rank-1.

Method ViT-S-S1 ViT-S-S2 ViT-B-S1 ViT-B-S2

M
S→

M WTSel 42.8/62.9 55.4/75.3 15.8/30.5 60.0/79.1
KD++ 38.1/55.9 41.2/60.7 40.2/59.3 40.7/59.4
DepGraph 65.5/82.1 74.6/86.9 63.7/80.7 83.3/92.1
OSKT 76.5/88.7 79.0/89.7 82.1/91.9 83.0/92.0

M
S→

C WTSel 1.6/0.9 20.9/19.9 3.0/2.5 24.2/23.1
KD++ 15.8/14.1 17.9/16.6 18.4/17.1 20.5/18.7
DepGraph 46.7/47.9 59.4/61.3 41.1/43.1 71.0/74.5
OSKT 61.2/63.5 63.9/66.4 69.4/72.4 70.3/73.0

M
→

C

WTSel 1.7/1.4 20.8/19.5 2.5/1.9 5.2/4.5
KD++ 10.4/9.0 11.6/10.4 12.2/10.1 13.9/12.1
DepGraph 40.3/41.4 51.7/52.7 6.2/5.2 63.1/65.6
OSKT 49.3/50.9 51.3/52.9 59.4/61.7 61.9/64.4

4.2. Knowledge Transfer in a Single Scenario
We assess the efficacy of knowledge transfer from a teacher
model to student models using diverse methods on a sin-
gle dataset, subsequently comparing their test performance
on the same dataset. The results in Table 1 and Table
2 demonstrate that our method effectively leverages the
teacher model’s weights for knowledge transfer.

4.3. Knowledge Transfer across Scenarios
Cross-scene knowledge transfer initially leverages a person
re-identification dataset to perform knowledge transfer and
obtain a student model, followed by fine-tuning and eval-

Table 5. Cost of obtaining student models of ViT-S and ViT-B.
K.T.: # of epochs for knowledge transfer using the source dataset.
F.T.: # of epochs for fine-tuning on the downstream dataset. k:
# of student models. m: # of distinct-width weight chains refined
from teacher models. In Table 4, m = 1 for both ViT-S and ViT-B.

Method Teacher: ViT-S Teacher: ViT-B

K.T. F.T. K.T. F.T.

WTSel - 120·k - 120·k
KD++ 120·k 120·k 120·k 120·k
DepGraph 120·k 120·k 120·k 120·k
OSKT 120·m 120·k 120·m 120·k

uating the student model on a distinct downstream scene.
This is a common practice in real-world applications, as it
is often difficult to quickly obtain large amounts of labeled
data for training in downstream scenarios. Since knowledge
transfer typically involves transferring from a larger dataset
to a smaller one, we designed three cross-scenario trans-
fer settings: from MSMT17 to Market1501 and CUHK03,
as well as from Market1501 to CUHK03. For downstream
training, we employ the BoT [26] framework for ResNet
and adhere to the PASS [45] setup for ViT. As shown in
Tables 3 and 4, our method consistently surpasses others,
especially as the student models’ sizes decrease.

4.3.1. Convergence Speed

In Figure 5, we present the validation mAP curves for
student models over the first 100 epochs on downstream
datasets. Our method consistently surpasses others, offer-
ing reduced computational costs and enhanced efficiency.
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Figure 5. Convergence curves of student models generated by our
OSKT, compared to other approaches across diverse scenarios.
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Figure 6. Performance comparison under few-shot settings, with
each sampling ratio evaluated using five random seeds.

4.3.2. Few-shot Setting
In Figure 6, we present the results under settings using 10%,
30%, and 50% of IDs on downstream datasets. To ensure
the robustness of the experimental results, we perform five
random samplings of IDs for each few-shot setting.

4.3.3. Combined with Lightweight ReID Architectures
Our method demonstrates strong compatibility with mod-
ern lightweight ReID models. As shown in Table 6, we
validate its effectiveness using two state-of-the-art architec-
tures: OSNet [44] and MSINet [13]. We adopt the full-
size models as teachers and construct two smaller vari-
ants for each model with width multipliers of 0.25 and 0.5.
Pre-training is performed on MSMT17, with evaluation on
Market1501 and CUHK03, comparing results from scratch
training, pre-training, and our proposed method. Notably,
both OSNet and MSINet employ a lightweight building
block comprising a point-wise 1 × 1 convolution followed
by a depth-wise 3 × 3 convolution, which we cluster as a
single unit for weight chain initialization and refinement.

Table 6. Results of modern ReID models initialized with various
methods. Pre-training dataset: MSMT17. β: width multiplier.

β Params Method Market1501 CUHK03

mAP R1 mAP R1

O
SN

et
[4

4] 0.25 0.15M
Scratch 78.3 90.7 48.4 51.5
Pretrain 80.0 91.6 58.0 61.8
OSKT 81.8 92.5 60.6 63.6

0.5 0.56M
Scratch 83.7 93.4 57.9 60.6
Pretrain 84.7 93.4 65.9 69.1
OSKT 85.4 94.2 66.9 69.6

M
SI

N
et

[1
3] 0.25 0.17M

Scratch 81.2 92.7 53.3 55.7
Pretrain 81.8 92.5 57.7 59.9
OSKT 82.4 92.8 60.2 62.4

0.5 0.63M
Scratch 86.0 94.4 64.1 66.6
Pretrain 87.4 94.6 70.9 73.4
OSKT 87.9 95.0 72.8 75.6

4.4. Ablation Study

4.4.1. Ablation Studies of Alternative Settings

We design ablation studies focusing on the initialization and
refinement of the weight chain to provide further insights
into our framework. The results are shown in Table 7.
Leveraging weights from the teacher model. We replace
the method of utilizing weights from the teacher model with
randomly initializing the parameters of the teacher model
and then generating the student model according to Figure
4. The results are shown as in (a) of Table 7.
Method for initializing the weight chain. We substitute
the method of employing clustering to obtain weight cen-
ters for initializing the weight chain with two alternative
approaches: random clustering and inverse clustering, as
presented in (b) and (c) of Table 7, respectively.
Distance metric for clustering weight rows. In the above
experiments, for ResNet50, we clustered the weight rows
of the teacher model based on Euclidean distance, while for
ViT, we clustered based on cosine distance. By swapping
these settings, we obtain the results shown in (d) of Table 7.
Progressive refinement of the weight chain. After initial-
izing the weight chain using the teacher model, we omit
the refinement step illustrated in Figure 4b, with the results
shown in (e) of Table 7. During the refinement phase, we
eliminate the loss term LT from Equation 4. Consequently,
the weight chain is no longer influenced by the loss of the
teacher model but is solely driven by the gradients of the S-
Student’s loss LS . The corresponding results are presented
in (f) of Table 7. In the above experiments, for ResNet50,
the weight α of Lref is set to 1, while for ViTs, α = iter

n iter
serves as a progressive weight. By swapping these settings,

674



Table 7. Ablation of alternative settings in OSKT. Results are reported in terms of mAP/Rank-1.

Setting Single Scenario: M Across Scenarios: MS→C

Res-50-S1 Res-50-S2 ViT-S-S1 ViT-S-S2 Res-50-S1 Res-50-S2 ViT-S-S1 ViT-S-S2

Scratch 30.6/53.3 41.5/65.1 13.9/23.9 18.3/31.2 6.1/4.8 9.1/6.7 1.5/0.5 2.3/1.4

(a) rand teacher 54.7/76.5 58.2/78.9 33.0/50.5 33.9/52.1 28.2/28.2 30.8/30.9 14.5/13.0 15.8/14.1
(b) rand cluster 55.1/76.2 59.9/80.2 66.1/83.4 70.6/85.8 31.4/33.8 34.9/35.4 51.4/51.9 54.4/55.8
(c) inverse cluster 46.1/70.2 54.8/77.0 66.8/83.7 69.3/85.2 13.3/11.9 17.6/16.1 47.7/49.5 49.6/51.0
(d) distance metric 74.2/88.9 76.7/89.6 64.9/82.1 69.9/85.1 37.6/38.9 41.4/44.0 52.3/53.7 56.6/58.1
(e) w/o refinement 52.2/73.3 59.8/79.3 56.6/75.8 58.9/78.1 21.6/20.9 29.4/29.0 25.2/24.2 26.6/26.9
(f) w/o LT 62.7/81.2 64.0/81.5 64.4/82.0 65.4/82.9 34.2/35.1 35.4/37.3 44.8/46.0 45.9/48.7
(g) weight of Lref 75.6/89.4 77.1/89.3 73.8/87.3 75.2/87.9 45.5/47.4 48.0/51.1 59.1/61.2 60.0/61.9

OSKT 75.7/89.4 77.6/90.6 74.2/87.1 77.2/89.0 45.7/47.3 49.2/52.2 61.2/63.5 63.9/66.4
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Figure 7. Scalability of weight chains refined from ResNet50 on
Market1501. Each weight chain produces two models correspond-
ing to its own width and the subsequent weight chain’s width, with
the maximum inter-stage discrepancy denoted by “∆”.

we obtain the results shown in (g) of Table 7.

4.4.2. Scalability Analysis of Weight Chains
When the size range of required student models is large,
the weight chain’s parameter count becomes significantly
smaller than the teacher model’s, leading to inefficiencies
in generating larger student models. To address this, we an-
alyze the scalability of the weight chain, determining how
many chains are needed to maintain performance while cov-
ering a size range from small to teacher model size. Us-
ing ResNet50 with parameter counts spanning 1/64 to the
teacher model’s size, we present experimental results in Fig-
ure 7. We explore results using multiple weight chains, each
responsible for a specific width range. For a size span [a, b]
and s weight chains, the widths of the weight chains are
generated as a geometric sequence, with the common ratio
x determined by solving a · xs = b. For instance, given a
size span inplanes ∈ [8, 64] and s = 3, solving for x yields
x = 2, resulting in widths 8, 16, and 32 for weight chains.

(a) Cluster Visualization via T-SNE
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Feature
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 2

(b) Original and Refined Feature

Figure 8. (a) T-SNE visualization of the clustering and refining
results for the layer3.5.conv2 in ResNet50. (b) Features extracted
by filters from different clusters in the teacher model and their
corresponding refined filters in the weight chain.

4.4.3. Functional Analysis of Weight Chain Rows
We visualize the clustering and refining results of the weight
rows, as illustrated in Figure 8a. The features extracted
from the weight rows of the teacher model and their cor-
responding refined weight rows in the weight chain are pre-
sented in Figure 8b. Weight rows within the same cluster
and their refined counterparts tend to activate similar fea-
tures, as demonstrated by Cluster 1. Additionally, the re-
fined weight rows can effectively transform noisy activation
features into features containing discriminative pedestrian
information, as exemplified by Cluster 2.

5. Conclusion
This study introduces a novel approach for efficiently gen-
erating high-performance person ReID models tailored to
diverse resource constraints. Our OSKT meticulously re-
fines core knowledge from the teacher model into a weight
chain through a single computational pass, enabling the ac-
quisition of resource-adaptive models without incurring ad-
ditional computational costs in subsequent steps.
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